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Lay Abstract

There are millions of peoplglobally relying on private groundwatdo access
drinking water. Unfortunately, theseells come with many challenges includiagack of
governmentregulations and limited resources for maintenancenanagement, and

protection These challenges also result in an increais&df ilinessin privatewell users.

Groundwater research is often limitdny lack of numerical data making it
extremely difficult to understand hogroundwateand contaminants are transportédis
researchutilizes a large datasetith 795,023contaminatiorobservatios, 253136 unique
wells, and over 33 variablgse., well and aquifer characteristics, human behasjour

weatherrelated across Ontario, Canada between 2010 and 2017.

The work in this thesisitilizes a datalriven approachusing various machine
learning techniques combined with subject matter expertisecovertrends and insights
into when and how contamination events odecuprivate wells to both inform policy

makers and empower welkers.



Abstract

Millions of Canadiansely on private groundwater welis accessrinking waterwhich
preserg many challenges includirigck of government regulations, and limited resources
for maintenancemonitoring, management, and protection. Thehallenges result in an
increased risk ochcutegastrointestinaillness in private well user3.he goal of this work
is toimprove the understanding of driversiofcolifate and transpom groundwateusing
a datadriven approacho better inform wé owners and policy maker§pecifically,the
objectivesinclude exploratory analysisf the physical and human drivers pfivate well
contamination advaning the understanding of the relationshipetweenland useland
coverandE. colipresence in wellsassessmerlf rainfall intermittencypatternsas a driver
of contaminationas analternative to standard lag timeand, the develgppmentof data
driven explanatory models f&. coli contamination in private welkhat movetowards a
novelcoupledsystems approach.

This research utilizes a large datasith 795,023 contaminatioobservations, 253,136
uniqgue wells, and over 33 variabldge., microbiological, hydrogeological, well
characteristianeteorologicalgeographial, and testing behaviopacross Ontario, Canada
between 2010 and 201Data used includethe Well Water Information Databasevell
Water Information SystejrDaymet, Provincial Digital Elevation Model, Ontario Land
Cover Compilation Southern Ontaridland Resource Information Systerand Roads
Network Dataanalysiamethodsangefrom univariate and bivariate analysestpervised
and unsupervised machine learning techniguesuding regression, clustering, and
classification.

This work has contributed important understandings afdlagionship$etweerk. coli
contamination andwvell and aquifer characteristics, seasonalitweathey and human
behaviour Specifically, increasedvell depthreduced, but did not eliminate, likkbod of
contamination wells completed in consolidated materiaicreased likelihood of
contaminationthe most significant driver of contaminatioras identified asand use-
land coveywhich wascategorizednto four classesf E. coli contamination ptential for
wells, ranging from very high to lowlatitude was found to drive seasonality and
consequent weather patterns, legdto the creation of geographicalhased seasonal
models liquid water (i.e., rainfall, snow melt) waskey driver of contamation,where
increased watergenerally increased presencef E.coli while causing decreasing
prevalencetfime of year not habit,drove user testing, generally peaking in Jalyd a
surrogate measure of well user stewardship was identifiddwasg time to closest drep
off location Further, his work has contributednethodological advancements in
identifying drivers ofgroundwater contaminatiaoncluding utilizing literature confidence
ratings alongside regression analyses to supply gitat#irection to policy makers
demonstrating thealue oflargedatasets in combination withnovative machine learning
techniques and subject matter expertiseto identify improved physicallybased
understandings of the systeandhighlightingthe needor coupledsystems approaches
asphysical models alongo not capturétuman behaviodbasedactors of contamination
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1.1  PrRIVATE WELLS USERS ANDGROUNDWATER QUALITY

It is widely believed that raw water obtained from a groundwater source is safer than
surface water sources due tiee natural filtration that occurs, which can attenuate
particulate contaminantsWhile these protective attenuation mechanisms are often
effective, groundwater may still become contaminated and therefore pose health risks
(Charrois, 2010; Murphy et al., 201 Aithough not all microbiological constituents found
in groundwater are hazam® to human health, those that are, knownwaterborne
pathogens, are typically fecal basedginating from livestock, wild animals, and humans

(Medema et al., 2004)

When infected by a waterborne pathogen, a person may experience a variety of
symptoms that are collectively referred to as acute gastrointestinal illness (AGI). In general,
Norovirus Cryptospridium spp., Giardia lambia, Campylobacter jejuni, Salmonella
erterica,andpathogenid. colicontribute the largest portion of all waterborne illnesses in
North America(Murphy et al., 2017; Soller et al., 2010¥hen assessing the impact of
groundwater on public healtk, colihas been deemed the primary indicatbdrinking
water quality and safety due to its presence in the faeces of all manmeajsensive
testing methos| and its survivability in a range of drinking water conditi(lggberg et al.,

2000) While not all E. coli is pathogeni¢ the strains oft. coli that arecan cause
gastrointestinal upseind in more serious cases, bloody diarrhea and haemolytic uremic
syndrome (HUSJ]Soller et al., 2010)iIn North Americachildren under the age of ten are

most likely to contract HUS after being infected wigh coli, which can cause serious
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complications such as kidney failure, stroke, inflammatory colitis, or heart problems

(Bhandari & Sedhai, 2022)

Private well users rely on groundwater for their domestic water supplyhase
private wells are unregulated by the government in Canada. This leaves well stewardship
to the welBs user,meaningthat they face a greater health risk than those who rely on
municipally treated waterAn estimated 4.1 milliorpeopleliving in Canadarely on
privately owned and maintained groundwater supplMarphy et al., 2016}hat are
outside government regulation and oversig@overnment of Ontario, 2018)t is
estimaed that three million people rely on private wells for domestic water in Ontario alone
(Kreutzwiser et al., 2010)Historically, approximately 66% of Canadian waterborne
disease outbreaks originated from privately owned wells or small municipal systems
(Schuster et al., 2005)which may be due to limited resources for maintenance,

management, and protection strategiRisera, 2017)

1.2 FATE AND TRANSPORT  MECHANISMS DRIVING GROUNDWATER
CONTAMINATION
While there are many fate and transport mechanisms that drive groundwater
contamination, the main factors explored in this work include weather and clinatsi
sources and concentrations, hydrogeological conditions, well characteristics, and human

behaviour Figurel-1).
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Figure 1-1: Transport mechanisms drivingE. coli presence in private wells considering a coupled
systems approach explored ithis work .
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1.2.1 Seasonality, Weather, and Climate

Seasonality is the cyclic and predictable fluctuations in the environment driven by
theeart hdéds orbit around t hecals gengraphia kactorsgy i
(Lisovski et al., 2017)Local weather and climate (e.g., temperature and precipitation)
driven by seasonality is an important consideration of contaminant fate and transport. Some
ways in which seasonality drives the fate and transport of groundwater contaminants
include variaibn in precipitation leading to seasonal changes in groundwateafomell
assurface runoff and variation in temperature leading to seasonal changes in precipitation

form and overburden permeabiliiilayashi et al., 2003; Pejman et al., 2009)

Due to he large spatial extent of Ontario, Canada, the study area of this work,
seasonality exists in four distinct and predictable seagomger, spring, summer,
fall/autumn) with each offeing their own nuances when considerikg coli fate and
transport in goundwater. Ontario winters are cold, with precipitation often falling as snow.
Springs are often more unpredictable with temperatures beginning to increase above zero
resulting in frozen liquid, and mixed precipitation occurring in conjunction thigthaw
of snowpacks and river and lake ice. The large areal extent also means that there is
significant variation in the timing of freeze and breakwupen comparing latitude
(OMAFRA, 2020) Summers are often hot and humid, particularly in southern Ontario,
with the potential for significant summer storms generasiagstantialrunoff events.
Fall/autumn seasons are often cool with precipitation falling as rain or snow. This
uncertainty and complexity results in an increased risk to private well users, with hea

precipitation events, snow melt, and vdey patterning tied to acute gastrointestinal illness
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(AGI) in humangde Roos et al., 2020; Kraay et al., 2020; Namugize et al., 2018; Whitman

et al., 2008)Hereafter spring and autumn will be considered tdgegtas the shoulder
seasons experiencing mixed precipitation. Again, due to the large spatial extent of the study
area, there is a need to identify the onset and cessation of the four distinct seasons based

on the geographic location within the province.

Rainfall is a key transport mechanism of groundwater contamination that mainly
occurs in Ontariobs s uamfalleeventshavel beentiemidolad er S ¢
increasd likelihood of drinking water source contamination, which is associated with the
occurrence of diarrhea in consum@Esriton et al., 2014; de Roos et al., 2020; Gleason &
Fagliano, 2017; Jagai et al., 2015; Kraay et al., 2020; Levy et al.,.A04® speifically,
rainfall after a dry period has been linked to an increase in diarrhea occurrence, while
rainfall after a wet period was found to be protective against diaftlees et al., 2016)

The higher likelihood post dry period has been associatedwite A concentrati o
a flushing of pathogens that have accumulated on the (Hrahy et al., 2020)
remobilizing them through the surface and groundwater sys(eew et al., 2016)
Conversely, the lower likelihood caused by rainfall after a weibd is attributed to the
Adilution effecto, i n which pathogens on t
mobilized and are diluted by recent, prior rainféllsevy et al., 2016)These relationships
demonstrate that intermittency, a core charastierof rainfall patterngTrenberth et al.,

2017) plays an important role in introducing waterborne pathogens to drinking water

sources, including wells.
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I n Ontariobs winter season in particul a
andis more likdy to be present as temperatures fall bel6®.0Frozen ground and snow
presence can be protective against groundwater contamination as reduced infiltration and
groundwater flow, due to saturatedoartially saturatedoil freezing and creating ice filled
pores, resduiihg in decrease#. colioccurrence and transpg@@harron et al., 2004; Hayashi
et al., 2003) Conversely, during snowmelt events (typical in shoulder seagon)li
becomes remobilized and groundwater transport rates rapidly increasarnitreased soil
saturation (Jonsson & Agerberg, 2015; Khaleel et al., 1978hese relationships
demonstrate the importance of understanding the change in snow presence, whether a melt
or accumulation event is occurringhich will either protect against or promoEe coli

transport.

1.2.2 E. coliSources

E. coli contamination of groundwater requires the presence &:. awli source.
Some typical sources &: coliinclude leaking septic tanks, mandorased fertilizers, and
domesticand wild animal wasteLand Usei Land Covers I(ULC) classesare useful
proxies because they can be uasa proxy fothe human and animal activity in an area,
which are indicative ofE. coli sources, as well as represent potential transport
characteriscs based on the typical physical environm@nusek et al., 2018; Gregory et
al., 2019; Jabbar et al., 201®psbral and agricultural LULCs are associated with a high
prevalence oE. coliin groundwater as a result of fertilizing fields with manure and the
presence of livestocfDusek et al., 2018; Jabbar et al., 2019; Petersen & Hubbart,. 2020)

Urban LULCs are associated with a high prevalende. aoli in groundwater due to the
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higher @currence oentities likedomestic animals, leaking septic tanks, and presence of
wastewater treatment plar(tdua, 2017; Jabbar et al., 2019; PaMlercado et al., 2016)
ConverselysomeLULCs are believed teffectively removee. coli, such as wetlandslue

to their vegetation with antimicrobial properties and soils with natural filtration properties
(Dordio et al., 2008)However, consideration and assessment of other LULCs, such as
scrubland, disturbance, and bedro@kso typically associated with loweE. coli
prevalence, are not present in the literature, making it difficult to achieve a strong

consensus.

1.2.3 Hydrogeology

One of the primary drivers of pathogen transport into a isete local hydrogeology

More specificlly, stratigraphy can be used to explain and better understand the
mechanisms or pathways of contaminant transport in ground{kteds et al., 2014 At

the highest level, stratigraphy, the types of rock from the various layers that make up the
overall geology of a region, can be categorized as consolidated or unconsolidated material.
Generally, the presence of unconsolidated material is considered protective Bgedist
contamination in groundwater wells due to their slower transport rates and the opportunity
for natural attenuation to occ(Wiebe et al., 2021)Bedrock(consolidated)wvells with
minimal overburderfunconsolidated material near the surfeare) more likef to become
contaminated due to the lack of soil available to filter pathogens before theypotactial
fractures or channetsiten associated with bedro&onboy & Goss, 2000; Latchmore et

al., 2020) Considering consolidated stratigraphy more clgsehgells located in

sedimentary rock (e.g., limestone or dolostone) were at a higher risk of contamination due

8
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to the increased likelihood of fractures and solution channels to be present, versus their
metamorphic (e.g., granite or gneiss) counterg@adntoy & Goss, 2000) Relating
stratigraphy withE. coli contamination events has been difficult in the past due to a lack
of data,sinceconstructingmonitoring wellsis often expensive and time consuming. Thus,

there is opportunity to improve the understagddf this relationship.

Beyond geology, specific capacklpy. measur e of t h-ewanweldsddas pr o
a proxy to better understand the transport rate of groundwater around a well. Wells with
higher specific capacity are typically in an aguivith higher transmissivity, representing

an area with increased transport rates, which could result in increased contamination
potential due to lower opportunity of natural attenuatighirim & Nwankwo, 2010)

Conversely, a well with lower specific gty may result in limitations to the well user

due to decreased groundwater flow but may decrease riskaoli contamination. While

specific capacity has been used in groundwater potential mafitaugam et al., 2020;

Muleta & Abate, 202Q)its use incontaminant transport related applications has been

limited.

1.2.4 Well Characteristics

Well characteristics impact the physical integrity of the well and thus influEnceli
ingress(di Pelino et al., 2019 Some characteristics include well depth, casing diameter,
and casing material, often driven in part by the drilling method required for a location or
the standards or best practices when a well was estab{ldhgds et al., n.d.)Three main

well constuction methods include dug wells, driven wells, and drilled wells, each with

their advantages and disadvantages. Dug wells typically have large casing diameters and a

9
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shallow depth, tapping into shallow aquifers. While these veglisproduce from less
permeable materials, they are more susceptible to contamination as they are more likely to
be under the influence of surface water and more likely to rugUB®%S, 2018)Driven

wells are smaller in diameter, but also very shallmaning that, likelug wdls, they are

also more susceptible to contamination. Finally, drilled wells are the most expensive to
install but have a smaller diameter and can be very deep. These wells relieve some concern
for contamination as they are unlikely to be under the dinfictence of surface waters
(Harris et al., n.d.; USGS, 201&ue to this reduced concern, well usgygcally assume

that deep wells are protected from contaation(Kreutzwiser et al., 2010)

1.2.5 Human Behaviour

Understanding human behaviour towardslwtdwardship is a crucial component
in helping to reduce the presence Ef coli in wells. While this relationship is not
necessarily a direct driver of contamination, it can inform and explain certain physical
variables like well condition, well characigtics, well protection and intervention
strategies, and can be important in linking well contamination to illness in consumers.
Water quality testing is criticasit is the only way to characterize wellater quality,
which provides importaninformation for both well stewardship practices and human
health protectionPrivate wells have historicallgeenundertested, often not even being
tested once per yefifreutzwiser et al., 2010; Maier et al., 2018his limited testing may
be attributal® to complacency (e.g., history of nadverse sample results or no
concerning colour or odour), no experience of adverse health effects, or inconvenience

(e.q., limited hours at sample drop off locatio(igyik, 2015) For exampleQayyum et

10
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al. (2020) bund thatvell userghat received an initial negative index test (not containing

E. colior total coliforms) retested 64% of the time, compared to a 74% retesting rate when
the initial index testvaspositive (containinge. coli or total coliforms).Thereare many

factors impacting the testing practices of private well users and it is imperative that
rationale is better understood to increase well user safety and increase data acquisition rates
for further research to be done. Once testing trends are betterstoodincreased well

user outreach will improve knowledge, attitudes, and practices with respect to well
sampling and testing to move well user sanm
(Latchmore et al., 202®f E. coli contamination event®ot only can improved well
stewardship work to better protect the well frémn coli contamination, but it can also
improve researchers' knowledge of well responses to both human and enviednment
variables through increased testing.( increasing data points). For this reason, moving
towards a coupledystems approach for well contamination can have a significant impact

on overall well health.

1.3  SITE DESCRIPTION T ONTARIO , CANADA

The geographic scope of this work is Ontario, Caisas@tondargest province,
covering more than one million square kilometers. It extéms approximately 42°N to
57°N latitude and from 75°W to 95°W longitudehémpsonet al.,2000. The greatest
LULC categores by areal extenin Ontario are agricultural/pastoral, urban, doksts

followed by wetlands and scrublands (Figl#2A).

Ontario has a population of over 14.5 million peopleda 1.3% growth rate in

2021),with more than 85% limg in urbancentres predominantlyn cities surrounding the

11
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Great LakegFigure 12B) (Douglas and Pearson, 2022). Key population hubs include
cities in central Ontario such as Toronto and Hamijlsmuthwestern Ontarimcluding

London and Sarnjaastern Ontario including Ottawa and Kitggs and northern Ontario
including Thunder Bay and Sault Ste. Marie (Government of Ontario, 2023). The median
age of Ontarians is approximately 40 years, and life expectancies are 79 years for men and

84 years for women (Government of Ontario, 2023).

Geobgically, Ontario exhibits diverse landscapes, ranging from the Canadian
Shield, comprising most of northern Ontario and housing large mineral deposits (generally
unsuitable for agriculture), to the sedimentary limestone, shale, and sandstone underlying
sauthern Ontarig(Figure 22C) (Hillmer et al., 2023)Ontario experiencefour distinct
seasons representirgignificant climate variations throughout the yemith notable
regional variationsFor example, the most northerown in Ontario, Fort Severncan
expect a meawinter temperature 620°Cand a mean summer temperatur@3fC versus
themost southern city in Ontari&jingsville, which can expect a meaminter temperature
of -3°C and a mean summer temperatur@iC. Similarly, snowfallamounts also vary
regionally, wheresignificant amounts of snowfall can be expected within the Snow Belt of
Ontario (e.g., Owen Sound, Parry Sound, Sault Ste. Marie), receiving in excess of 250 cm
annually, whereas more southern areag.( Toronto, Hamilton) receive only 150 cm

annually (Hilmer et al., 2023).

In addition to its diverse climat@ntario is a province known for its diversity
other areas agell including but not limited toa range ofociceconomic statysand use

land covers, and population densitigéis diversity gives rise to a compleoupled

12
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systemthat affects the over 4 million Ontarians relying on private well water differently

based on their geographic location and the@ata characteristics.

13



Ph.D. Thesi§ K. White McMaster Universityi Civil Engineering

Major LULC Category
Agri/Past =
Urban =
Agg Mine |
Open/Bareland Il
Scrubland
Disturbance
Bedrock
Forest
Wetlands
Grasslands
Water

ENEEER

s - o p "'._-,
PopulksBon Dene By i

[Jaeowon

Jawioem Outwarsh Depostt b s A5

assme Otgane Daposi - % e ,

[ Badiock — s Bt o 3

[ v e Greound Marnsrw f

[ B l End Mormne " ~ ‘}
Escurprment -~ g“ -

[ 1] Baach ans Awctan Degesit "-’ P

[ poee. > H Esher J-_ﬁi‘

-r.ir SAOOD Lacusinne Depost

[ B Umestone and Shale Flain =

Figure 1-2: Ontario maps depicting: AT Major LULC categories in Ontario (White et al. 2022), Bi Population Density(Statistics Canada, 201}
and Ci Surficial Geology Thompsonet al. 20®).

14



Ph.D. Thesi§ K. White McMaster Universityi Civil Engineering

1.4  RESEARCH OBJECTIVES

The understanding of the fate and transport mechanisms of pathogens driving
groundwater contamination is often lacking due to data limitation caused by high data
acquisition costsThe goal of this research is to improve the understanding of the drivers
of private wellcontamination, specifically explorirtg. coliin an Ontario, Canada context.
To achieve this, analyses move towards a cougystems approach utilizing innovative

datadriven machine learning techniques. Key objectives in this work include:

1 Better understand the drivers of, andependentelationships between, the physical
environment (i.e., climate, well and aquifer characteristics, locatorpli presence,
and human behaviour (i.e., sampling behaviour) in wWEll&apter 2)

1 Expand and improve upon existing knowledge of driver& .otoli presenceand
concentrationn wells, and identify surrogatmeasures for these drivatat improve
access tanformation(Chaptes 3 and 4) and

1 Move towards a holistiseasonallbasedcoupledsystens model by including both
physical (i.e., weather and climate, well and aquifer characteristics, LULC) and human
behaviour (i.e., testing behaviour, impactsda¥ing time tq and hours of operation
of, testing dropoff locations) variables in an explanatory model explofthgcoli

presence in private wel({€hapter 5)

This workexploreghe human and physical driverskafcolicontaminationn private
wells, utilizing innovative machine learningdieniques, moving towards the development
of a coupleesystems modeRAdditionally, amethod was developed to integrate regression

and literaturebased findings to assign a confidence rankimgthe variablefiE. coli
15
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contaminati on potenti al cl asseesultinpanra pri va
informative map r@asterfile) accessible to thpublic. Weather variables (i.e., aw, rain,

snow and rainin explanatory egression models weassigned to seasonal modati§izing

a novel approach &easonal delineationsmoving past standard seasonal delineaterms,

summer runs fromJunei August) towards alatitudinal climate dat-driven approach

allowing for varying seasonal onset and cessation based on snow melt pafteens.
innovative methodsutlinedin this workaregeographicallytransferable and can be used

to uncover more invaluable trends across vastly different climatgls, practices and

social demographicslhe trendsand key variables identified ithis work will inform

policy andgroundwater managemestrategies andmpower well users to improve their

ownwell stewardship.

1.4.1 Thesis Outline
This thesis includes six chapters. Chapter 1 introduces the current reliance on
private drinking water wells and stadé-knowledge of key well contamination drivers. It

provides ayeneral context for the research and outlines the research objectives.

Chapter 2 presents a study to introduce an Onbmsed private well dataset and
better understand drivers of, and relationships between, climate (seasonality), well and
aquifer chareteristics (geology, well depth), sampling behaviour (frequency, timing), and
E. coli (presence, concentration)his chapter also introduces novel application of
supervised machine learning techniquexiluding Generalized Additive Models of
Location, Scale, and Shap&AMLSS) and Association Rule Analysis, to improve the

state of datalriven models. This work is published in the journal of Water Research.
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Chapter 3 contributes a new raster dataset depicting a spatial distribution and
relationship ofE. coli contamination potential in groundwater wells based on Land Use
Land Cover (LULC) classes in Ontario. This work utilizes LULC as a surrogate measure
of E. coliloading and transport in the subsurface. Contamination potential classes were
determined by evaluating the agreement between existing literature andrideta
models. Datasets are published in the Federated Research Data Repository, the associated

manuscript has been submitted to Applied Spatial Analyses and Policy.

Chapter 4 preents a study exploring the possibility of moving beyond fixed rainfall
lag times toward rainfall intermittency patterning to predictcoli presence in private
Ontario wells. This work uses an array of supervised and unsupervised machine learning
techniques to improve the understanding of rainfall as a potential driver of well
contaminationThis workwill be submitted taJournal of Weather and Climate Extremes

by August 2023

Chapter 5 is an extension of Chapters 2 through 4 combining relevant previously
explored contamination drivers and new potential drivers, moving towards a coupled
systems approach. Explanatory models were split into geographically unique seasons (i.e.,
winter, summer, shoulder) to explore both physical (land characteristics, watlydéow
accumulation and well and aquifer characteristics, weather) and human variables (testing
hotspots, drive time to closest sample dofidocation) in one holistic modelhe purpose
of this culmination is to account for all major processes apdesent both physical and

human systems in order to supply key takeays for private well users, policy and

17
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decision makers to improve well stewsingp. This work will be submitted tdVater

Researcloy August 2023

Chapter 6 is a summary of the main dosons as well as recommendations for

future research.
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Summary of Paper 1:Exploration ofE. coli contamination drivers in private drinking
water wells: An application of machine learning to a large, multivariablespatc

temporal dataset, by K.White, S. DicksAnderson, A. Majury, K. McDermott, P. Hynds,
S.R. Brown, and C. Schustéfallace, Joumal of Water Research, 197,

doi: 10.1016/j.watres.2021.117089, 2021.

Summary:

This research sets the stage for the rest of the tAdsswork usessupervisednachine
learning approads GeneralizedAdditive Models for Location, Shape, and Scale
(GAMLSS) and Association Rule Analysis (ARAQN a large Ontaribased private well
dataseto begin the processf finding connections between physical factavell testing
practices, well characteristics, aidcoli contamination private well§ he results bthis

demonstrated:

1 Consensus with existing literatucenfirms the validity of the novel approach of
utilizing supervised machine learning algorithms, IBAMLSS and ARA to
explain contamination events in private welgile still highlighting the ned to
couple findings with disciplinary expertise.

1 Some key independent variables for the explanatioi.ofoli contamination
events includedwvells completedin consolidated material experiencing gezat
likelihood of contaminationyhile increased well deptdecreases likelihood of
contamination it does not eliminate likelihoathich representa requirement for

well users to remain vigilanhumanbased testing patterns are atigning with
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periods ofincreased contamination occurrences.
1 The need forfurther exploration of seasonal delineatiomsteorologicabased

variables, and impacts of human behaviour trendselhcontamination events.
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2.1  ABSTRACT

Groundwater resources are under increasing threats from contamination and
overuse, posing direct threats to human and environmental health. The purpose of this study
is to better understand drivers of, and relationships between, well and aquifer
charactestics, sampling frequencies, and microbiological contamination indicators
(specificallyE. coli) as a precursor for improving knowledge and tools to assess aquifer

vulnerability and well contamination within Ontario, Canada.

A dataset with 795,02#&icrobiological testing observations over an eigésr
period (2010 to 2017) from 253,136 unique wells across Ontario was employed. Variables
in this dataset include date and location of test, test regultso(i concentration), well
characteristics (Wedepth, location), and hydrogeological characteristics (bottom of well
stratigraphy, specific capacity). Association rule analysis, univariate and bivariate
analyses, regression analyses, and variable discretization techniques were utilized to

identify relationships betweds. coliconcentration and the other variables in the dataset.

These relationships can be used to identify drivers of contamination, their relative
importance, and therefore potential public health risks associated with the useatd priv
wells in Ontario. Key findings are thaf bedrock wells completed in sedimentary or
igneous rock are more susceptible to contamination evéntgjile shallow wells pose a
greater risk to consumers, deep wells are also subject to contaminatits awipose a
potentially unanticipated risk to health of well users; amylwell testing practices are
influenced by results of previous tests. Further, while there is a general correlation between

months with the greatest testing frequencies and otrat®ns ofE. coli occurring in
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samples, an offset in this timing is observed in recent years. Testing remains highest in July
while peaks in adverse results occur up to three months later. The realization of these trends

prompts a need to further expdathe bases for such occurrences.

Keywords: Private Drinking Water, Groundwatét, coli, Testing Trends, Large Dataset,

Machine Learning

2.2  INTRODUCTION

Globally, groundwater resources are in high demand for agricultural, domestic, and
industrial purposeDver 50% of the worl doés popul ation
drinking water, while 35% rely solely on groundwater for all domestic use. Groundwater
resources have become a casualty of these competing demands, resulting in an estimated
20% of aquifes being ovewexploited (UN Water, 2015). Owexploitation creates
additional challenges beyond the loss of water supplies, including saltwater intrusion, loss
of wetlands and springs, and land subsidence. Poor aquifer, waste, and wastewater
management pesadditional threats to groundwater through contamination by chemicals,
radionuclides, and microorganisms. Once contaminated, remediation is particularly
challenging due to large water volumes, long residence times, and physical inaccessibility
of aquifers(Foster and Chilton, 2003). Where groundwater is still available for use, this
ongoing ovetexploitation and contamination introduces a cause for urgency in managing

groundwater supplies more effectively, particularly for human health.

An estimated 22% foCanadians rely on groundwater for their domestic water

supply (Murphy et al., 2017; Rivera, 201With 12% (~ 4.5 million) relying on privately
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owned and maintained groundwater supplies (Murphy et al., 2016) that are outside
governmental regulation andversight. In the Great Lakes system, groundwater is
considered the sixth great lake (Fong et al.,, 2007); however, ongoing microbiological
groundwater contamination within the Great Lakes system (Fong et al., 2007) threatens
public health. The combinatomf heavy reliance on this 6si
water source, evancreasing contamination, and lack of governriemosed regulation

for private systems present significant public health challenges. Historically,
approximately 189 of 288 reged Canadian waterborne disease outbreaks occurred in
privately owned wells or small drinking water systef@shuster et al., 2005), this leaves
approximately 2.9 million Canadians at risk due to reliance on these systems (Murphy et
al., 2016).Challengesfacing private and small systems include limited resources for

maintenance, management, and protediiRinera, 2017), and lack of regulation

Microbiological groundwater contamination events occur periodically across space
and time resulting in sporadpatterns of acute gastrointestinal illness (AGI) caused by
consumption of contaminated water. These cases of AGI are difficult to track even in high
income countries, not only due to their sporadic nature, but also significanirepdeing
as individuas rarely seek medical attention (Murphy et al., 2058 difficulties in
confirming the exposure pathway (Schuster et al., 208%)such, the number of actual
groundwaterelated cases of AGI is generally assumed to be significantly higher than
reported(Murphy et al., 2016)To effectively mitigate these events and reduce risk, it is
crucial to determine how and when pathogens are entering and travelling through the

groundwater system. The four main factors impacting the fate and transport of
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microbiological contaminants in aquifers are weather patterns, hydrogeologic conditions,
presence of a source of microbiological contamination, and well conditions (location,
construction, and maintenande)06 Dwy e r e Escharichia,coli(E. @dl) 8sused

as a standard indicator for faecal contamination. Any contamination risk can be mitigated
or exacerbated through human behaviours and practices, including well maintenance, water
guality testing, water treatment, and water consumption patteéique¢2-1) (Di Pelino et

al., 2019).

Q
in Well

3 - Well |
Characteristics |

drogeology

2oyt shetieoli]®

Figure 2-1: Fate and transport mechanisms drivingE. coli concentrations in private wells (i.e.,
contamination risk) considering a coupledsystems approach, adapted from (Di Pelino et al., 2019),
where numbered text represent drivers used to develop explanatorgodels.
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The health risks associated with depenéeo drinking water wells, combined
with the increasing potential for groundwater to become contaminated, present a risk that
most private well users are unaware of, and unable to access information on, beyond
individual well sample results (Di Pelino ét,2019; Kreutzwiser et al., 2010). As such, a
need exists to improve our understanding of groundwater susceptibility and human health

risk models.

This study uses a dathiven approach to modelling groundwater fate and
transport. These approaches hewetributed to the understanding of contaminant transport
in groundwater (Buckerfield et al., 2020; Knoll et al., 2019) and reduce computational
requirements when compared to proeeased models (Castalletti et al.,, 2012). Pata
driven approaches have baged successfully in modellirigy colibehaviour in fractured
rock environments (Yosri et al., 2021), predicting groundwater nitrate concentrations
(Knoll et al., 2019), identifying solute transport pathways in fractured aquifers (Yosri et
al., 2021), andharacterizing uncertainty in coastal plain watershed systems (Samadi et al.,

2018).

The goal of this study is to better understand drivers of, and relationships between,
climate (seasonality), well and aquifer characteristics (geology, well depth))irsgmp
behaviour (frequency, timing), ariel coli (presence, concentration). This is undertaken
through a novel application of supervised machine learning techniques, namely GAMLSS,
to a large dataset capturing both hydrological and microbiological variailgsivate
wells. These variables aoellectivelyassessed within explanatory models as a precursor

for improving understanding of aquifer vulnerability to contamination and assessing well
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water quality. This work builds on Latchmore et al. (2020), Wwimdlividually assessed
geology and testing frequency to inform testing recommendations for private well users

within a health risk framework.

2.3 METHODS

2.3.1 Dataset

The analyses in this paper have been undertaken using an Gpegibc groundwater
dataset tht consists of 795,023 well sample observation2%&;136 unique private wells
that have been tested 1 to 446 tirbeswveen 2010 and 2017, inclusive. The dataset was
created through the amalgamation of Ontar.i
and Well Water Testing Database (WWTD). More information on these databases can be

found in Latchmore et al. (2020).

Parameters in the dataset are describetlainle 2-1, along with additional relevant
dataset information and generated -sldssifications for selected variables, established
according to criteria in the literature for the purpose of these analyses. The specific
classification methods are presentediB.l. These sufclassifications are used in lieu of,
or alongside, discrete values in some analyses to fit regulatory definitions or account for

uncertainty.

2.3.2 Data Processing
While the original dataset was assessed for quality as described by Latchrabre et
(2020), additional cleaning, data conversion, and-cdassification Table 2-1) were

required to enable the assessment of factors driving the presdhceotiin private wells
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in Ontario, as described m2.1. Only observations associated with wells that were in use
and classified as domestic or multiple use including domestic in the dataset were included
in these analyses. To better understand potential relationships, selected continuous
variables were cladsed into data bins to account for uncertainty in the data (e.g., specific
capacity,E. coli concentration) or to align variables with well regulations, standards, and
recommendations (e.g., well depth, testing frequency). In the instance of well ddpth, we
regulations and data distribution were considered to ensure categorical bins were evenly
distributed. Latitude and longitude are utilized as gradients over space rather than point

locations. As such, they have been disaggregated intaégitée bins.

Table 2-1: Description of variables containedwithin the mergedWWIS and WWTD dataset,including
sub-classificationsderived for the purpose of theseanalyses.

Parameter Description Subclassifications derivedf
current analyses

Well Use Intended use of well water (Domestic, Domestic and Multiple Use
Agriculture, Livestock, Commercial, including Domestic
Public)

E. coliResult Number ofE. colireported in sample by nondetects (ND): O

laboratory. Laboratory Reporting Range Category 1: 110
07 80 CFU/100 mL Category 2: 150

Category 3: 51+
Total Coliforms (TC) Number of TC reported in sample by No Significant

Result laboratory. Laboratory ReportinggRge:  May Be Unsafe to Drink: > 5
07 80 CFU/100 mL
Location Location of well geographically, in Binned into0.5-degreeranges

longitude and latitude
Date of Observation Date of water sample collection

Geological Stratigraphy of geologic formation in Consolidated (further categorisec
Formation which well is situated (originally recorder as igneous, metamorphic,
in ft) sedimentary) (Se€able A2-1)

Unconsolidated (further
categorised as high, medium, low
permeability) (Sed able A.2
2)
Pump Test Information recorded from pump test Specific Capacity (GPM/m) =

includes static water level, water level  Pumping Rate/Drawdown

after pumping, pump test rate, and pum|
Low (0-<3.3 GPM/m)
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test duration (originally recorded in Moderate (3.3 16.4 GPM/m)
GPMI/ft) High (>16.4 GPM/m)
Well Depth Distance from ground surface to bottom Shallow/Moderate (< 12.5 m)
of well (originally recorded in ft) and Moderate 1 (12
classification of well depth Moderate 2 (18
Moderate 3 (24
Moderate 4 (31
Moderate 5 (41
Deep (O 61 m)
Date of Well Year well construction was completed
Construction
Status Qualitative microbiology comments base
on laboratory processj of the sample
(SeeTable A.23)

2.3.3 Statistical Analysis

Probability of E. coli contamination in Ontario private wells was investigated with
respect to seasonality, geological formation, and well depth, using numerous data
exploration and visualization techniques. The specific capacity was calculated based on
pump test data in the deset (Seéd2.1). To assess changes over time, trends were explored
based on intraand interannual patterns at different temporal resolutions. These
resolutions include monthly, annual, and the entire study period. Note that 0.06% of wells
account for apmximately 20% ofE. coli test results because of the large number of
samples taken from these wells during the study period. Given thaEeacih sample
represents a data point in space and time, the fact that they originate from a small number
of wells helps to differentiaténe impact of variable factors (e.g., seasonality) from fixed
factors (e.g., geology, well characteristics). Further, the distribution of fixed variables (i.e.,
well depth, bottom of well stratigraphy, and specific capacity) were compared between a

datasetcontaining allE. coli samples and one containing observations from individual
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wells represented by the high&stcolisample result. The distributions remained similar,

indicating that highly sampled wells did not oweeight the models.

Before explomg more complex relationships using machine learning methods,
univariate and bivariate analyses were conducted on all independent variables. Univariate
analyses were conducted to explore the data distribution of each individual variable.
Bivariate analysewere conducted to identify empirical relationships between individual
variable pairs. Specifically, the probability of contamination given well depth and the
probability of contamination given bottom stratigraphy were calculatedX&e8. These
were fdlowed by machine learning techniques, i.e., association rule and regression
analyses. Regression analyses were chosen over othagefiression) supervised machine
learning technigues that require greater computational intensities (i.e., random forests)
that cannot be interpreted sufficiently to ensure adherence to physical processes (i.e.,
artificial neural networks). The generalized additive model for location, scale, and shape
(GAMLSS) regression model was chosen due to the highly skewed distnbijiere
inflated) of some variables. GAMLSS is able to deal with Zeflated variables through
use of general distribution families (i.e., highly skewed with the addition ofizéated
and zereadjusted families) (Stasinopoulos and Rigby, 2007). Tige number of
observations with a zerg. coli count (87%) prohibits the use of linear models (LM),
generalized linear models (GLM), or general additive models (GAM) (Stasinopoulos and
Rigby, 2007). Association rule analysis was chosen as a supplententarigue to further

explore select variables due to its ability to discover interesting relationships and strong
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rules between variables in |l arge dataset s,

(Hahsler et al., 2005).

2.3.3.1 Regression Analyses

Asaies of regressi ogamis®n a lRy gy (@R dp &d laasd
2005) were conducted to develop explanatory model& faoli concentration based on
seasonality, hydrogeology, well characteristics, and human behavViabie (A.24). A
collinearity matrix was developed (utilizi
variables, as well as obvious confounders, were removed from the set of model input
variables The corresponding models use a distributional regression approach where all
parameters of the conditional distribution of the response variable are modelled using
explanatory variables (Rigby et al., 2019). Independent variabl@slg A.24) were
selected to develop a series of models to exgainoli concentrations, each exploring
different elements of the risk pathwalyidure 2-1): seasonal (Driver 1 ifrigure 2-1),
hydrogeological (Driver 2 ifrigure2-1), well characteristics (Driver 3 iRrigure2-1), and
testing pracgtes (Driver 4 inFigure2-1). This method of separating models combines the
power of machine learning with subject matter expertise, to understand the interaadions a
impacts of variables representing a specific driveE.ofoli contamination along the risk
pathway. Once developed, explanatory models for Drive&dsriformed development of

an Ainformed model 0 based on all rel evant

Basedon subject matter expertise, various combinations of independent variables
were included in models to assess their ability to explain the dependent vafiabtdi (

concentrations or testing frequencies). In some cases, continuous, categorical, and binary
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forms of the same independent variable were assessed for performance against evaluation
criteria (e.g., model option 1 uses binary bottom stratigraphy, and model option 2 uses
categorical bottom stratigraphy). All models were evaluated against eaclewiblering

10f ol d cross validation, using the appropri
by Rigby et al. (2019). Fitting families were chosen to incorporate discrete, categorical,

and continuous variables. Families chosen are as follows: zhusted logarithmic
distribution (ZALG) and zero adjusted inverse Gaussian distribution (ZAIG) (Rigby et al.,

2019).

The fibest model 0 was identified as the
Deviance (Rigby et al., 2019; Stasinopoulos and Rigbg52 It is important to note that
this enables a comparison between models but does not reflect model accuracy. To consider

model accuracy, residual anal yses were con

Once the best model was determined, models were traimedléarning to fit the
parameters of the independent variables) using a randomly selected dataset containing 80%
of the data, and subsequently tested (i.e., assessment of trained model performance) on the
remaining 20% of the data (Joshi, 2020), as a si&afit the model. This was conducted
over 10 iterations with 10 unique data splits within each model, with the regression
coefficients averaged across iterations to address parameter uncertainty (determine mean
and variance) in the coefficients for thadl explanatory model. Twtailed hypothesis
tests were used to assess the statistical significance of model variables. Note that statistical
significance of variables in these models do not render the model predictive. Rather,

significance refers to thanportance of the variable in explainirkg coli presence or
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concentration in a well while the magnitude of the coefficient indicates relative impact.
Ultimately, the goal of these models is to explain casual relationships, not predict the

probability of a event occurring (Sainani, 2014).

Finally, to assess variable importance, each independent variable was removed one by
one, and cross validated Global Deviance values were calculated and compared to assess
the 1 mpact. T he A mo s tmodelnspdefindd as theovariabde rthiata b | e
results in the greatest increase in cross validated Global Deviance when removed from the

model.

2.3.3.2 Analyses of Hydrogeological Settings and Well Characteristics

Assessment of the impacts of the bottom layer stratigrépditegorized by rock
type and grain size) o&. coli concentration (CFU/100mL) was undertaken utilizing
Association Rule Mining Anal ysi s arwei;ng th
Hahsler et al., 2005), which identifies statistically interestitggiomships in large datasets.
The Ainterestingnesso of a rcanfidencgwhichlisased o
the estimate of the conditional probability of an itemset Y given another itemset X (Hahsler
et al., 2005)support which is the propoian of observations in the dataset which contain
the itemset X (Hahsler et al., 2008jt, which is the deviation of theupportfrom the
expected value, given independence (Hahsler et al., 2005ktandardized liftwhich is
the lift relative to itsupper and lower bounds (McNicholas et al., 2008). Standardized lift
was used as the ranking method in this study as it calls upon support, confidence, and lift,
and as such presents a natural and unambiguous method of ranking association rules

(McNicholaset al., 2008). All analyses were conducted with a minimum level of support
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of 0.005 to increase the number of rules derived, a minimum confidence level of 0.9 to
ensure a sufficient level of confidence and to narrow down derived rules, and two to six
items to ensure that the relationships considered are complex, but not overly so

(McNicholas et al., 2008).

2.3.3.3 Well Sampling Analyses

Frequency and timing of well testing were explored in conjunction with the index
sample status for each well within the recorded dataset period. To explore whether the test
message returned drove well testing frequency (subsequent test or no subseguaiht tes
i ndividual well s were further reclassified
significang€t cdivifdierncte 0t odt fino resulto, fir
and first test Aunsaf e tde uhdeitakekh on anyWilioi | e t
consecutive samples, almost half of the unique wells in this dataset were only tested once
overtheeighy ear st udy period. As such, the initi
test for a large proportion of wells, withno subsequent testo be
behavioural decision. All values for the following calculations were standardized and
plotted based on total number of tests and number of tests within each testing frequency
group (sed\.2.2). Decay curves were thereated utilizing the nonlinear least squares (nls)
method (sed\.2.2) to estimate the parameters, (y, U) of the decay eq

2020).

Utilizing this decay function, the decay rate for each initial test status was determined

and compared.
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Further analyses were undertaken to determine whether user testing events coincide
with typical seasonal weather, such as spring thaws and summsedpatterns as well
as high frequencies of adverse results. User testing was determined by summing all
observations in a given month of a given year. Adverse testing results for each month were

standardized with respect to year (8€2.2).

2.4  RESULTS AND DISCUSSION
Models for each driver are described and discussed in the following sectiahs. Ea

model is described inrable A.25) andsummarizedn Figure2-2.
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Figure 2-2: Summary of explanatory variablesacrossii b e madélsfor eachdriver (Figure 2-1).
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2.4.1 Seasonal Drivers (Driver 1 Figure2-1)

E. coli presence andonicentration in the environment is driven, in part, by seasonal
changes in temperature, precipitation, and land use. Thus, an understanding of when
samples are most likely to be adverse is necessary for enhanced testing awareness and
recommendations. Seasd drivers explored include season delineations and iatra
interr-annual relationshipg-{gure 2-2; Table A.25; FiguresA.2.3-1-A.2.3-6). No trends
emerged from the bivariate analyses, likely dueh® ¢complexity ofE. coli fate and

transport processes.

The best GAMLSS explanatory model included latitude and longitude, which were
statistically significant, and Season delineation 1 (i.e., winter commencing in January),
which was not statistically sigficant but holds explanatory value. The most significant
impact onE. coliconcentration in this model is latitude; with each increasingdefee
of latitude,E. coli concentrations decrease by 0.16 + 0.01 CFU/100mlalipe < 0.01)
(Figure A.21; Table A.25). Latitude likely accounts for variations in the onset of freeze
andthaw across Ontario and therefore can be considered a proxy indicator for seasonal lag.
This is reflected in the 197%005 average first and last date for frost in different climate
zones in Ontario. In a more southern zone, average first and last dost®©o Octobert'8
and May 3, respectively, compared to September a6d June 8in a more northern
location (OMAFRA, 2020). The more nuanced variations accounted for through latitude
in particular may explain the lack of consistency in seasonal delineations within the
literature (Atherholt et al., 2017; Rocha et al., 2015) as wethadack of statistical

significance for the season delineations in this modlable A.25). Longitude has a
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weaker relationship withe. coli concentration, but i& proxy for climate variations in
tandem with latitude in Ontario. This is due to the presence of large bodies of water (the
Great Lakes), which modify local temperature and precipitation patterns, particularly in
winter. However, it is recognised thatrohte also drives land use and land cover, and that
other variables, such as population density, vary spatially, so a compound proxy cannot be

ruled out.

Seasonal delineations were subject to further refinement using individual months. The
best explanatorgnodel that emerged included all months except April, along with latitude
and longitude. This model indicates that samples collected in March explain the greatest
increase irkE. coliconcentrations, while samples collected in December explain the greatest
decrease irE. coli concentrationsJuly emerges with some of the highest numbers of
adverseE. coli sample results (18.2%; n = 4,69%idure 2-4), although these selts do
not represent the largest increas& ircoli concentrationsKigure2-2; Table A.25). The
agricultural season begins in April/May in Ontario, typically peaking betweenahohe
August, affecting manure spreading (Bach et al., 2@0fario Ministry of Environment
Conservation and Parks, 202@edlivestock grazing patterns (Invik, 2015), introducing
moreE. coliinto the environment (Conboy and Goss, 2000). Further, incteambient
temperatures lead to a more sustaiedoligrowth rate (Porter et al., 201&)upled with
increased faecal excretion rates in cattle (Invik, 2015). Increased use of summer homes
increasedocal septic tank usage and may also increase privaltenater quality testing
(Di Pelino et al., 2019) Further, groundwater systems are more vulnerable to

microbiological contamination in the summer months when extended hot dry periods
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harden the ground and lead to cracks, which act as enhanced pathagpartrpathways

that are activated during sporadic heavy rainfall events (Health Canada, 2020). High user
testing in July (12.2%, n = 96,001), coupled with incredsecbliloads and hydrological
drivers likely contribute to the high numbers of advemam@e results in July (Health
Canada, 2020). Whilée largest, most significant monthly increask.igoliconcentration
occurs in March (0.2% 0.05 CFU/100mL, fvalue = 0.03 March has one of the lowest
numbers of user tests (6.4%, n = 50,858) aralrasult is associated with a lower number

of adverseE. coliobservations (4.38%, n = 1,13Biqure2-4). Heavy rain and snowmelt
typical of March and April (Jones et al., 2015) (not deemed explanatory by the model, so
not depictedhave been associated with theshing ofE. colithrough the system (Schuster

et al., 2005). This increases risk of contamimatjblealth Canada, 2013), likely due to
increased groundwater recharge, possibly explainingntbathly increase irE. coli
concentrations in Marcland subsequent decrease in Mayw#fue = 0.03). December
emerges as a month with some of the lowest nundfeasiverseE. coli sample results
(3.1%; n = 799)Kigure2-4) and largest explanatoBy coli concentration decreasé (27

+ 0.05 CFU/100mL, value = 0.03). The findgs for December may reflect combinations

of changing processes and inputs, including frozen soils and reduced rainfall, thereby
decreasing groundwater infiltration (Atherholt et al., 2017) and redé&ciagli availability

(Bach et al., 2002). Similar tthe seasons model findings, latitude is significant in the
monthly model (pvalue < 0.01), with a decrease in averggeoliconcentration of 0.16 +

0.01 CFU/100mL per halfegree of latitudeHigure A.23-Figure A.24; Table A.25).
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Again, while most likely driven by climate patterns, a compound proxy cannot be ruled

out.

An interrannual assessment Bf coli concentration was conducted to look for trends
year over yar. The averag&. coli concentration generally decreases from year to year
between 2011 and 2017, with the exception of 2010 which was not identified as
explanatory in the modeF{gure2-2). All years in the model except 2013, 2014, and 2015
are statistically significant and all years are statistically significantly different from one
another (pvalue < 0.01), except for 2011 to 20Rdure A.25-Figure A.26). The peak
averageE. coliconcentrations in 2011 and 2012 are likely due to fregfl@oding events
causing mobilization oE. coli (Latchmore et al., 2020; Ontario Ministry of Environment
Conservation and Parks, 2013). The years 2016 and 2017 represent a significant drop in
averageE. coliconcentrations over previous yearsv/glue <0.01), likely due to droughts
in 2016 which reducel. colitransport (Latchmore et al., 2020). Similar to the seasonal
and monthly models, latitude and longitude are significant variables in the annual model
with more northern latitudes associated witvér averag€. coli concentrationsHigure

A.2-5).

2.4.2 Hydrogeological Drivers (Driver 2 iRigure2-1)

One of the primary drivers of pathogen transpaia ia well is the local hydrogeology.
While the entire stratigraphic column plays a role in pathogen fate and transport, this
analysis focuses on the interface between the aquifer and the well production zone. For a
further exploration of the effects of esburden depth and specific bedrock types

(limestone, shale, sandstone, and graniteft ocoli detection rates, see Latchmore et al.
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(2020). The hydrogeological drivers explored here include bottom stratigraphy and specific
well capacity. Among the variséb groups discussed in the methods, binary bottom
stratigraphy (i.e., consolidated or unconsolidated) outperformed a categorical bottom

stratigraphy, averaging an improved cross validated Global Deviance.

From the dataset, initial classifications for eagéll were defined as consolidated
(bedrock) (63.3%, n = 499,647) or unconsolidated (36.7%, n = 289,426). Of the wells
completed in bedrock (i.e., consolidated), the lowest strata consisted of metamorphic
(0.8%; n = 3,814), sedimentary (69.6%; n = 347,9%f)eous (28.0%; n = 139,921),
metamorphic and sedimentary (0.2%; n = 1,086), metamorphic and igneous (0.3%; n =
1,712), sedimentary and igneous (1.0%; n = 4,774), or all three rock types (0.1%; n = 382).
The explanatory hydrogeologiebhsed model summar demonstrates that an
unconsolidated bottom stratigraphy increases avétageliconcentrations by 0.14 + 0.02
CFU/100mL (pvalue < 0.01), while consolidated did not provide explanatory power
despite being considered a driver in the literature (Atheghall., 2017; Latchmore et al.,
2020). To explore further, bivariate analyses were used to compare the likelihood of
contamination in wells completed in consolidated (bedrock) and unconsolidated units. It
was found that those completed in unconsolidatets (29.4%, n = 7,589) are significantly
less likely to encounter contamination than those in consolidated units (70.6%, n = 18,232)

(Table A.26).

An associationules analysis further examined the impact of bedrock typE. aoli
concentrations. According to the association rules, wells completed in metamorphic

bedrock had a lower probability of encountering highieroliconcentrations as compared
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to those completed in sedimentary bedrock. Whendatact (ND) observations were
removed from the stratigraphy analyses to reduce skewikgaénli concentration, wells
completed in sedimentary and igneous materials had armpgbbability of encountering
higherE. coli concentrations compared to those completed in metamorphic Takie
A.2-7). These findings are supported by Conbogt &oss (2000), who found that wells
completed in limestone or dolostone (76% of the sedimentary wells in the current dataset)
are considered at Ahigh risko for pathogen
that the age of sedimentary rocks is impott as older deposits likely contain more
fractures and solution channels, which act as transportation highways for pathogens
(Conboy and Goss, 2000) and theref@recoli. Finally, bedrock wells with minimal
overburden are more likely to become contatgidadue to the lack of soil available to
filter pathogens before they reach fractures or channels (Conboy and Goss, 2000;
Latchmore et al., 2020). Surprisingly, no association rules emerged lilkingpli
concentrations with either bottom stratigraphynpeability or specific capacity, likely due

to small numbers of observations in some subcategories.

2.4.3 Well Characteristics (Driver 3 iRigure2-1)

Well characteristis impact the physical integrity of the well and thus influeaceoli
ingress (Di Pelino et al., 2019)he well characteristics explored here incluesl depth
and year of well construction. As with the hydrogeological drivers, a seldutiwveen
categorical and continuous variables for well depth was undertaken veagldetermined
that categorical well depth improved explanatory power. It should be noted that a smaller

number of categories was originally used to align with provincguilegions (shallow,
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moderate, and dee@ntario Ministry of Environment Conservation and Parks, 2019
However, this is a skewed distribution that resulted in findings that were in contradiction
to conventional understanding and could not be explained psotesdased logic. This

is underscoring the fact that machine learning must be used in combination with

disciplinary expertise to ensure relevant models (Reichstein et al., 2019).

Well depth categories up to moderate3 were found to increase aVeragmi
concentrations by 0.14 £+ 0.03.20 £ 0.04 CFU/100mL ¢palue = 0.01) Figure A.27-
Figure A.28). Typically, well users assume that deep wells are protected from
contamination in comparison to moderate and shallow depth wells (Kreutzwiser et al.,
2010). However, the fact that deep wells were not found to be explanat&ycofi
concentration serves as a reminder that greater depths are not protective against
contamination. A supplementary bivariate analysis underscores this fisdadtgw wells
were significantly different (Gvalue < 0.05) from deep wells at &l coli concentrations,
with shallow wells being more likely to return adverse samplesgpl ue OTable 002 7)
A.2-8). As such, increased depth is not a reason to assuficgest protection of drinking
water quality. Given a risk of complacency regarding the microbiological safety of deep
wells, these findings could represent a public health threat to the 15% of well users who

rely on deep wells in this dataset.

2.4.4 InformedPhysical Model
The findings from the seasonal, hydrogeological, and well characteristic models were
used to create an informed physical mo&ere2-2, Figure A.29-Figure A.210). Based

on model outputs Tiable A.25) and subject matter expertise, the most explanatory
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variables were combined into a single model to explore relative importance of driver
variables. The final model consisted of binaryttwt stratigraphy, continuous specific
capacity, categorized well depth, month of test, year of test, longitude, and latitude. General
trends in the informed physical model aligned with those of the individual mdadeds.
model is most sensitive &pecific capacity followed by bottom of well stratigraphy, year,
latitude, well depth, month, and finally longitude. This is a particularly interesting finding
as the specific capacity of a well is not typically considered to be a driver of contamination
risk. More work needs to be done to determine whether specific capacity is a driver of
contamination, or if the model is selecting specific capacity as a proxy for other factors

(e.g., high permeability related to the presence of fractures).

These resultdemonstrate that machine learning techniques employed in combination
with disciplinary expertise are useful for developing e#taen explanatory models of the
relationship betweerk. coli concentrations in private wells and the drivers of this
contaminabn. Indeed, relative sensitivity to specific capacity makes sense but also
highlights a variable that is not normally considered in this context and thus requires further

processbased analysis.

2.4.5 Testing Practices (Driver 4 iigure2-1)

Water quality testing is critical because it is the only way to characterize well water
quality, which provides important information for both wstewardship practices and
human health protection. A regression analysis of testing patterns revealed that individual
wells were tested on average 2.70 + 0.004 times overyeai8study periodTiable A.2

5). Critically, this dataset does not represent all private drinking water wells in Ontario.
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Many wells were excluded due to incomplete information, the inability to match a water

test record to a well record, or neveaving had a sample submitted to a provincial
laboratory for testing. As such, given estimates of the number of wells in Ontario (Ontario
Ministry of Environment Conservation and Parks, 2020b), there may be approximately
345,000 additional wells not caped by this dataset that, by definition, would be classified

as sampled fewer than 16 times. According to the current da@&8ét(n=245,708) of
individual wells were tested | ess than the
2010 and 2017), ith 48% (n=119,670) only testing once over the eig#dr period. This

limited testing may be attributable to complacency (e.g., history ofadearse sample

results or no concerning colour or odour), no experience of adverse health effects, or

inconveni@ce (e.g., limited hours at sample drop off locations) (Invik, 2015).

Using regression analyses, user testing frequency was found to be impacted by the
sample result message received (excluding
important by the explatory model, so not depicted), month of user test, and year of user
test Figure2-2; Figure A.211-FigureA.212) . The return of an Auns:
while not statistically significant, slightly increased the number of samples take&fdy
+ 0.008 over the study period, likely due the health concern that this result represents to
the user(Table A.25). A status that iI's returned as i
chemical testing requested, appearance or order unacceptable, interfering sybstances
unauthorized submitter) or Ano significant
the number of tests submitted (0.13 £ 0.006 and 0.05 + 0.004, respectively), likely due to

the nonalarming nature of the messadable A.25).
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To explore user testing practices further, the message received for the first test was
assessed as an indicator of subsequent testing. It was found that two fitteelcietans
were required to best characterize the data; one for 15 or fewer tests and one for 16 or more
tests, as the decay rates are different. For 15 or feweritefsts,t he f i r st test m

significant evidenceo Igs),heovell user W Bess likelYt@ o f

continue testing (decay rate = 0.96) as <co
(6%, n=15,816) (decay rate = 0.42yvppl ue = < 0. 0001), or A ma
n=31,656) (decay rate = 0.40yvplue =< 0.00 1) , or Aunsafe to drin

(decay rate = 0.40,-palue = < 0.0001)Rigure2-3). Qayyum et al. (2020) found that a

well that received an initial negaévndex test (not containirg. coli or total coliforms)
retested 64% of the time, when compared to a 74% retesting rate when the initial index test
is positive (containing. colior total coliforms). This reflects similar trends to those found

in this wak 1 decay rates for retesting were highest (i.e., less retesting) when the index test

1)

was no significant evidenceo (Qayyum et al
be unsafed and Aunsafe to drinkoneanoter. st at i
The use of the word fAunsafed is |Iikely a f

testing 16 or more times over they&ar study period are likely to be routine well testers.

While all of these decay curves are statistically signifigagifferent from one another,

decay rates fall within a smaller range t ha
evidenceo, decawnplunate <= 0.DDB4A45, Aimo -result
value = < 0.0001;yratema.95100,9w ad rusea f=e o<, 0d e0c0ad 1 ;
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drinko, dec ay-vauest<®.0091)TahlelA29). R@utine festing indicates

greater awareness appropriate well stewardship practices (Lavallee et al., 2020).
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Figure 2-4: Occurrence of private well testing and adverse results over the study period, where non
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concentration categories. Vertical bars are extensions of peak adverseiqts each year.

The majority of samples were submitted for testing in J&igyre 2-4), representing
the second highest increase in user testing frequency (montimow¢h). It is postulated
that this may represent seasonal testers. Further, July is more conducive weather for
driving, as well as the start of summer holiday season in Ontario when people may have
more time or are using seasonal residences (and assbe®ts). Interestingly, the month
with the largest impact on user testing frequency is January£®ZEL times). This may
be because anyone testing in January is probably more consistent in their testing regime as
January does not represent a mon#t th communicated as a critical testing period, and

thus has the fewest user te$tgy(ire2-4).
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While in some years (2010, 2011, 2013) testing frequency coincided with peak adverse
sample occurrences (i.e., July), this was not the case in 2012 an@@DA,4vhen peak
adverse sample occurrences shifted to as late as September. This offset betivwgeamtks
peakE. colicontamination events raises the question of timing of future peaks in adverse
occurrence, and whether well users have adequate contamination risk information for
optimal well testing practices. Starting in 2014 there is a generdl tfethecreasing user
testing frequencyHigure A.211), with no obvious explanation. Lack of user testing
compliance, combined with a divergence between peak testthg.acoli contamination
periods in latter years, and the decreasing trend in testing frequEigyre(2-4),
underscore the need to better understand well user behsyviprovide additional
resources, and target educational campaigns. More specifically, enhanced methods are
required to predict and communicate risk of potential contamination events to well users
and there is a need for eviderz&sed testing regime giglines. Increased well user
outreach will improve knowledge, attitudes, and practices with respect to well sampling
and testing to move well user sampling pr a:

et al., 2020) oE. colicontamination events.

2.5  STuDY LIMITATION

The WWTD is subject to methodological limitations associated \Eithcoli
guantification; however, the uncertainties cannot be quantified with the available data.
Further, the WWIS database is subject to data entry errors, as borehorddysnd
recorded in the field and later transcribed into an online database, some of which date back

to the 19106s. This was addressed through
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range of realistic values i.e., specific capacities less than Ebere is no indication that

these outliers are systematic.

2.6 CONCLUSION

To the authorsd knowl edge, supervised
GAMLSS and Association Rule Analysis have not previously been used to Bssedis
contamination risk in fivate wells. The approaches in combination with a large private
well dataset enabled the development of explanatory mod&lsaufli concentration as a
function of seasonal, hydrogeologic, and well characteristic drivers. Consensus with
existing literatwe for many findings confirms the validity of this novel approach, which
also identified drivers that are not typically considered but are supported by a process
based understanding of the system. As such, these findings also demonstrate the importance
of coupling machine learning approaches with disciplinary expertise. This opens up
opportunities to develop better tools to understand drivers and predict contamination that
can be used to evaluate and mitigate public health risk and inform better policy and
stewardship practices. The results provide valuable insight into driveis. afoli
contamination, their relative importance, and therefore potential public health risks
associated with the use of private wells in Ontario. Specifically, the followingriaindgs

were uncovered.

1 The best delineation for the seasonal variable identified winter as starting in
January. However, the seasonal variable was not found to be as important as latitude
to explain intraannual variations irE. coli concentrations dueotthe spatial

variability of climate patterns in Ontario. Specifically, latitude was found to better
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represent spatial variations in the onset of seasonal freeze and thaw events that drive
E. coliconcentrations and therefore should replace seasonattagsfa

T The use of months as a variable demonstrates the ability to capture more granular
changes in interannual ped&k coli concentrations. The shift in pedk coli
concentrations to later in the year is a finding that requires further investigation.

1 Bedrock wells completed in sedimentary and igneous formations are more likely to
have higherE. coli concentrations when compared to those completed in
metamorphic or unconsolidated formations. Previously, igneous and metamorphic
formations have not beenfi@direntiated in this manner.

T E. coli contamination is statistically significantly impacted by well depth;
generally, wells up to a depth of approximately 60m are more likely to become
contaminated witte. coli. While this is congruent with the literaturiie depth
threshold warrants further investigation. Further, deep wells do not emerge as
reducingE. colicontamination. As such, increased depth does not guarantee that a
contamination event will not occutesting and stewardship are still required.

1 The informed physical model was most sensitive to specific capacity followed by
bottom of well stratigraphy, year, latitude, well depth, month, and longitude. The
specific capacity of a well is not typically associated with contamination risk and
thereforewarrants further investigation.

1 Testing frequency was significantly impacted by initial test message received.
Frequency increased with an fAunsafe to

significant evidenceo and fAmstheneedforl t 0 m
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well users to be educated on the temporal changé&s obli contamination of
groundwater wells, the impacts of the physical environment and well characteristics
onE. coliconcentrations in their welynd the need for an informed, reguksting
regime to protect their health.

T While, in general, there is a correlation between when users test their wells and
when the greatest frequencies and concentrations of adverse results occur, a
decoupling can be observed in recent years wheredestimains highest in July
but peaks in adverse results occur up to three months later. This finding has
potential implications for the health of well users as they may not be capturing peak

E. colicontamination events in their wells.

This study demonsttas that @&oupledsystens approach that applies machine learning
techniques in combination with a large, mulimensional dataset can support and advance
our understanding of gegpatietemporal relationships and interconnections that impact
coli conamination in private wells. Recognition of these interconnections offers an
innovative path forward for enhancing private well user awareness and stewardship. The
identification of explanatory variables, their relative importance, and effecis cwli
corcentration in combination with other data sets (e.g., meteorological) can be used to
inform and advance the development of future predictive-diatan fate and transport

models.
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CHAPTER 3 CONVERTING LAND USET LAND COVER

TO E. coLI CONTAMINATION POTENTIAL

CLASSES FORGROUNDWATER WELLS:

UTILIZING A LARGE ONTARIO -BASED DATASET
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Summary of Paper2: Converting Land Usé Land Cover toE. coli Contamination
Potential Classes for Groundwater Wells: Utilizing a Large Ontzased Dataset, by
K.White, C. SchustewWallace, and S. DickseAndersm, Journal ofApplied Spatial

Analysis and PolicyUnder Revew, ASAP-D-23-00035

Maps of Major Land Use Land Cover Categories and Respectvesoli Contamination
Potential Classes for Groundwater Wells in Ontario, by K. White, S. Dieksderson,
and C. Schustéwallace, Federated Research Data Repositimiy 10.20383/102.0530

2023.

Summary:

This research expanads the first chapter of this thesis, exploring a neand UselLand
Cover (LULC)dataseto advance the understandingtod relationship between LULC and
E. colipresence in wellsThis workutilizesa novel approach by combinimaginnovative
IPCC approach to consistent treatment of uncertainties of findimpsa supervised
regressiorbased machine learning approach, GAMLSS$o identify and support
relationships betweeB. coli presence in wells and LULC categorigfe results of this

demonstrated:

1 The innovative new methodfor assessing the impact of LULC dB. coli
contamination poterdl for wells was successful icreating ageospatialraster
dataset based oregressiorbased machine learning approaches hiedature

consensus methods.
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1 The highest E. coli contamination potential was in areagsed for
pastural/agricultural purposes, followed by urban uses, aggregate mines, and
open/barelands, followed Wgrests, bedrock, scrublands, and disturbed lands, and
finally the lowestE. colicontamination potential classes included wetlands, water,
ard grasslands.

1 Mapping from this research can be used to inform policy makegeajraphic
based well characteristic best practi¢éesations for wellhead protection areasd

targeted outreach campaigns.
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3.1 ABSTRACT
Land UseLand Cover (LULC) types have been used as a proxyEocoli sources
and transport mechanisms. This study aims to advance the understanding of the relationship
between LULC ané. colipresence in wells for 11 major LULC categories. This represents
a novel approach foassessing the potential for well contamination and consequent

groundwater management strategies.

The approach combines the IPCC approach to consistent treatment of uncertainties
of findings in the existing literature with new understanding from a combmaf large
datasets. Generalized Additive Models for Location, Shape, and Scale (GAMLSS)
regression analyses were used to identify and support relationships between a large dataset

of E. colipresence in wells and LULC data.

Risk classes were determinfdm a combination of literature classification and
regression analyses. A raster dataset for Ontario that identifies areas of low to very high
potential forE. coli presence in wells was created from these findings. However, gaps
remain in understandirthe relationship between some LULC categories and the presence
of E. coli in wells. This approach can be applied to other large datasets and broader
geographic regions to address these gaps and generate similar raster datasets. These
outcomes are instruge in the development of land management and source water
protection plans, as well as well stewardship strategies.

Keywords: Groundwater Policy, Machine Learning, Large Dataset, Private ®edioli

Contamination
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3.2  INTRODUCTION

E. coli contamination of groundwater requires the presence &. awli source.
Some typical sources &. coliinclude leaking septic tanks, mandrased fertilizers, and
domestic and wild animal waste. Because these sources occur in specific types of
landscaps, Land Use Land Cover (LULC) types have often been explored as a predictor
of E. coli prevalence in the natural environmébusek et al., 2018; Gregory et al., 2019;
Jabbar et al., 2019astoral and agriculture and urban LULC types have receiveubtte
attention to date in the literature. However, consideration and assessment of other LULCs,
such as scrubland, disturbance, and bedrock, typically associated with Hoveeti

prevalenceare not present in the literature.

The transport ofE. coli into groundwater from surface deposition requires a
mechanism (e.g., rainfall) and a flow pahch as root or insect holes, fractures, or
improperly sealed or abandoned wells. While a source and pathway are requirecbior
to be transported from therld into groundwater, additional conditions must also be met
for E. colito be present in a well. Specifically, there must eithef beoli present in the
groundwater supplying the well screen or it must be hydraulically connected to the surface,
for exampe through a cracked well head or casing. Conversely, some environments
effectively removeE. coli, for example some types of vegetation (antimicrobial properties)
and soils (filtration). LULCs are useful proxies because they can be used to summarize the
human and animal activity in an area, which are indicativeé.afoli sources, as well as

represent potential transport characteristics based on the typical physical environment.
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The goal of this work is to uncover new knowledge and improve upon existing
knowledge of relationships betweé&n coli in the natural environmerand presence in
wells using LULC categories as a surrogate measute. aoli loading and transport
through the subsurface. To achieve this, the first objective is to aggregate minor LULC
categories (n = 32) into more descriptive and simplified categdissecond objective
is to explore the relationships between LULC categories from the first objective (n = 11)
andE. colipresence in wells utilizing a large private well dataset (White et al., 2021). This
novel approach for assessing the potential fell wontamination was developed using
Ontario, Canada as a case study. The approach results in two raster datasets: the first
depicting the simplified LULC categorization structure (amalgamating similar LULC
categories into more comprehensive categorids}, second depicting th&. coli
contamination potential classes for private wells based on LULC. Together, these datasets
will provide data to inform policy that impacts LULC drivéh coli contamination,
particularly with respect to private well charaitcs, public healttbased outreach
strategies, land use and management plans, and delineation of source water protection

Zones.

3.3 METHODS
3.3.1 Data Sources

LULC raster datasets were acquired from the Ontario GeoHub, which is a part of the
Ontario Open Government Initiative. Specifically, the Southern Ontario Land Resource
Information System (SOLRIS) 3(®@ntario Ministry of Natural Resources and Forestry,

2019) and the Ontario Land Cover Compilation (OLCC) @htario Ministry of Natural
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Resources and Forestry, 20ire used as input databases. While the OLCC 2.0 covers
all of Ontario (96.63W to 71.67 W and 40.65 N to 57.44 N), it utilizes the outdated
SOLRIS 1.2 to classify Southern Ontario. In more recent years, the SOLRIS 3.0 was
developed utilizing improved methods and data captured from 2000 to 2015. For this
reason, the combined dataset developed in this work updates the Southern Ontario region
in the OLCC 2.0 dataset with the SOLRIS 3.0 data (83v#Qo 74.33 W and 41.67 N

to 45.88 N). This was possible as both datasets utilise the same resolution (15m),
projection (MNR Lambert Conformal Conic), and datum (North American 1983 CSRS).
E. colioccurrences in wells, with the respective geographic locations, were obtained from
an Ontariespecific groundwater dataset that combines the Ontario Water Well Information
System (WWIS) and the Water Well Testing Database (WWVjite et al., 2021)The
groundwater dataset originally consistis795,023 well sample observations for 253,136
unique private wells that have been tested 1 to 446 times between 2010 and 2017,.inclusive
Once the LULC and groundwater dataset were combined for analysis, dataisatbgser
Anot avail ableo were r emov @08,485waterssamplei ng
observations. Within this combined dataset, 96% of water sample observations-are non
detect fork. coli (0 CFU/100 mL), and 4% of water sample observations repdtt aali

concentration in CFU/100 mL.

3.3.2 LULC Categorization
The OLCC 2.0 and SOLRIS 3.0 datasets consist of 29 and 32 LULC categories,
respectively. The different LULC categories in these datasets needed to be synthesized and

standardised before being comdgininto a single datas@ased on category descriptions,
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all minor categories (i.e., original 29 categories for OLCC 2.0 and 32 categories for
SOLRIS 3.0) were reclassified into 11 major categories using the minor category
descriptions to aggregate simmilaULC categories. A No Data category was used to
categorize pixels where data are unavailable due to cloud cover or inaccuracies; n =1, 027
obs (Table 3-1). The OLCC 2.0 and the SOLRIS 3.0 were combined using the new
summarized major LULC categories to create a new updated raster dataset (White et al.,

2022 Figure3-1).

Table 3-1: Summary of major LULC categories.

Unit Name Code Unit Description Source Unit Name
Number
Continuous row crops an SOLRIS 3.0: Undifferentiated
mixed crops are rotated wit SOLRIS 3.0: Tilled
Pastoral/ perennial crops. Also include
Agricultural 1 hay/pasture, orchard:
(n =276, 308 vineyards, nurseries, ruri OLCC 2.0: Agriculture anc
obs) properties not in productior Undifferentiated
urban brown fields, an
clearings within forests.
Highwavs roads linea SOLRIS 3.0Transportation
ghways, ’ 9 SOLRIS 3.0: BuikUp Area
frequencies of structures mo :
Urban than 10 per 500m or 4 per . Pervious
(n =221, 890 2 hectare box. Green space SOLRIS 3.0: BuitUp Area
obs) Impervious
permeable surfaces can 5
present. OoLCC _ 2.0:
Community/Infrastructure
Openpit aggregate extractio SOLRIS 3.0: Extractioni
Aggregate site. Includes associate Aggregate
Mines 3 infrastructure such asoads, ) .
(n = 308 obs) buildings, weigh scales, ar 2-CC 2.0: Sand/Gravel/Min
Tailing/Extraction
ponds.
SOLRIS 3.0: Open Beach/Ba
Unconsolidated material SOLRIS 3.0: Open Alvar
. . ' SOLRIS 3.0 Open San
subject to active process:
Open/Bareland 4 (i.e., wave ener erosiot Barren and Dune
(n =153 obs) N 9y, ' SOLRIS 3.0: Treed San

etc.).Containing <25% tree o

Barren and Dune

shrub coverage.

OLCC 2.0: Open CIiff anc
Talus
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OLCC 2.0: Alvar

OLCC 2.0: Sand Barren ant
Dune

Scrubland
(n =21, 448
obs)

Often tree cover <25%

SOLRIS 3.0: Fen

SOLRIS 3.0: Sparse Treed

shallow substrates, low shrul

SOLRIS 3.0: Shrub Alvar

(<2m). Can have rapidl

SOLRIS 3.0: Treed Alvar

draining soils, may contai

OLCC 2.0: Fen

exposed bedrock.

OLCC 2.0: Heath

OLCC 2.0: Sparse Treed

Disturbance
(n =1, 658 obs)

Includes peat removed fc
consumptive (e.g., trees ai

SOLRIS 3.0: Extractioni
Peat/Topsoil

peat) and nowonsumptive
(e.g., conservation, erosic
protection) uses. Includes
forest clear cut or burns <1
years old (low trees, dee
trees, mosses, herbaceous).

OLCC 2.0: Disturbance

Bedrock
(n =3, 204 obs)

SOLRIS 3.0: OperCliff and
Talus

Exposed bedrock
often times <25% vegetation

SOLRIS 3.0: Treed CIiff anc
Talus

SOLRIS 3.0: Open Bareland

OLCC 2.0: Bedrock

SOLRIS 3.0: Forest

SOLRIS 3.0: Deciduous Fore

SOLRIS 3.0Mixed Forest

SOLRIS 3.0: Coniferous
Forest

SOLRIS 3.0: Plantationsi
Treed

'(:nor:eigﬁ 151 >60% tree cover (coniferou: SOLRIS 3.0: Cultivated
obs) ' deciduous, mixed). SOLRIS 3.0: Hedge Rows
OLCC 2.0: Treed Upland
OLCC 2.0: Deciduous Treed
OLCC 2.0: Mixed Treed
OLCC 2.0: Coniferous Treed
OLCC 2.0: Plantations Treed
OLCC 2.0: Cultivated
OLCC 2.0: Hedge Rows
Water table seasonally (¢ SOLRIS 3.0: Marsh
Wetlands permanently at, near, or abor SOLRIS 3.0: Trged Swamp
(n = 28, 581 substrate $urface (can' | SOLRIS 3.0: Thicket Swamp
obs) ' gently flowing). Vegetatior SOLRIS 3.0: Bog

can include woody plants

OLCC 2.0: Mudflats

trees (often <25%), shruk

OLCC 2.0: Marsh
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(often  hydrophytic, ofter

OLCC 2.0: Swamp

>25%).

OLCC 2.0: Bog

SOLRIS 3.0:Open Tallgrass
Prairie

SOLRIS 3.0 Tallgras:
Savannah

Grasslands Grqu_nd Iaygr _dominated b SOLRIS 3.0 Tallgras:

(n = 70 obs) 10 prairie graminoids, tree cove Woodland

< 60%, shrub cover <25%. OLCC 2.0: Open Tallgras

Prairie
OLCC 2.0: Tallgrass Savann:
OLCC 2.0: Tallgrass
Woodland

Water Permanent water >2m dee SOLRIS 3.0: Open Water

(n =18, 687 11 vegetation coverage <25% OLCC 2.0: Clear Open Watel

obs) " OLCC 2.0: Turbid Water

Major LULC Category

Agri/Past |
Urban |
Agg Mine |

Open/Bareland [l
Scrubland
Disturbance
Bedrock
Forest
Wetlands
Grasslands
Water

JIllll

0
N .

250 500 750 1,000 km

Figure 3-1: Map of Ontario based on newly defined major LULC categories (White et al., 2022).
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3.3.3 E. coliContaminatiorPotential Estimation

A series of regressi on (Righyaet gl.s20@WwefeR p ac k
conducted to identify the relationships between the LULC categories and the presence or
absence oOE. coliin tested wells. Similar téVhite et al. (2021), regression analyses were
selected as the best method for uncovering these relationships as they require minimal
computational requirements and are highly interpretable, allowing for adherence to known
physical processes. Further, gpecific method of generalized additive model for location,
scale, and shape (GAMLSS) was selected over other methods (i.e., linear models,
generalized linear models, and general additive models) due to its ability to deal with highly
skewed data distribigins. This specification is important due to both the large variation in
observations in different LULC categoriésaple3-1) and the large number of zdtocoli
cownts in thewater sampleobservation data (96% of observatiofSjasinopoulos and

Rigby, 2007; White et al., 2021)

The corresponding models use the independent variable, LULC category, to explain
E. colipresence in well samples as a proxy for well ammation potential. Data subsets
were created to account for the skewed data in both datasets. With respect to water sample
observations, a subset was created of observations Ehexdi presence was detected.
LULC data were separated into two subsets; one with less than 30,000 observations per
category and the other with at least 135,000 observations per category. A total of six
regression analyses were run using combinations of theullvddtasets and the three
subsets. This was undertaken to further investigate how different LULCs relate to the

presence ofE. coli in wells. Models using datasets that included -detectE. coli
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observations use the zero adjusted logarithmic distrib(#ALG) fitting family models,
while those that excluded natetectE. coli observations use the logarithmic (LG) fitting

family. A description of fitting families can be found in Rigby et al. (2005).

Each model was developed based ontéationswith 10 unique data splits (80%
training, 20% testing). Theegression coefficients were averaged across iteratmns
address parameter uncertainty (mean and varigWdeije et al., 2021)The potential for
E. colioccurrence in wellassociated with eaaf the LULC categories within each of the
six regression models wdten summarized and ordered from higlestolicontamination
potential (high positive coefficient) to lowdst colicontamination potential (high negative
coefficient). Scores for each LW categorywere summed across all six models, and
standardized based on the number of models that a Lddit€gjorywas present in. This
was undertaken to identify a robust order of LULC from highest to logestoli

contamination potential.

To ensure thathe large range in the number of water sample observations between
LULC categories did not influence théJLC impact potential findings from the model,
the findings were compared against those from a literature review. The literature review
also highlighed which LULC categories lack evidence. This comparison was conducted
using the method described by Mastrandrea et al. (2010). A level of confidence was
assigned to each summarized model finding, based on an assessment of both the degree of
evidence withinthe identified literature and the level of agreement among the literature.
The evaluation criteria are included TableA.3.1-1, and summarized literature used to

assign a level of confidence can be found in TabB1-2.
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3.4  RESULTS AND DISCUSSION

Summarized regression analyses (Tah®1-3) were used to determine the order of
E. coli contaminatiorpotentialfor wells, from highestontaminatiorpotential to lowest
contaminationpotential. Table 3-2 shows the scores assigned based on the summary of

each regression analysis.

Table 3-2: Summary of regression models exploring varying subsets of data including and excladi

E. coli non-detect water sample results. Ordering of LULCcategories(i.e., 1-10) is based on the
averaged coefficient of 10 iterations of cross validated regression analyses, where one results in the
highest adverseE. coli contamination potential and 10 the least adverse potential.

LULC LULC LULC
subset
Al LULC subset with subset LULC subset
All LULC cateqories with <30.000 with >135, with >135, 000
categories 9 <30,000 o 000 Obs.* Obs.* in
LULC . (with E. . Obs.*in . .
(with all . Obs.*in in category (with
Category . coli category )
E. coli category . category E. coli
presence . (with E. .
data) (with all . (with all presence
subset) . coli :
E. coli presence E. coli subset)
data) subset) data)
Open/
Bareland 1 1 1 1 X X
Aggregate 2 2 2 2 X X
Mine
Pas_toral/ 3 3 X X 1 1
Agricultural
Urban 4 4 X X 2 2
Disturbance 5 5 3 3 X X
Bedrock 6 6 4 4 X X
Forest 7 7 X X 3 3
Scrubland 8 8 5 5 X X
Wetland 9 9 6 6 X X
Water 10 10 7 7 X X
Grassland 11 NA 8 NA X X

T NA represents a LULC category that was to be included in the regression analysis but did not contain any water samg
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observations
Xrepresents a LULC category that was not considered in an analysis

Table 3-3 presents the derivefl. coli contamination potential classification for each
LULC category along with the respective level of confidence from the literature
(Mastrandrea et al., 201MYJotabl/, LULCs that result in the greatest prevalenck.ofoli
in groundwateralso have the greatest consensus in literature. The pastoral/agricultural
category (n = 276,308) was classed as very high as a result of robust consensus in the
literature, strong stistical association witk. colipresence in wells, and a relatively small
standard deviation within the regression analyses. This is likely due to th& hayit
loadings from animal presence and spreading of manure as fe(iagory et al., 2019
Jabbar et al., 2019and the potential of disturbed soil structures to create preferential flow
pathways due to soil tillingHua, 2017) Urban LULCs are associated with a high
prevalence oE. coliin groundwater due to the higher occurrence of domastimals,
leaking septic tanks, and presence of wastewater treatment(plaaf2017; Jabbar et al.,
2019; PauleMercado et al., 2016)Vith respect to lovie. colicontamination potential for
wells, wetlands (n = 28,581) were identified in this classuph both the regression
analyses and the literature. This is likely due to the natural purification abilities of wetlands,
as they are made up of soils with higher sorption capacities and support vegetation with
roots that reduce bacteria (e.g., via @ntrobial excretions)(Dordio et al., 2008)
Aggregate mines were found to have a consistent statistical associatiof.wsthli
presence in wells, though they had relatively high standard deviations within regression

analyses. Despite high standard deviations, aggregate mines are concluded to result in high
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adverse impact potential due to a correlation between heavy met&ls @tidoresence as

well as the prevalence of preferential flow pafAsmah, 2014; Somaratne and Hallas,
2015) Conversely, while regression analyses identified open/bareland as having the
highestadverseE. coli contamination potential in groundwater, thevloumber of water
sample observatiorsvailable for the current analysis (n = 153) combined with the low
level of confidence derived from the literature, resulted in this LULC category being
classified as high, rather than very higlaljle3-3). More generally, an examination of the
level of confidence shows that LULC categories with fewer than 25,000 water sample
observations have lower level of confidence due tokadébiterature, likely due to similar

data limitations as this study. An interesting exception is grasslands; although there were
few water samples in this LULC category (n = 70) in the current dataset, there was
widespread consensus in the literature trasslands have a loi. coli contamination

potential for groundwatewhich corresponded well to the regression analyses.

Table 3-3: Summary of LULC E. coli contamination potential and respective level of coidence with

respect to literature. Where % %k K represents high confidence, and* represents low
confidence.

Revised level

Classification Level of Rankin of confidence
of E. coli Land Use Land confidence 9 based on
o based on )
contamination Cover based on ) regression
) : regressiort )
potential Literature analysis plus

literature

Pastoral/Agricultural Aok ok k 2 () * % %k K

veryHigh 1 _ 276, 308 obs)
Open/Bareland * 1 () * %
High (n =153 obs)
Aggregate Mines * 20 > % %
(n =308 obs)

81



Ph.D. Thesis K. White McMaster Universityi Civil Engineering

(li]rzagzl, go0obs) K X KK 3 afololel

e, % w0 F

Bedrock 50 *
posore 023208009 S

(=136, 1510bs) X XKK  6(7

g KX o)
Low \(/Xeielrs, 687 obs) * 9 (") ek

IStatistical significance of variable from regression analyses based on LULC subsets with <30, O(
and >135,000 observations. **** 99.9%, *** 99%, **950, *90%.

LULC categories with zero to two stars require more exploration to improve the
literaturebased level of confidence of tike coli contaminatiorpotential for wells. It is
important to note that five out of seven (71%) LUIk@tegoriesare assessed as low
confidence in the literature due to limited evidence rather than low agreement across
articles.This work successfully added statistically sigraht findings to literature on the
LULC categories of agriculture/pastoral, open/barelands, urban, forest, scrubland,
wetlands, and water. While not statistically significant, this work also added insights to the
other categories of aggregate mines, disince, bedrock, and grasslands. Further, this

work emphasise specific LULC categoriesheremoreresearchs needed tancrease the

overall level of confidence (a goal & ***) in theE. coli contamination potential
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of all LULC categoriegor wells. Basd on the findings summarized in Tal3l@, aspatial
dataset foE. coliwell contamination potenti@crosOntario(resolution 15m x 15myas
createdWhite et al., 2022igure3-2). Future research should seek to build on this study

in an effort to continue to fill highlighted LULC contamination potential knowledge gaps.

g

E. coli Contamination Potential
Very High N

High [ |

Moderate 7

Low

0 250 500 750 1,000km
N .

Figure 3-2: Map of E. coli contamination potential classes for Ontario based on derived raster data
(White et al., 2022)

Based onFigure 3-2, Southern Ontario demonstrates a higher likelihobcE. coli
contamination potential for wells. This explained by the greater presence of at least two
high risk LULC categori es, namely pastoral

hi gho (pastoral/agricultur al aggregatel mingd)i gh o
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contamination potential classes can be seen in other heavily urbanized regions outside of
Southern Ontario such as Sudbury, Englehart, Thunder Bay, and Atikokan. This consistent
coupling results i n c¢ont asnOntaredtheaolarge prbane nt i &
centersThe identification of high and very high colicontamination potential areas could

inform public healtikbased campaigns educating well users of the importance of well water
testing, treatment, and maintenance. Thesgialy targeted campaigns could improve

stewardship of some of the most vulnerable private wells.

3.5 PoLicYy IMPLICATIONS

The LULC-driven E. coli contamination potential map presented in this work offers
unique policy and regulatory implications for well cheteristics and locations, public
health protection, land use and management strategies, and well source water protection.
While deeper wells are often preferred as there is reduced opportunity for the well water to
be under the direct influence of sumdaevater, in the high and very high. coli
contamination potential classes it should be a requirement that new construction wells are
deeper than the current regulations require (20ft, with the exception of where only a
shallow aquifer exists reducing reqgment to 10ft; O.Reg. 903: Wells). As tke coli
loadings are higher in these areas, this will help to protect well usersHroooli

contamination events.

For wells located in high and very high classes it is advisable for them to be treated as
stringently as municipal wells. Currently, municipal wells in Ontario are treated as
vulnerable areas under t6éean Water Act, 200&nd are supported by wellhead protection

areas (WHPA). The purpose of WHPAs is to require planning policies to limit certdin la
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use activities (a list of 21 have been identified in Section 107 o€Clban Water Agt
within specific zones surrounding a well where activities may impact groundwater quality
in the well (i.e., Zone A 100 m from well, Zone B 2-year travel time fsm well, Zone

Ci 5-year travel time, Zone b25-year travel time). Current well drilling regulations for
private wells (O.Reg 903: Wells) require a minimum distance of only 30m from a source
of contamination, and sources of contamination are not assastess theClean Water

Act. For new wells located in arly. coli contamination potential class, increasing the
required 30m from potential contaminant sources to the minimum WHPAZd@ne 1 0 0 m
would decrease the vulnerability of private wells. Furthern&w private wells located in

hi gh or wvery hi gh-Bshbuldslsoebe considérer, &rissringaratrtre
potential risks of the 21 land use activities are clearly outlined and provided to the well
user. As private wells have been identifiedaapotential source of contamination in
WHPAs (Ausable Bayfield Source Protection Authority, 2Q1%his policydriven
improved protection of private wells and knowledge transfer to private well users will
result in decreased vulnerability for private waBers, municipal wells, and highly

vulnerable aquifers.

3.6  CONCLUSIONS

A new methodfor assessinghe impact of LULC orE. coli contamination potential
for wells was applied to a castudy of Ontario, Canada. Utilising an extensive dataset of
microbiological sampling in private wells, this derived raster data represents one of the first
to provide geospatial LULCE. coli contamiration potential of groundwaterBy

undertaking a robust regression analysis that included multiple iterations, data splits, and
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subset analyses to account for skewed data distributions, this dataset represents a new way
to assesE coli contamination potdral for wells in Ontario. Comparing regression
analyses to existing literature has furtikentributed to andtrengthened knowledge of
potential contamination levels of different LULC. Specifically, consensus was found

between regression analyses arafditure for the following:

1 pastoralagriculture LULC type (categorised as very high in termsEofcoli
contamination potentidbr wells in Ontario);

1 urban LULC type (categorised as high in term&otoli contamination potential
for wells in Ontario);

1 aggregate mines LULC typategorised as high in termskfcoli contamination
potentialfor wells in Ontario);

9 forest LULC type (categorised as moderate in term&.otoli contamination
potentialfor wells in Ontario); and

1 water and grasslands LULC typ€gcategorised as low in terms &. coli

contamination potentidbr wells in Ontario.
Literaturebasedevel of confidencevas increased based on the findings in this work
for the following:

open/barelands increased confidence from 1 to 2 stars;

aggregée mines increased in confidence from 1 to 3 stars;

1

1

1 bedrock increased in confidence from O to 1 star;

1 water increased in confidence from 1 to 3 stars; and
1

grasslands increased in confidence from 3 to 4 stars.
While progress was made, more research is still required for specific LULC categories

such as scrublands, disturbance, bedrock, water and open/barelands to continue to increase
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level of confidence. Application of this approach to other large dataset&giods can
further improve our understanding of the role of LULCEincoli contaminatiompotential
for wells. Further, the raster datasets presented in this work can inform policies and
regulations to reduce and mitigate the impacts of microbiologicahoonation of wells

(private and municipal) to protect the health of people relying on drinking water wells.
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CHAPTER 4 EXPLORING THE ROLE OF RAINFALL

INTERMITTENCY ON E. COLI CONTAMINATION

EVENTS IN PRIVATE WELLS : AN ONTARIO CASE

STUDY
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Summary of Paper3: Exploring the role of rainfall intermittency & colicontamination
events in private wells: an Ontario case study, by K. White, A. Yosri, S. Digkisderson,
and C. SchustéWallace,Will be submitted taJournal ofWeather and Climate Extremes

by August 2023

Summary:

This research expands on the first chapter of this thesis, explbomg rainfall
intermittencypatterning impact&. coli presence in private wells. This work utilizes a
mixture of supervisedspectralclusteing) and unsupervised machine learnifngndom
forestensembled decision trdmsed classification, GAMLSS, MARS, LASyO
approaches to move beyonding standardrainfall lag time towards rainfall patterning.

The results of this demonstrated:

1 While rainfall intermittency could not predi@. coli presence on its ownhe
optimal antecedent time period to consider in predidingoli presence in wells
was 36 days though a more computationally conservative lag time of 16 days
also appropriate

1 If there was no rainfall in the 36 days priorthe date of observations, it is highly
unlikely thatE. coli will be found in a private well, due to the lack of transport
mechanism.

1 Regression technige@entifiedthe increasing the numbef consecutive wet days

or number of wet day/dry day cycles increases the likelihodfl abli presence
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and decreases the severity of contamination events. This is tied to the concept of

dilution theory in groundwater.
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4.1 ABSTRACT

Rainfall eventsalterlikelihood and severity of groundwatercontamination.While
likelihood is typically capturedthroughstandardizediag times,thesearenot ideal. Thus,
the goal of this work is to utilize a large Ontariospecificdataseto assessvhetherit is
possibleto movebeyondstandardag times.Machinelearningtechniquesvereappliedto
variousrainfall characteristicenda largeE. coli presence/absendataseto explorethe
existenceof uniquepatternghatimproveupontheinformationprovidedby lagtimes.The
presenceand severity of E. coliin private wells cannot be predicted using rainfall
intermittencypatternsalone.However,it was determinedthatoptimallag timesareless
than36-days;thus,if norainfall occurs36 daysprior, wells aresignificantly lesslikely to
becomecontaminatedincreasingthe numberof consecutivevet daysor the numberof
wet/dry cyclesincreaseghe likelihood of lower-level E. coli concentration®ccurringin

wells.

Keywords:

Machine learning, private wellg. coli, rainfall intermittency, rainfall lag times, large

dataset

4.2  INTRODUCTION

It has been well documented that rainfall events increase the likelihood of drinking
water source contamination, which is associated withot®urrence of diarrhea in
consumergCarlton et al., 2014; De Roos et al., 2020; Gleason and Fagliano, 2017; Jagai

et al., 2015; Kraay et al., 2020; Levy et al., 20M69re specifically, rainfall after a dry
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period has been linked to an increase in dearbccurrence, while rainfall after a wet

period was found to be protective against diar(heay et al., 2016)The higher likelihood

post dry period has been associated with t
pathogens that have accumulated on the [&rday et al., 202Q)remobilizing them

through the surface and groundwater systémesy et al, 2016) Conversely, the lower

|l i keli hood caused by rainfall after a wet g
pathogens on the surface and in the groundwater have been mobilised and are diluted by
recent, prior rainfalls(Levy et al., 2@6). These relationships demonstrate that
intermittency, a core characteristic of rainfall patteffienberth et al., 2017plays an

important role in introducing waterborne pathogens to drinking water sources, including

wells.

Lag times represent impant variables for environmental disease modeling,
particularly waterborne diseases, as they are a proxy for pathogen transport through
terrestrial and aquatic environments (including groundwater), latency period (time from
exposure to symptoms), and iretbase ohospitalizationstime to seek care (though not
relevant in this work)Current approaches used to examine relationships between weather
conditions and adverse water quality or waterborne disease incidence typically identify and
apply lag timesThese lags can be identified throwdgta fitting or a priori method3 éble
4-1). Studies adopting such approaches show a great variability witlectesp the
relationships being explored, water sources, and variables utilized, and therefore in the lag

times identified. The variability in approaches introduces additional uncertainty into
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predictive models, particularly when attempting to assess patémipacts of climate

change on drinking water contamination and, by extension, waterborne disease burdens.

Table 4-1: Summary of literature exploring the relationship between rainfall and its respective
outcome (i.e., water quality or human health).

Lag Relationship Water Measurement H.OW Lag
. Time Author
Time Explored Source of Study :
Determined

Microbiological

contamination in Groundwater . - (Godfrey et
wells after well Water Quality DataFitting al., 2005)

rainfall event

1 day

Linkage betweer

ER visits and Surface N (Glegson and
extreme Water Human Health Data Fitting Fagliano,
precipitation 2017)

event

Linkage betweer

2days  heavy rainfall
and first time Locally
pediatric Supplied
hospitalizations Drinking
for enteric Water
bacterial or viral
infections

(Lai et al.,

Human Health Data Fitting 2020)

Human risk of

exposure to

faecally

contaminated

water from river
3days source

(Buckerfield

River Water Quality Data Fitting et al.,2019)

Linkage betweer

rainfall events Groundwater . _ (Wu et al.,
and well water  Wells Water Quality A Priori 2016)
quality

Linkage betweer

. Municipal
rainfall events Drinking (Drayna et al
4 days and pedla_tr_lc Water Human Health A Priori 2010)
hospital visits
Systems

for AGI
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Linkage betweer Undefined

ER visits and \?\;Iart]le(:'ng Human Health (Jagai et al
8 days extreme (ER Visit with A Priori g v
e Sources 2015)
precipitation d Gl lliness)
event (exposed to
CSOs)
Linkage betweer
8-16 heavy Surface Human Heal_t n - (De Roos et
Jo , (AGI Cases in Data Fitting
days precipitation and Water (River) . al., 2020)
! . Hospital)
hospital visit
Linkage betweer Mainly
heavy rainfall surface water Human Health (Carlton et al
2 weeks and diarrhea (river), rarely (Diarrhea A Priori v
o . . ) 2014)
incidence in rainwater and Incidence)
humans groundwater
E. coliremoval
efficiency after
dry and wet . . (Chandrasena
periods in Laboratory Water Quality A Priori etal., 2019)
benchscale
column

Linkage betweer

heavyrainfall Human Health

events and (Disease

waterborne Surface Outbreaks (2 Data Fittin (Curriero et
4 weeks disease Waters or more 9 al., 2001)

outbreaks due ta individuals

contaminated falls ill))

surface water

Linkage betweer

heath outbreaks

and drinking Groundwater Human Health (Nichols et

water (Note: this and Surface (Disease Data Fitting al., 2009)

does not include Water Outbreaks) v

E. colispecific

outbreak)

gl BEEE! D

: Water Source Human Health

disease o : . (Thomas et
6 weeks (specific (Disease A Priori

outbreaks and al., 2006)

S source Outbreaks)
high-impact
unknown)

weather events
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Linkage betweer

heavy rainfall Human Health
events and (Disease
2 waterborne Outbreaks (2 - (Curriero et
months disease Groundwater or more Data Fitting al., 2001)
outbreaks due to individuals
contaminated falls ill)
groundwater

While rainfall intermittency is not the only factor contributing to the likelihood of
wells becoming contaminated with coli (e.g., White et al., 2021, White et al., 2022),
rainfall intermittency patterns may provide an improved approach over the auseeat
fixed lag times, as use of fixed lag times are deemed impossilikeibyan Herrador et
al. (2015) As such, the goal of this work is to assess if it is possible to move beyond the
various current rainfall lag times. This is achieved by: i) applymachine learning
techniques (i.e., cluster, classification, regression, and association rule analyses) to identify
and describe unique, meaningful clusters of patterns based on relevant characteristics (i.e.,
maximum consecutive wet and dry days, numlievei and dry days, total rainfall, mean
rainfall, standard deviation of rainfall, maximum single day rainfall, number of wet/dry
cycles); ii) identifying all unique intermittency patterns associated Evittoli presence in
private wells; and, iii)) explang whether land usknd cover (LULC) E. coli
Contamination Potential classes and bottom of well stratigraphy can improve predictive
accuracy of analyses. This is undertaken to explore potential improvements in analyses that
can be used as support toots fvell owners and decisiemakers for improved well

stewardship.
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4.3  METHODS
4.3.1 Datasets

The analyses in this paper have been undertaken utilizing Osfaaific private
well data, Daymet rainfall data, and LULE. coli Contamination Potential class data

(Table4-2).

Table 4-2: Summary of datasets and variables used in this study.

Dataset Variables Specifications Reference
Private Well E. coliobservations Data available (Latchmore et
Dataset Geoloaical F i from 2010 to al., 2020;
eological Formation 2017 White etal..
' ) 2021
Date of Observation Point )
Date of Observations observations
Latitude and Longitude
Rainfall Data Precipitation Data available  (Thornton et

Air T ¢ from 1980 to al., 2021)
ir Temperature present day

Vapour Pressure Grid size 1km x

1km
LULC E. coli Land Use Land CovelE.  Data available  (White et al.,
Contamination coli from 2000 to 2022)
Potential Class ContaminatiorPotential 2015

Data Classes Grid size 15m X

15m

4.3.2 Data Processing

4.3.2.1 Private Well Dataset

The private well dataset is the amalgamation of the Well Water Testing Database
(WWTD), containing information on microbiological testing completed on private wells

in Ontario, and the Well Water Information System (WWIS), containing information on
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well characteristics. For more information on these datasets, see Latchmore et al. (2020)
and White et al. (2021). The categorical and binarydabsses oE. coli observations
created for analyses in White et al. (2021) were utilized for these analyses. iCategbr
classes are defined as ndetects (ND) (0 CFU/100mL), Category :X@ CFU/100mL),
Category 2 (1560 CFU/100mL), and Category 3 (51+ CFU/100mL). Binary-classes

are defined as neadverse (0 CFU/100mL) and adverse (1+ CFU/100mL). Binary sub
classes of geological formation were also used, i.e., consolidated (metamorphic,
sedimentary, igneous rock) and unconsolidated materials (sand, grav@hili¢ et al.,

2021)

4.3.2.2 Rainfall Data

Data available through DayméThornton et al., 2021)ncludes pecipitation,
which is defined as daily total precipitation in all forms in millimeters watgrivalent.
As this study is only interested in rainfall, the fraction falling as liquid was separated from
the total precipitation using the rasmow identifierequation (Jennings et al., 2018) based
on average daily air temperaturey, relative humidity (RH), and the likelihood of snow

(PS)as follows:

i-nt .
Tmllny rTma,x’ n

Tay, &~ [Eq.4.1]

where the subscripts i and n represent the date and Daymet Tile ID, respectivaly, T
the minimum temperature,mdx is the maximum temperature, andyglis the average

temperature.

Relative humidity is then calculated accordingNturray, 1966)
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VR, n
RH ,:n6 BT 7Ta7vi+g'*n 100% [Eq.4.2]

where VHs the unsaturated vapour pressure, andsRkk relative humidity.

Finally, thelikelihood of snow is calculated utilizing the bivariate equation from

Jennings et al. (2018) and used to calculate rainfall.

1

P 5,:n1 G10 0Amy g ROP, q [Eq.4.3]
. PSS, PS5 <0.5
Rai m-f:”abiPSQO. 5 [Eq.4.4]

where PS is the likelihood of snow, P is fitecipitation, and Rainfall is the rainfall.

Extracted rainfall data employed in the analyses includes raw continuous rainfall
data, binary rainfall categories (dry: 00O0.

based variables (see Section 2.3.1).

4.3.2.3 Linking Unique Datasets

The Spatial Analyst toolbox in ArcGIS was used to liakfall and LULC data to
the private well dataset, using the private well dataset as the limiting dataset (i.e., only
dataset with a discrete number of data points). For thidéa, unique private well
locations (n = 253,136) were assigned to dky¥ilkm grid cells corresponding to the
original rainfall data (i.e., Daymet grid). Once each unique well was assigned a grid cell,
for each water sample observation (n = 795,023nhfalh values and corresponding
categories (i.e., dry versus wet) for the 60 days prior to the well sample date were recorded.

Sixty days is used as a starting point of analysis as it corresponds to the longest lag time
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found in literaturg(Curriero et al. 2001) For LULC data, unique private well locations
were assigned to 154y-15m grid cells corresponding to the LUIEC coli Contamination

Potential class data (White et al., 2p2

4.3.3 Data Analytics Techniques

4.3.3.1 Cluster and Classification Techniques

Clusterand classification analyses are machine learning techniques that are typically
applied to identify groups in observations (clustering) and the relationship between inputs
and categorical outputs (classification). Cluster analysis is applied in an unsegerv
manner with the objective of categorizing similar observations based on a distance measure
(Xu and Wunsch, 2008K-means, modebased, and spectral clustering are the typical
approaches used for such purposes, wihéneK-means clustering, a number of clust€rs
is assumed and the resulting witmluster sum of squared distance is subsequently
evaluated Haggaget al., 2021)ii) in modetbased clustering, a finite mixture model is
used to discretize observations into unimodal components representing the (fuateys
and Raftery, 2002)gndiii) in spectral clustering, observations are conceptualized as nodes
of a directed graph and commonalities are subsequently identified based on eigenanalysis
(Lin et al., 2021)It should be highlighted that while-kheans and moddlased clustering
are the most common clustering approaches, their application is consiteitedative
processsince the number of clusters is changed continually until an optimal value is
achieved. In contrast, spectral clustering represents a more computationally efficient
alternativesincethe optimal number of clusters is directly identifieased on the number

of nearly zero eigenvalues. As such, in this study spectral clustering analysis is applied to
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group similar rainfall patterns at different well locations and subsequently identify the

characteristics of those associated \i&tttoli contamination.

Classification analysis, in contrast to clustering, aims to explore the relationship
between continuous/categorical inputs and a set of categorical d@ptasth et al., 2022;
ZounematKermani et al., 2021)Decision tree, artificial neuranetwork, and support
vector machine are among the most efficient classification approaches that can be applied
separately, individually within a resampling ensemble method (i.e., random forest,
boosting, bagging), or collectively within an average mddelunematKermani et al.,

2021) Model evaluation metrics (i.e., recall, precisieacbre, and accuracy) are typically

utilized to assess the model capability to reflect the toptput relationship.

In this study, a random foreshsembled decisioneebased classification (referred
to as the classification model hereafte)sed to determine the antecedent time period that
is most important for predicting. coli presencen private wells, as well as to investigate
the coupling of rainfall, LULCE. coli Contamination Potential classes, and stratigraphic
data that better represent mobilization and transport processes than rainfallTa®ne.
application of decision treleased classification relies on hierarchical treelike decisions
according to thenput valuegZumel and Mount, 2019When applied within a random
forest ensemble method, bootstrapped decision trees are developed independently and are
subsequently integrated within an average classifier. It should be emphasized that other
ensemble teghiques can be employed; however, the random forest approach is selected in
this study as its efficacy has been confirmed in related applicgigndal and Singh,

2019; Chen et al., 2020; He et al., 2022; Naghibi et al., 2020)
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Classification model findings of the defined antecedent time period were utilized to

derive new rainfall patterbased variables to be used in regression analysésed-3).
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Table 4-3: Summary of all regression analysis variables, based on classification model finding eB6 days representing the defined antecede
time period for E. coli presence prediction.

Variable Name

Variable Description

Data Range

Data Categories*

Number ofE. coli

Non-detect (noradverse): 0
Adverse: 1+

E. coli reported in sample by 07 81 CFU/100mL Category 1: 2 10
laboratory Category 2: 11 50
Category 3: 51+
LULC E. coli k,.ogéé %ate_ )
LULC Contamination Potential 17 4 High: 3 '
classes Very High: 4
Stratigraphy of geologic . ]
Stratigraphy formation in which well 172 Consollda_lted. 1_
. Unconsolidated: 2
is situated
All Data
Category 1: G 1
Category 2: 2
Within the defined Category 3: 35
Maximum Number of  antecedent time period 07 18 davs Category 4: 6 18
Consecutive Wet Days maximum number of y Adverse Data
consecutive wet days Category 1: 1 2
Category 2: 3
Category 3: 4
Category 4: 5 12
Maximum Number of ~ Within the defined y All Data
271 37 days Category 1: 25

Consecutive Dry Days

antecedent time period,

Category 2: 6 8
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maximum number of Category 3: 912

consecutive dry days Category 4: 1337
Adverse Data
Category 1: 25
Category 2: 6 7
Category 3: 8 10
Category 4: 11 36

All Data

Category 1: G 7
Category 2: 8 11
Category 3: 1214
Category 4: 1531
Adverse Data
Category 1: £ 9
Category 2: 1012
Category 3: 1315
Category 4: 16 27

Count of wet days over
Number of Wet Days  the defined antecedent 07 31 days
time period

All Data
Category 1: 6 21
Category 2: 22 24
Category 3: 2528
Category 4: 29 37
Adverse Data
Category 1: 10 20
Category 2: 21 23
Category 3: 24 26
Category 4: 27 36

Count of dry days over
Number of Dry Days the defined antecedent 61 37 days
time period

All Data

Category 1: G 50.3
Category 2: 50.4 88.3
Category 3: 88.4 123.9

Sum of daily rainfall
Total Rainfall over defined antecedent 07 320.6 mm
time period
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Category 4: 124 320.6
Adverse Data
Category 1: 0.1 74.4
Category 2: 74.% 105.9
Category 3: 106 138.9
Category 4: 139297
All Data
Category 1: 6 5.64
Mean of daily rainfall Category 2: 58671 7.37
amounts over defined Category 3: 7.38 9.31
Mean of Rainfall Qntecedent time period 07 51.32 mm Category 4: 9.32 51.32
(i.e., total Adverse Data
rainfall/number of wet Category 1: 0.1 6.55
days) Category 2: 6.56 8.21
Category 3: 8.22 10.09
Category 4: 10.1 45.6
All Data
Category 1: G 3.93
Category 2: 3.94 5.75
Standard deviation of Category 3: 5.76 7.79
Standard Deviation of  daily rainfall amounts 07 30.31 mm Category 4: 7.80 30.31
Rainfall over defined antecedent ' Adverse Data
time period Category 1: G 4.90
Category 2: 4.91 6.55
Category 3: 6.56 8.52
Category 4: 8.58 28.1
Maximum value of a All Data
Maximum Single Day  single day rainfall Category 1: 0 13.89
) . 0T 112.76 mm Category 2: 13.9 20.59
Rainfall amount over defined :
antecedent time period Category 3: 20.6 28.09
Category 4: 28.1 112.76
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Adverse Data
Category 1: 0.1 17.4
Category 2: 17.% 23.7
Category 3: 23.8 31.0
Category 4: 31.1 104

All Data
Category 1: B 7
Category 2: 8 10

Count of number of wet Category 3: 11 12
Number of Wet-Dry to dry day transitions 0-24 Category 4: 13 24
Cycles over defined antecedent Adverse Data

time period Category 1: 2 9

Category 2: 1011
Category 3: 1213
Category 4: 14 24

* With the exception of E. coli, LULC, and stratigraphy, data categories werecreated to ensure an equal frequency ir
each category, there are two ranges based on the consideration of Bllcoli data and only adverseE. coli data
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4.3.3.2 Regressiofbased Techniques

Regressiofbased techniques are supervised machine learning approaches used for
the estimation of relationships between a dependent variable and one or more independent
variables. The techniques used in this study include Multivariate Adaptive Regression
Splines (MARS), Generalized Additive Model for Location, Scale, and Shape (GAMLSS),
LASSO (Least Absolute Shrinkage and Selection Operator) Regression, and Partial Least
Squares (PLS; adver&e colidata only). MARS, first introduced by Friedman (1991), is
a procedure for fitting adaptive ndinear regression that uses piecewise basis functions to
define relationships between a dependent variable and a set of independent variables,
allowing for higher degree interactions between independent variableste€hisque
utilizes hinge functions whereby at specific threshold(s) (knot), the linear relationship
between the dependant and independent variable changes, represented by an ensemble of
linear functions joined by one or more hinges. MARS has been sudbesstd in similar
studies such as groundwater potential map(#agk et al., 2017nd creating groundwater
spring potential map&rousefi et al., 2020) GAMLSS is a technique for fitting regression
type models where the distribution of the responsiabig does not have to be exponential
and has the ability to deal with highly skewed and kurtotic distribu{®tasinopoulos and
Rigby, 2007) this technique has been successfully used forEtheoli contamination
dependent variable in White et al. PA). LASSO regression is a technique that utilizes
linear regression as a basis, and improves the results by introducing an L1 penalty term
(penalizing the sum of absolute values of the weights versus the L2 penalty which penalizes

the sum of squares ofdhweights), with the goal of minimizing the prediction error, to
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combat overfitting of the model and allow for variable selecfi@anstam and Cook,
2018) This technique has been successfully used to determine variable importance for
groundwater rechargetential(Pourghasemi et al., 202@LS is a multivariate statistical
technique enabling comparison between multiple response and explanatory variables,
designed in part to deal with multicollinearifirouz, 2006) This technique has been
successfullyused in literature to predict groundwater quality and susceptibility to
contamination (Ncibi et al., 2020; Sakizadeh and Ahmadpour, 2018ggression
techniques were employed to uncover trends betwdspendentvariables E. coli
presence/absence and cartcation, and independent variables (i.e., maximum number of
consecutive wet days, maximum number of consecutive dry days, number of wet days,
number of dry days, total rainfall, mean of rainfall, standard deviation of rainfall, maximum
single day rainfallnumber of wedry cycles, LULC, and stratigraphy) after classification
and cluster analyses did not uncover unique raibtled patterns. MARS, GAMLSS,
LASSO regression, and PLS are all used first for variable selection (from the 11 initial
independenvariables), then to create explanatory models targ&irapli contamination

in wells.

Models are created by first firtaning the model parameters, employing variable
selection techniques, fitening based on the new subset of significant variabfes) t
training and testing on 10 unique data splits, encouraging a robust model output. Fine
tuning of MARS employs cross validation to identify the optimal degree of interactions
and iterations, LASSO also uses cross validation to identify the optimakateipenalty

(lambda) value, and GAMLSS fitting families were chosen based on knowledge of the
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dependent variable in the models (i.e., zeftated binomial for allE. coli data and
Poisson Inverse Gaussian for advdtseoli data). As each of the fouedhniques has the

ability to perform a version of variable selection, models were built usifgld@ross
validation and variable importance was subsequently compared across three techniques for
all E. colidata (MARS, LASSO, GAMLSS) and four technigdes adverseE. coli data

(MARS, LASSO, GAMLSS, PLS). If a variable was considered insignificant by two or

more techniques, it was removed from future analyses.

Based on the variable importance findings, model parameters weirgeck utilizing
cross validdon. Ten unigue data splits of 80% training and 20% testing were used to create
a robust model and assess model perform@hidete et al., 2021)Model performance

was compared using the coefficient of determinatiof) 8Rd root mean squared error.

4.3.3.3 Assaiation Rule Analysis

Association rule analysis (ARA) was employed for further data exploration
purposes with the goal of uncovering additional trends in tHe albliand advers&. coli
datasets. For alE. coli data, the goal was to understand vagabassociated with a
present/absent observation. For advé&rseoli data, the goal was to understand variables
associated with low, moderate, or high concentration observations. To conduct ARA the
prioial gori t hm fAar ul es dHalslBret pl.a2085andieh)identifes u s e d
statistically interesting relationships 1in
based on four key measurements: confidence, which is the estimate of the conditional
probability of an itemset Y given anothemiset X(Hahsler et al., 2005support, which

is the proportion of observations in the dataset that contain the itengbiethXler et al.,
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2005) lift, which is the deviation of the support from the expected value assuming
independencéHahsler et al., 2(); and, standardized lift, which is the lift relative to its
upper and lower bound@McNicholas et al.,, 2008)Following White et al. (2021),
standardized lift was used as the ranking method in this study. All analyses were conducted
with a minimum level of support of 0.005 to increase the number of rules derived, and two
to six items to ensure that the relatibips considered are complex, but not overly so

(McNicholas et al., 2008)

4.4 RESULTS AND DISCUSSION

4.4.1 Improving on Traditional Lag Times

An initial random forest analysis was undertaken to identify the most important
days corresponding t. coli presence invells when considering wet and dry days. It can
be seen that the most important time periods (identified as the lowest ranked) in predicting
E. coli presence in private wells are from day n {6 where n represents the date of the
sample collection. Hower, later days were also notable for their lower rankings, so, for
the purpose of this exploratory study, the definition of important was expanded to include
days n to r6, 9, 22, and r45 (i.e., days where the median fell below the dotted line in
Figure4-1A). To assess the impact of the various antecedent time periadf€ud the
predictive model, model accuracy was explored by adding one antecedent dayeat a t

(Figure4-1B).
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Figure 4-1: Summary output of random forest analysis exploring adversée. coli observations for
conditions from day n to day n60. Figure A depicts the ranking order of antecedent days, where lower
ranks represent more important variables. The dotted line highlights the highest mean rank of the
antecedent days considered (i.e., n 109, n-22, and n45). Figure B depicts the change in accuracy
after the addition of one further antecedent day (i.e., n to #5 represents the model accuracy when
days n to n45 are included in the model).
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The random forestnalysisshowsthatamajority d theincrease irmaccuracyoccurs
between then to n5 days(Figure4-1B). Theincrease in accuracy tails e n-16-day
mark andthe last slight increase in model accuracyat the R36-day mark This
exploratory study primarily focuses on the n t8@dayperiod to capitalize on the highest
model accuracyHowever cluster analysealso includedhe n to R5 and n to FiL6 dayto

see if trendswould become morevident usindess data.

4.4.2 ldentification of Rainfall Intermittency Patterns

It has been well documented in the literature that rain after dry periods can result in
pulses ofE. colii n wat er bodi esa (efgf Bamkedah,t2018; Carlton
et al., 2014; Kraay et al., 2020; Levy et al., 2016; Mohanty et al., 20tb)ain after wet
periods may not resul t i(@arltoroena. 2004pith@ugh on (
if infrastructure (eg., combined sewer systems, septic tanks) is overwhelmed, subsequent
contamination events may occ{Kraay et al., 2020)Given the importance of diwyet
patterns offt. colicontamination in groundwater and using the identified&glag period,
the mosfrequent 10% drywwet patterns associated wihcolicontamination in wells were
identified utilizing a spectral clustering approach as described earlier in the Methods

section Figure4-2).
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Figure 4-2: Summary of the top 10% (based on frequency) of drwet rainfall patterns leading to E. coli contamination in wells. A- represents
the prediction accuracy of each pattern in predictingE. coli contamination. B - represents the drywet pattern over the 36days preceding a
contamination event, where blue represents wet days and yellow represents dry daysi @epresents the maximum and median total rainfall
found within a specific pattern, across all pattern occurrences. Note: the-axis represents the ordeof patterns from most to least frequent.
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The most frequent patterns (n~30) cont ai
investigation, the total accumulated rainfall was very low (15.7415.4). This suggests
that there does not need to be a lot of &irtb mobilizeE. coli. What is seemingly more
important is the occurrence of dry days leading up to a contamination event, allowing for
E.coiaccumul ation to occur on the surf-ace (A
wet sequence leading & oli contamination in wells was of many wet days with low
total rainfall leading up to a contamination event, which improves contaminant transport
conditions as the soil remains dAprimedo (
connectivity), followed g a few dry days to encourage coli accumulation, and finally
wet days right before the contamination event. This latter observation held through all of
the most frequently occurring patterns, albeit with the total number of consecutive wet days

varyingfrom 3 to 30.

4.4.3 Identification of MeaningfuRainfall Intermittency Clusters

Following on from the wetlry pattern analyses, cluster analysis was utilized as a
means to determine identifiable clusters of rainfall patterns that resuf. inoli
contaminatio in a well. The purpose of this analysis was to determine specific
characteristics of clusters to provide more meaningful insights for well users and policy
makers. A critical element of this analysis was to determine whether or not the clusters
associaté with contamination events are significantly different from clusters that do not
result in contamination events. As a starting point, spectral analysis was used to determine

the optimal number of clusters based on the fraction of variance explaineanadkk up
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to a maximum of 30 clusters. Based solely on the machine learning method, the optimal

number of clusters was established to be 14.

When the clustering technique was set to equal 14, the outputted results did not
provide meaningful information. Instead, there were several clusters with similar
characteristics that could be easily confused with one another (e.g., multiple clusters had
similar rainfall amounts and wet to dry ratiogigure A.41). Uponfurther usetased
clustering, it was determined that the optimal number of clusters for meaningful output is
6 clusters, also supported by the original kick point of the spectral andhgisg A.42;
Figure4-3). Clusters were determined using wet and dry day paitemsre4-3A). Once
identified, clusters were further described udtngoliconcentration classes, coliLULC
contamination potential classes, and, stratigrapigu¢e4-3B). For clarification,E. coli
concentrations, LULC, and stratigraphy were not included in cluster creation, rather as a
method to describe the unique clusters. Inclusion of these variables in analyses is explored

in Sectiond4.4.4
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Figure 4-3: Box A depicts results from clustering showing rainfall pattern clusters resulting inE. coli
contamination in wells. Box B depicts a summary of these 6 clusters based on the breakdown of LULC,
Stratigraphy, and E. coli contamination severity, where the yaxis represents the percentage of the cluster.
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The cluster that is associated with the highest concentrationk. ofoli
contamination (combination of high and modeateoli countg is cluster 3, followed by
cluster 5 and then 6. Further, cluster 3 cmstéghe highest distribution of wells finished in
bedrock, the highest accumulated rainfall amount, and the highest distribution of LULC of
AhiEetlicont ami nati on potential 0. So, it can
LULCs that increase the pralence oE. coliand result in high surface runoff, stratigraphy
that is likely to have preferential flow paths to wells, and higher average rainfall amounts
result in the highest concentrationskaf coli contamination. A notable characteristic of
Cluste 5 is its highest di st r i kEucblicamtamination L UL C
potential 0 and its | ow aver age. coldoadmgissl | a m
possible based on LULC, the required rainfall amount to trangpoebli through the
system into a well is lower; this is a similar trend to that seen in cluster 4. Notably, cluster
4 has a higher proportion of low advegecoli contamination when compared to cluster
5. This may be attri but ed- whie there are many 406 s
opportunities for the concentration effect to take place, the saturation level of the vadose
zone may result in fewer connected pathways and rainfall amounts may be insufficient to
push any or all contaminants through the systersupport of this explanation and further
demonstration of the complexities involved in pathogen mobilization, 3 of 6 meaningful
clusters in the noadverseE. coliresults had very similar high dry day ratios, that in these
instances resulted in no preseraf E. coliin wells. A full summary of clusters based on

adverseE. coliobservations can be foundTiable4-4.
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Table 4-4: Summary of clusters based on adverse and neadverseE. coli observationsfrom n to n-36 days

AdverseE. coli Observations

Non-AdverseE. coli Observations

Cluster Cluster Cluster Cluster Cluster All Dry Cluster Cluster Cluster Cluster Cluster Cluster
Cluster 3
1 2 4 5 6 Days 1 2 3 4 5 6
Number of
unique 237 111 87 58 55 9 1 84 72 6 5 4 4
patterns
Number of
875 412 326 602 257 119 24473 30570 7401 2877 588 24780 354
observations
Max number
of wet/dry 21/35 26/34 21/35 8/36 13/36 23/36 6/36 21/35 2/36 19/35 2137 21/28
days
Mean
number of 11.3+4.68 12.93+4.53 12.26+3.3 1.71+1.26 4.44+3.33 6.67+7.3 | 0/37 1.80+.95 7.58+4.79 1.33+0.52 11.6%7.3 1.5+1 17.25+5.56
wet days
Mean
number of 25.7+4.68 24.07+4.53 24.74+3.3 35.29+1.26 32.56+3.33 30.33%7.3 35.240.95 29.42+4.79 35.67+0.52 25.4+7.3 35.5+1 19.75+5.56
dry days
Max rainfall
31.41 38.8 84.05 25.055 13.09 56.32 -- 40.61 39.31 57.64 17.96 18.14 40.01
range
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(i.e., the
maximum of
each
patter
range within
cluster)
25.13

Minimum 5 35.85

Mean 20.37£4.98 31.55+2.95 49.93+9.6

2.49 1.34 33.84

15.08+5.05 7.64+2.85 42.35+7.9

20.98 18.46

29.73+4.52

27.67+4.86 49.84+4.44

44.41 12.9

16.27+2.1

0 37.82

12.74+8.6  38.99+1.03

Max/Min

number of 13/1 13/1 8/1

consecutive
wet days
1.93+£1.32

Mean 1.98+1.45 1.82+1.25

31 6/1 6/1

1.39+0.52  1.42+0.79 1.94+1.46

3/1 8/1

1.47+0.57 1.92+1.22

211 8/1

1.14+0.38 2.15+1.68

1/1 6/1

1+0 2.38+1.37

Max/Min

number of 35/1 34/1 18/1

consecutive
dry days
4.04+4.41

Mean 3.45£3.29 3.37%+2.69

36/1 33/1 34/1

16.64+10.26 8.37+8.34 7.8+10.56

36/1 33/1

17.09£10.19 6.56+7.24

34/1 16/1

17.83+14.84 4.7+3.78

37/1 8/1

15.78+12.81 2.63+1.94
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LULC ratio:
Very High 0.412 0.4 0.368 0.485 0.488 0.462 0.397 0.418 0.373 0.398 0.318 0.282 0.456
High 0.287 0.311 0.353 0.252 0.305 0.227 0.285 0.318 0.366 0.33 0.52 0.393 0.319
Moderate 0.216 0.216 0.212 0.213 0.156 0.235 0.26 0.203 0.193 0.213 0.104 0.246 0.173
Low 0.085 0.073 0.067 0.05 0.051 0.076 0.058 0.062 0.069 0.059 0.058 0.079 0.052
Stratigraphy
ratio:

Bedrock 0.915 0.927 0.933 0.95 0.949 0.924 0.633 0.644 0.599 0.581 0.93 0.799 0.554
Overburden 0.085 0.073 0.067 0.05 0.051 0.076 0.367 0.356 0.401 0.419 0.07 0.201 0.446
E. coli ratio:

High 0.112 0.114 0.12 0.106 0.136 0.101
Moderate 0.167 0.138 0.19 0.148 0.16 0.185
Low 0.721 0.748 0.69 0.746 0.704 0.714
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To ensure that the clusters associated with ad¥#erseli contamination in wells are
unique, pattern clusters were also explored foraawrerseE. coliresults. Comparing the
patterns between adverse and-adnerse observations found that there wetevi€tdry
patterns (around 0.5% of the patterns resulting in adverse observation) found in both
analyses. The most common pattern found inadwerse observations (n = 24,473) was
37 dry days (n to436); a lack of rainfall means that there is no transpwchanism to
introduce contaminants into the system. While this pattern also resulted in adverse
observations (n = 322), a well is statistically significantlw§ue < 0.01) less likely to
experience ak. colicontamination event. However, none of tiieer clusters demonstrate
strong differentiating trends sufficient to identify patterns of drivers associateé vt

contamination in wells.

Given thatexploring clusterg$or patterning between to n36 day did not provide
any significant trendsadditionalcluger analyses wereonducted for patterningsingn to
n-5 days(63 patterns 692578 observations84% cluster accuragyand n to Al6 days
(5,853 patterns436,2830bservations92% cluste accuracy to determine if less data
would offer clearer trendslowever,similar to the n to R36 day trendshe n to 5 (Table
A.4-1) and n to Al6 day(Table A.42) periods did nouncover anysignificant trends
Generally,for boththe n to RS and n to fl6 day clusteranalysesclusterscapturing
adverse observations have slightly higher proportions of very high LEBLColi
contamination potential(0.414:0.026) and bedrock bottom of well stratigraphy
(0.7180.019 when compared toclusters capturing neadverse observations

(0.389t0.01; p<0.001ard 0.638t0.01; p<0.001 respectively. This supportgrevious
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findings that identifiedhigher E. coli contamination potentighssociatedvith specific
LULCs (i.e., agricultural/pastat) (White et al., 2023a) anaells finished in consolidated
formations (i.e., bedrocKWhite et al., 2021)Clusters from the n to-h6 analysishowa
trend in the number afet and dry daywithin a patternSpecifically, the adverse clusters
have slightly fewer mean wet days (6.92£6.14) and slightly more mean dy days
(10.1+6.14) than the nonadverse clusterg8+6.81, p<0.001 and 96.81; p<0.001
respectively) This trend supports literature discussop the impact of the
concentration/dilution effect arontamination eventsvheretheseeventsareslightly more
likely to occurwith higher dry:wet day rati Since thecluster analyses using less data
(i.e., n to R5 and n to fiL6 days)were notsubstantiallymore insightful than the n to-36
day analysis, the remaindef these analysesonly consier the n to ¥86 day antecedent

conditionsto capitalize on the highest model accuracy.

4.4.4 Addition of Variables to Improve Accuracy

As previously noted, LULCE. coli Contamination Potential classes and stratigraphic
data, that better represent loading, mobilization, and transport processes than rainfall alone,
may improve predictive accuracy. Overall, compared to rainfall alone, the classification
accuracy slightly ioreases from 98.33% at3% days to 98.52% at36 days when rainfall
and LULC are used to predié. coli contamination, followed closely by rainfall and
stratigraphy (~98.42% at36 days). When all three predictors are used, the classification
accuracydrops slightly (~98.27% at-86 days) which may be due to too many redundant
or irrelevant variables being considered, introducing unnecessary complexity and possible

overfitting of the model, or confounding variables, all of which result in a decrease in
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predictive accuracy L e p er i | .&his makes.itveryzl@at tha} rainfall is the main
driver associated witk. colicontamination in wells. While the addition of other variables
slightly increases the predictive accuracy, the additional compogtiand data

requirements would generally not be worth the resulting improvements.

4.4.5 Regressiomechniques

4.4.5.1 Variable Selection

Exploration utilizing classification and clustering techniques provided an
identification of the defined antecedent tiperiod(i.e., ni 36 days) for contamination
potential within wells, but was unable to identify unique raiffalbed patterns driving
these contamination events. To better explain these occurrences, regassidn
techniques were utilized (i.e., MARS,ABILSS, LASSO Regression, PLS). Model
building began with 11 independent variables (maximum number of consecutive wet days,
maximum number of consecutive dry days, number of wet days, number of dry days, total
rainfall, mean of rainfall, standard deviatioh rainfall, maximum single day rainfall,
number of wedry cycles, LULC, and stratigraphy). In an attempt to simplify models,
variable selection was conducted using the four regression techniques and compared to
identify common nossignificant variablesWhen allE. coli data were included, with a
dependent variable of presence/absencee.oftoli, MARS, GAMLSS, and LASSO
regression all identified number of dry days as -sigmificant in explainingg. coli
presence/absence in a well; two of three technigMsRS and GAMLSS) identified
maximum single day rainfall and standard deviation of rainfall assigomficant, and one

of three techniques (MARS) identified LULC, number of wet days, consecutive number of
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wet days, stratigraphy, and total rainfall as #sagnificant. Therefore, maximum single
day rainfall, standard deviation of rainfall, and number of dry days were removed from

subsequent analyses focused ortaltoli data

Considering only adverdge. coli observations (1 81 CFU/100mL), MARS only
corsidered LULC as significant. The other three techniques (GAMLSS, LASSO, and PLS)
provided more insights into variable selection, identifying standard deviation of rainfall as
nonsignificant in explainingE. coli concentration in a well. Two of the techoéag
identified maximum single day rainfall (GAMLSS and PLS), consecutive dry days
(GAMLSS and LASSO), and number of dry days (GAMLSS and LASSO) as non
significant, and one of three identified number of wet days (GAMLSS), mean rainfall
(PLS), and total rafiall (PLS) as nossignificant. This resulted in the removal of the same
variables as for alE. coli data (i.e., standard deviation of rainfall, maximum single day
rainfall, and number of dry days) and the additional removal of consecutive dry days, in

subsequent analyses exploring adveEseoli observations.

4.4.5.2 Regression Outputs

While regression techniques do not produce confident predictive models due to low
R? values, models provided explanatory trends of E&llcoli and adverseE. coli
observationgTable4-5). The variables mean and total rainfall were found to be significant
when exploring alE. coli observations. As mean and total rainfall increases, there is a
greater likelihood oE. colipresence in wells. Further, MARS models identified a threshold

(knot) at 12.25mm mean rainfall, above which (>= 12.25 mm) the likelihodgl obli
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presence increases 2x faster than values less than this threshold (< 12.25 mm). However,

these variables weret deemed significant.

Based on summary outputs, LULE. coli Contamination Potential class was
identified as a notable variable. Generally, the higher the LEBLColi Contamination
Potential class, the more likely coliwill be found in a well and &t higher concentration.

The output of the adverde colibased MARS model identifies a threshold (knot) at the
high class (3); for values less than 3 (representing the transition from low to moderate and
from moderate to high) the likelihood Bf colipresence increased at a rate 2x greater than

the transition from high to very high. colicontamination potential.

Models show that when considering consecutive wet days, the more consecutive
wet days, the more likely it is th&. coli is present, but # greater the number of
consecutive wet days, the lower concentration levels. This supports the theory that rainfall
is required to introduce pathogens into a well, as well as the concentration and dilution
effects- higher concentrations occur followingver consecutive wet days and lower
concentrations occur following more consecutive wet days. The numberwaktigycles
depicts a similar finding with an increased number of cycles increasing the likelihood of
experiencinge. colipresence while also deeasing the severity of the contamination event.
Further, the MARS techniqudentifies a threshold (knot) at 11 cycles, whereby there is a
gentler increase in likelihood d&. coli presence less than 11 cycles, and an average 3x

greater rate increase paise 11 cycles.
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Table4-5: Summary of regression technique outputs foEaltoliand advers&. coli observations.

All E. coli Observations

AdverseE. coli Observations

MARS* GAMLSS LASSO MARS* GAMLSS LASSO PLS**
Intercept 100%  -5.96+3.97E2  -6.04E2+1.23E3  100% 2.17+3.13E2 7.35+5.46E1
Stratigraphy NS -3.37E1+6.43E3 -1.08E2:2.02E4 NS  6.23E2+9.06E3  1.20 + 1.82FL 2
LULC NS  6.58E2 + 2.99E3 2.18E3+1.00E4  100% 8.65E2 + 5.09E3  1.60 * 6.75E2 1
Consecutive s 1 7381+341E3 6.06E3+1.22E4 NS -1.76E2+4.29E3  -2.43E1+1.16E1 3
Wet Days
gf;s[’g;‘g“’e 50%  5.04E2+ 1.20E3 2.01E3+3.18E5 NSVR NS-VR NS-VR NS-VR
Number of NS  -6.86E2+257E3 -3.39E3+7.96E5 NS NS NS 5
Wet Days
;(;Eﬁ!‘all NS  1.11E3+1.44E4 1.52E4+5.14E6 NS NS 7.21E3+1.65E3 6
'\R";?]?a” 100% 6.88E2 + 1.10E3  1.27E3+4.21E5 NS NS NS NS
Number of 0 + + + +
Cycles 100% 2.04E1+2.32E3  7.23E3+7.37E5 NS  -7.73E3+1.64E3 -1.21E1+5.05E2 3

NS-VR i Not significant in model based on variable reduction irsection4.4.5.1
NS Not deemed significant in model
* Cell value represents the percentage of the 10 trainingesting data splits a given variable was deeed significant in
** Cell value represents the summarized variable importance ranking across the 10 trainintgsting data splits
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4.4.5.3 Association Rule Analyses

Association rule analyses (ARA) conducted orialtoli data found that, when only
interested in rules containing an adverse event, all rules require stratigraphy to be
consolidated. This could be due to the existence of preferential flow paths due to fracturing,
resulting in rapid transport &:. colifrom thesurface to the well. Additionally, of the eight
rules identified, five required 134 wetdry cycles. Similar to the regressibased
techniques, this may reflect the concentration and dilution effects. Four of eight rules
identified a total rainfall rargyof 124i 321mm required foE. colito be present in a well.
Exploration of ARA results based on adveEseoli data, found that the majority of rules
resulting in an advers&. coli category of moderate or high required the LULC
contamination potentiallass to be very high. Rainfall patterns specifically did not appear
to result in any notable trends, despite previously having been identified as the primary

driver of contamination (accuracy assessment with additional variables).

4.5  STUuDY LIMITATIONS

The WWTD is subject to methodological limitations associated with coli
guantification uncertainties which cannot be quantified with the available data. Further, the
WWIS database is subject to data entry errors, as borehole logs are hand recorded in the
feld and | ater transcribed into an online da
Rainfall values were not measured directly, rather they are based on an estimated
conversion from precipitation to rainfall, but the uncertainties from these calaglatio

cannot be quantified as actual values are not known.
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4.6  CONCLUSION

Studies exploring the impact of rainfall lag timestartolicontamination of water and
diarrhea occurrence in the human population have been well documented, though there is
no strong casensus. While data availability can be a limitation in other studies, this study
utilizes a large dataset and an array of machine learning techniques, including clustering,
classification, and regression techniques, in an attempt to improve understdmdintall
lag times and strengthen understanding of key rainfall pattern characteristics. A
combination of classification and clustering techniques defined an antecedent time period
to consider in predictinde. coli presencein wells was n to n36 days,although a
computationally conservative lag time of n td@days is acceptable. Additionally, if there
is no rainfall present during the n te36 days, there is a statistically significantly lower
chance that a well will be contaminated, likely duehi® lack of a transport mechanism.
Although this work was conducted on a large dataset, clustering and classification
techniques were not able to identify any additional confident trends when considering

antecedent rainfall conditions leading to well conteation.

Although only one rainfall intermittency pattern surfaced as important (zero rain in the
preceding period), regression techniques did identify some insights to ekplaioli

presence and severity in wells:

1 Increasing LULC contamination potegiti classes resulted in an increased
likelihood of E. coli presence and severity in wells, with a threshold at the high
class (3) resulting in severity increasing at a 2x faster rate from classes low to

moderate and moderate to high, versus from high tphigh;
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1 Increasing the number of consecutive wet days and number edryvetycles
increases the likelihood &. coli presence and decreases the likely severity of the
contamination events. Further, a knot is present at 11 cycles where likelin6od of
cdli presence increases at a rate 3x faster past thgcld point, and;

1 Association rule analysis suggests that wells located in consolidated material are at
a higher likelihood oE. colipresence given a source of contamination and rainfall

to mobilise t.

This study demonstrates that, even with a large rdutiensional dataset, the presence
and severity ofE. coli in private wells cannot be predicted utilizing only rainfall
intermittency patterns. However, the identification of explanatory varialbleis,relative
importance, and effects oB. coli presence, in combination with other explanatory
considerations (e.g., well characteristics, topographic characteristics) can be used to inform

and advance the development of future predictive-diat@n fat and transport models.
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Summary of Paper4: Towards aCoupledSystem Approacfor the Exploration oE. coli
Contamination in Private Drinking Water Wells, by K. White, C. Schuétallace, and S.

DicksonAndersonWill be submitted tdNater Researchy August 2023
Summary:

This researcpulls together chapters 2 through 4doynbiring identified trends in well
characteristics, human behaviour, hydrogeology, LUh&SedE. coli contamination
potential, and rainfall intermittency patterning aexploring new variables including
geographically driven seasonal delineations, sm@ater equwvalent, andau s er 6 s c | 0 s ¢
drop-off location accessibilityand geographic testing pattermsto a coupld-systems
model. This coupledsystens model explores howhe physical and social environments

come together to impakEt coliin private wells in Ontariol he results of this demonstrated:

1 A novel geographicaliriven seasonal threshold introduced for Ontamiproves
understanding of impacts ghysical and socialariables orkE. coli presence in
private wells;

1 Human behavioubased variablesignificantin most models, validating the need
to use a coupledystems approach

1 A threshold of convenience testi(g835 minutes onavay driving to sample drep
off) versus habitual testin@>50 minutes onavay driving to sample drepff)
emergedand

1 LULC E. colicontamination potential has the greatest and most robust association

with E. colipresence and concentrationwellsfor all modes and seasons

14C



Ph.D. Thesis K. White McMaster Universityi Civil Engineering

5.1 ABSTRACT

In Canada, there is a heavy reliance on private drinking water sources whichspresent
unique challenges due to a lack of governmental regulations and limited resources for
maintenance, management, and protection, which collectively may lead to negative
impacts on human health. The purpose of this studydsuelopan initial model capting
meteorological, hydrogeological, microbiological, well characteristic, and human
behaviour variabless a first stepowards a novel coupleslystems approach to explaig

the presence and concentratioriEotoliin private wells.

Innovative superiged regressicbhased machine learning techniques were applied to
a compilation dataset of 5 unique datasets with 795,023 observations and 33 variables.
Three different regression techniques, univariate and bivariate analyses, and variable
discretizationas well as a new approach to identify seasonal delineations for better
articulation of discrete hydrmeteorological regimes (i.e., summer, autumn and spring,
winter) were utilized to improve the understanding of relative impacts and importance of

physicaland human behaviour variables on well contamination.

Key findings includehuman behaviodbased variablesre importanin mostmodels
a coupledsystemsapproachs necessarjo increase explanatory powdrand UselLand
Cover has the greatest impact Bn coli presence and concentratjoweatherbased
vari ables are only significant i n the #fAsh

demonstrating the importance of the concentratidution effect; and, critical well

characteristic variables include well depth and bottom of well stagiiyr These findings
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demonstrate that applying regresslmased machine learning techniques to a large,
coupledsystens dataset, will have a wide array of applications both geographically and
conceptually Further, itoffers an innovative way forward to prove knowledge and
understanding of private well contamination and stewardship for wells owners and policy

makers.

5.2  INTRODUCTION

There is a heavy reliance on groundwater as a drinking water source both globally
(35%; UN Water, 2015)and within the Canadmcontext (33%Boisvert and Cotteret,
2021) Private groundwater sourceslied on for drinking water by 12% (~4.5 million) of
Canadiang$Rivera, 2017)often present challenges including lack of regulation and limited
resources for maintenance, managetnend protectionfMurphy et al., 2016) The
dependence on these private drinking water systems results in an increased health risk due
to potential exposure to microbial contamination, sudbsaterichia col{E. coli), causing
acute gastrointestinaliless (AGI). To mitigate this vulnerability to illness caused by the
reliance on private wells, it is important to better understand how and when these pathogens
are entering and travelling through the groundwater system and the potential exacerbation
or mitigation of risk through well stewardship. This can be improved through an
understanding of the impact of weather patterns, hydrogeological conditions,
contamination sources and loadings, and well conditions (location, construction, and

maintenance) on éhfate and transport of contaminants in aquife@6 Dwy er et al
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combined withthe knowledge, attitudes, and practices of private wells (savsllee et

al., 2021)

In Ontario, winters are cold, with precipitation often falling as snow and high
likelihood of frozen ground and water bodies. Spsegsongre often more unpredictable
with temperatures beginning to increase above zero, resulting in mixed precipitation (snow,
rain, and sleet) in conjunction with thaw of soils, snowpacks, and rivkrlake ice.
Summers are often hot and humid, particularly in southern Ontario, with the potential for
intense summer storms generating significant runoff events and localised flooding.
Autumn seasons are often characterized by cooling temperatures gsultimixed
precipitation. These geographicatlyiven unique seasons impact the loading, fate, and
transport ofE. coliin the subsurfacéMichel et al., 1999; Reynolds et al., 2020; White et
al., 2021) White et al. (2021) explored the impacts of seasgn@htitude and longitude,
guarterly seasons) dh colicontamination in private wellnd foundhat latitude was an
important variable and seasonality was introduced as a possible driver of contamination
However the findings were not conclusive, iy due to the use of static feoronth blocks
across all latitudeshis is not surprising, as seasons vary significantly across Ontario in
terms of average conditions, onset, and duration due to the large geographic extent

(OASDI, 2023) hence the great@vestigation of seasons in this article

As seasonally driven heavy precipitation events, snow melt, andrywgiatterning
are tied to acute gastrointestinal illness (AGI) in hun{®&sRoos et al., 2020; Kraay et

al., 2020; Namugize et al., 2018; Whan et al., 2008}the uncertainty caused by spatially
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dependent seasonal onset results in differential risks to private well users. This has been
explored in depth byhite et al. 20230, which founda criticalantecedent period of 36

days during which rainfall patterns are associated Rittolipresence and concentrations

in wells. Specifically, no rainfall in those 36 antecedent days significantly reduced the
likelihood of E. coliin wells. Additionally, inceasing the number of consecutive wet days,

as well as the number of wet/dry cycles, was associated with an increased likeliBood of

coli presence in wells, but at reduced concentrations

LULC types are associated with unique loading and transport misai&that may
drive E. coli contamination in wells or protect against it. For example, agricultural areas
increase likelihood of contamination due to animal presence increasing loading, and areas
such as wetlands are protective against contamination alukeir natural filtration
propertiegWhite et al., 2023aWhile several studies have aimed to explain or prédict
coli presence or concentration in surface water or groundwater based on(laht@r et
al., 2019; Namugize et al., 2018; PaMercado ¢al., 2016; White et al., 2023a)one
have included a full range of LULC types as an independent variable in -drilata

multivariate regression model for private wels presented here

A wel |l user 6s knowl edge, a tlitas perceptoss, and
regarding their well, have been linked to well stewardship behaviour and therefore human
exposure to groundwatdorne pathogenf_avallee et al., 2023, 2021This opens the
opportunity to further explore how human behaviours affect amedaffected by the

presence and concentration Bf coli in private wells. For example, a link has been
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established in the literature between increased frequendy. ali occurrence and
increased sampling frequenélyatchmore et al., 2020¥hough theras no evidence to
suggest this is a causal relationship, rather the association likely exists because
contamination events can only be detected if they are actively testdeufdner, it has

been found that well users will be more likely to repeatrigstb seek reassurance that
their water is safe, either out of habit or after receiving an adverse sampléQ@esyiim

et al., 2020)Building on these different bodies of research, greater coupling through the
integration of variables that representtboatural and human systeridi Pelino et al.,
2019)in a single datariven model is anticipated to capture more comprehensive and

realistic connections to better inform risk mitigation strategies for private well users.

This work aims to develop an adwad, datadriven model based on environmental
and human behaviour processes, towards the development of a esygiksds model
exploringE. coli presence in private well§igure5-1). The model is based on a dataset
that captures meteorological, hydrogeological, microbiological, well characteristic, and
human behaviour variables. This is undertaken through a novel application of supervised
regression machine learnitgchniquesbasingresults inprocess knowledgeo improve
the understanding of relative impacts and importance of physical and human behaviour
variables on well contamination, a feat too complex for typical praz@ssd modeldn
developing the model,naadditional objective is to develop a geogiaglty-driven

approach to capture variations in seasonality associated with latitude.
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Figure 5-1: Summary of key elements of coupledgystems model explored in this work to explaift. coli contamination events in private wells.
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5.3 METHODS
5.3.1 Datasets

The analyses in this paper have been undertaken in part using an -Opémifac
groundwater dataset thabntains 795,023 well sample observations for 253,136 unique
private wells detailing microbial testing, well characteristics, and hydrogeological
characteristics, combining the Well Water Testing Dataset (WWTD) and the Well Water
Information System (WWIS)lhese datasets have been previously explored in Latchmore
et al. (2020) and White et al. (2021). Additional datasets were combined with the private
well dataset to explore the impacts of topographic, meteorological, land use land cover,
and transportationetwork variables oft. coli contamination and the impact of sample

drop-off accessibility Table5-1).

Table 5-1: Summary of datasets and variable used in this study.

Dataset Variables Specifications Reference

i E. coliobservation
Private Well Data coliobservations

. Well | ion D vailabl

(Well WaterTesting ell locatio ata available (Latchmore eal,

Well depth from 2010 to 2020: White et al.
Database (WWTD) Bottom stratigraphy 2017 ’ ’
augmented by Well e g . Py . 2021)

. Specific capacity Point

Water Information . .

Testing date observations

System (WWIS)) Testing frequency

Data available ) .
(Ontario Ministry

. Casing Material from 1899 to )
Domestic Well Data _ ... 9 of Environment
Drilling Method 2021 .
(WWIS only) ) . Conservation and
Well Location Point
. Parks, 2020)
observations
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Data available
from 1980 to (Thornton et al.,
Snow Water 2020)

\ resent da
Equivalent (SWE) [();rid size 1im X

1km

Meteorological Data Data available
(Daymet V4.0) from 2010 to

Rainfall 2017
Grid size 1km x
1km
Data available
from 1981i 2010 (McKenney et al.,
Grid size 2km x  2014)

(White et al.,
2023b)

PlantHardiness Zone:

2km
Topographic Data Data available (Ontario Ministry
D g of Natural
(Provincial Digital . from 2020
i Elevation . Resources and
Elevation Model Grid size 30m x Forestry, 2019)
(PDEM)) 30m 4
Data available
LULC E. coli from 1999 to )
LULC Data contamination 2015 (Zvalggae)et al,
potential classes Grid size 15m x
15m
Data available
Roads network from 2015 to (DMTI Spatial
R N k
oads Networ Posted Speed 2020 Inc., 2021)
Network

5.3.2 Data Processing

External datasets were linked to the privaed dataset using the Spatial Analyst toolbox
in ArcGIS and new variables created from the combined daféable 5-2). Given the
range of spatial resolutions represented in these eliffetatasets, all values were linked

to the unique well location (point data) in the new combined dataset. For snow water
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equivalent (SWE) and rainfall data, the day of the water quality test was used in

combination with well location to create spat@mporal datasets.
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Table 5-2: Summary of all variables.

Sub-Classfications

Parameter Description Continuous Derived for Current
Data Range -
Analysis
Number ofE. coli
reported in sample nondetects (ND): O
E. coli Result by laboratory. 0-81 Category 1: 110
(from White et al., 2021) Laboratory CFU/100mL  Category 2: 11550

Reporting Range: 0
80 CFU/100 mL

Category 3:

Location of well Latitude:-85.5-

Location geographically, in -75.0 Binned into 0.5 degree
(from White et al., 2021) longitude and Longitude: 42.5 ranges

latitude 1 49.0
Date of Observation Date of water sample Jan 1, 2010
(from White et al., 2021) collection Dec 31, 2017

. Consolidated (further
Stratigraphy of . .
. . categorised as igneous,

Geological Formation geolo_glc form_atlon metamorphic

in which well is N/A :

(from White et al., 2021)

situated (originally
recorded in ft)

sedimentary]1)

Unconsolidated0)

Information recorded
from pump test
includes static water
level, water level

Low (0- <3.3 GPM/m)

Specific Capacity after pumping, pump 0.0017 1919 Moderate (3.3 16.4
(from White et al., 2021) ' GPM/ft GPM/m)
test rate, and pu| .
test duration P High (>16.4 GPM/m
(originally recorded
in GPM/ft)
Distance from
Well Depth ground surface to 1-760m Shallow/Moderate (<

(from White et al., 2021)

bottom of well

12.5 m)
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(originally recorded Moder at
in ft) and 18.3 m)
classification of well Moder at
depth 24.4 m)
Moder at
31.1m)
Moder at
41.8 m)
Moder at
61 m)
Deep (O
Rainfall i Consecutive Number of Wet Days Maximum number of 07 18days
(from White et al., 2023b) consecutive wet day:
Rainfall i Number of Dry-Wet Cycles \?Vg??; 8‘; ng;nber of 07 24
(from White et al. 20230 0 dry day
transitions
Refers to how humar
activities and natural Very High (1)
LULC E. coli Contamination Potential Classes  elements on the land 17 4 High (2)
(from White et al., 2023a) may impacte. coli Moderate(3)
contamination in Low (4)
wells
SWET Maximum Number of Consecutive Melt ~ Maximum number of 5—dadys. 06
Days consecutivenelt aYS"
; 36-days: 01 37
(derived for current analyses) days days
Sum of dailymelt
overperiod of 5-days: Of
SWET Cumulative Melt During Maximum maximum :
. . . 130.8mm
Consecutive Melt Day Period consecutivenelt 36-days: OF
(derived for current analyses) daysoverdefined 538 7ﬁnn

antecedent time
period
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Maximum value of a

. . single daymelt event 5-days: O
SWET Single Day Maximum Melt X 129mm
(derived for current analyses) overthedeflned 36-days: 07
antecedent time :
) 158.2mm
period
Count ofmeltdays 5-days: 0 6
SWE i Number of Melt Days over the defined days
(derived for current analyses) antecedent time 36-days: 01 37
period days
Sum of dailymelt 5-days: Oi
SWE i Total Melt over defined 130.8mm
(derived for current analyses) antecedent time 36-days: Oi
period 238.7mm
5-days: O
Total Water Sum of rainfall and 158.8mm
(derived for current analyses) snow melt 36-days: Oi
336.9mm
Assignsdensity Category 1
Well Density xﬁlﬁ]ié? g}[ivtéized or 07366 Category 2
(derived for current analyses) : . wells/k? Category 3
contained within, anc Category 4
neighbouring
Accumulated fbw .
into a tile based on g::ggg:y ;%8 ﬁ)O) z
Flow Accumulation® surrounding gory .
: . 0-68160808 Category 3100 x <
(derived for current analyses) elevations and 100
oo Categorign 4
Categoryl (Boring,
. Digging, Cable Tool)
Drilling Method V'\C'eeltlhé’:ritr‘;egﬁtgg'gl » Category2 (Other

(derived for current analyses)

construction

Methods, Rotary
Conventional, Rotary
Reverse)
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Category 3 (Jetting,
Diamond, Rotary Air)
Category 4 (Air
Percussion, Driving)

Casing Diameter

Diameter of well

(from White et al., 2021) casing at surface 0T 6.4m
Category 1 Potential
Cracking(Plastic,
Concrete, Fiberglass)
. . Material used for Category 2 Open Hole
(Bdoe}:ﬁ/rg dcigflgl?rr'\gr?'rgﬁlyses) well 8s cac 1-4 Categqry 3 Potential
bottom of well Corrosion (Galvanized
Steel, Steel)
Category 4 Stainless
Steel
Testing Frequency Number of times .
(from White et al.. 2021) user tested well over 171 446
8-year study period
Within a1km by
Testing Ratio 1km grid, ratio of 0-1
(derived forcurrent analyses) tested to no#tested
domestic wells
99" Percentile Hotspot
(3)
95" Percentile Hotspot
Statistically 2)
Testing Hotspot significant hot and 90" Percentile Hotspot
cold spots on a map, -3-3 (N

(derived for current analyses)

weighted using
testing ratios

Not Significant (0)

90" Percentile Coldspot
(-1)

95" Percentile Coldspot
(-2)
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99" Percentile Coldspot
(-3)

Closest Dropoff Location i Hours/Month

Number of hours per
month the closest

(derived forcurrent analyses) drop-off location is 07 208 hrs
open for dropoffs
Number of days per
Closest Dropoff Location i Days/Month month the closest .
_ s 07 20 days
(derived for current analyses) drop-off location is
open fordrop-offs
Whether the closest
Closest Dropoff Location i Open Evenings drop-off location IS
: open for dropoffs in 0,1
(derived for current analyses) .
the evenings (after
6pm)
Whether the closest
Closest Dropoff Location i Open Lunches drop-off location is
. 0,1
(derived forcurrent analyses) open for dropoffs
over lunch
Whether the closest
Closest Dropoff Location i Seasonal Hours drop-off location has
: 0,1
(derived for current analyses) seasond based
hours
: . . Closest location
CIos_estDrop—Off Location Driving Distance based on driving 07 4490 km
(derived for current analyses) .
distance (km)
: - : Closest location
Closest DropOff Location Driving Time based on driving 0-757.7 min
(derived for current analyses) . .
time (min)
Month of Test Month water sample 1 (Jan) 12
(from White et al., 2021) was submitted (Dec)
Year of Test Year water sample 2010- 2017

(from White et al., 2021)

was submitted
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MR-fino signi
evidenceo (

Returned testing MR-Aino resul

First Test Result Status message of first ~
(from White et al., 2021) water sample 1-4 '(\g)R -imay be u
submission

MR-fiunsafe t

(4)

!Continuous data range value represents the number of 30mx30m tiles thatdlavgiven tile
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5.3.2.1 Seasonalransitionldentification

As precipitation falling as snow rather than rain contributes differentli.tcoli
contamination in groundwatéinvik et al., 2019) and latitude is a driver cdeasonal
timings, which in turn is a driver gfround permeability (i.e., frozen, dry, saturai@ihite
et al., 2021)this work moves beyond a fixed definition of seasons to one that incorporates
latitudinal effects TheCanadian Plant HardineZ®nes (Ontario contains Ob to Ragre
used asa starting point for a more flexible delineation of seasons. Theses were
originally established to guide plant choices developed astognbination of temperature,
precipitation, wind speed, and snow ttefMcKenney et al., 2014)Within each plant

hardiness zonghe onset and cessation of winter were delineated based on SWE.

To use SWE for the determination of seasonal transitions, a dataset was developed that
associates SWE (pulled from Daymet) wstfatial extents oéach Plant Hardiness Zone.
This was achieved through a mdtep process. A 2km x 2km grid was superimposed over
the Daymet data (1x1km grid cells) for Ontario, such that each 2 x 2 km cell includes four
Daymet grid cells. A systematgampling techniquavas then employed to develop a
location dataset by extracting the location of the centre of the NW Daymet grid cell within
each 2 x 2 km grid cell. Daily SWE data were then extracted fromdlimet dathase for
each location in the lodah dataset across the years of studn(ary 1, 2010 to December
31, 2017. Absolute values of snow water equivalent (SWE) wien converted into
changes in SWEGEWE) calculated as:

YY®O YOO YOO
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wheret is the day of the SWE measurerneA positive aSWE represents snow

accumulation and a negatis&WE represents snowmelt.

To identify the onset of winter and spring within a particular zone, all occurrences of
snow accumulation (positivggSWE) or snowmelt (negativgSWE) (y-axis), respeactely,
were plotted against their respective month and daxi®) in separate boxplotEhe onset
of winter was defined as the date representing tfepécentile of SWE accumulation.
Similarly, the onset of spring was defined as the date representing‘thpe@®ntile of
SWE melt. The onset of summer and autumn were determined using the Ontario climate
zones, with the average date of last spring fassthe threshold for summer onset, and
average date of first fall frost as the threshold for autumn @EIAFRA, 2020;

PlantMaps, 2022)Figure5-2 andTable A.51).
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Figure 5-2: Summary of Ontario seasons (b) based on spatial digtutions of Hardiness Zones (a; derived by McKenney et al. (2014)).
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5.3.2.2 Physical Model Variables

While some variables have already been identified as important with respect to well
contamination in the literature through previous analyses of this dataseE(ieoli
observation, location, date of observation, geological formation, specific capaelty
depth, rainfall, LULC, critical antecedent period¥Yhite et al., 2023a, 2023b, 2021)
others are being explored for the first time in the context of this private well dataset (i.e.,
DSWE, well density, flow accumulation, drilling method, casingemal). Additionally,
this is the first time that all variables have been explored simultaneously and in conjunction
with human system variables (secti@n3.3 with the goal of explainingg. coli

contamination events.

Seasonality representse differet hydroclimatic processes that are prevalent in the
different seasons. For the purpose of this work, it is assumed that precipitation in winter
will only fall in frozen form(i.e., DSWE), precipitation in summer will only fall in liquid
form (i.e., rainfal), and precipitation in spring and autunfisiioulde6 model) will be
mixed (i.e., DSWE and rainfall). Precipitation in general is an important driver of private
well contamination. Precipitation drives infiltration, which transpdtscoli from the
surface, through the subsurface, into a well. For infiltration to occur, there must be a
connected path of liquid water through the soil. However, the infiltration rate is dependent
on antecedent precipitation and temperature conditions, as these impact riee afeg
saturated pore connectivity through saturation and groundwater phases (i.e., solid, liquid),

respectively. As such, rainfall and snowmelt intermitteareyexplored in this work. White
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et al. (2023b) identified twaritical antecedent periods for m@mination using rainfall

data. The first represents the best explanatory powedd$$) and the second represents

the best tradeff between computational requirements and explanatory powaay®).

Given these findings, the same antecedent periods alied taDSWE in the current
analyses. Similar to rainfall intermittency (White et al. 2023b), SWE variables considered
include maximum number of consecutive melt days, cumulative melt during max
consecutive melt day period, single day maximum meth ttumber of melt days, and

total melt. For the spring and autumn seasons, total water represents the summation of

rainfall and snow melt as a measure of water that is available for infiltration.

Flow accumulation is introduced to assess whether thelg loewvater pooling around
a well or if water is diverted away by the natural topography. Flow accumulation is
calculated using the flow direction and flow accumulation functions and the multiple flow
direction (MFD) algorithm in the ArcGIS Pro hydrologgotset. The MFD algorithm
partitions flow, proportional to slope, from one cell to all downslope neiglfanset al.,
2007) Elevation data from the Provincial Digital Elevation Model (PDE@ntario
Ministry of Natural Resources and Forestry, 2088¢used as an initial input to determine
the flow direction of surface runoff. The resulting raster file (30m x 30m) is then processed
with the flow accumulation function, calculating the accumulated weight of all cells
flowing into each downslope cell. Eachlculated cell value represents the number of cells

that flow into it. For this work, flow accumulation was also divided into categories where
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0-1 represents no/low accumulation1Q represents low/moderate accumulation1@0

moderate/high accumulatipand 100+ high/very high accumulatidrable5-2).

Well density is introduced to explore the possibility of preferential flow paths that can
be introduced eitherdtween the surface and subsurface along the well bore, or between
wells due to disturbances in the subsurface (e.qg., fracking). Well density was determined
using the kernel density function in the ArcGIS Pro density toolset, which calculates the
density ofpoint features around each output raster cell (applied at the center of each cell).
Kernel densityconceptuallyworks byfitting a smoothlycurved surfacever each point
(i.e., well location)with a twokilometre search radius extending from eagtut poing
known as the kernel surfa@@SRI, 2022) As all well locations are weighted equally, each
kernel surface has a value of one, where the highest surface value is at the point (well
location) and reaches zero at the search radius (2 km). Kernel densities are then calculated
based on a 1km x1km raster gbg summing the kernel surfactsat overlay theaster
cell centre(ESRI, 2022) Calculated kernel densitieseoutputed inthe form ofa 1km-
by-1km raster datasefThe resulting kernel densities spanned a large ran@ég)) so
categorical ranges wengeated ensuringn equal distributionf data in each randd@able

5-2).

Well drilling methods and well casing material data were obtaired the WWIS
database and assigneditoque wellsRegression techniques were used to rank the drilling
method and bottoraf well casing material based on thEir coli contamination potential,

following the same method as White et al. (282 whereE. coli concentration was used
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as the dependent variable and drilling method or bottom of well casing material used as
independent variables in two different models. Casing materials and drilling methods were
then ranked based on largéstsmallestegativeimpact toE. coli concentrationUsing

this ranking system, combined with the number of observations in the private well dataset
(i.e., with the goal of creating similar bin sizes), methods and materials were binned into
classes from one to fouwhereone representgreaterE. coli contamination potential

(Table5-2).

5.3.2.3 Human Behavior Modé¥ariables

While testing frequency within the private well dataset was explored in prior studies
(Latchmore et al., 2020; White et al., 2021gsting ratios, testing hotspots, diwip
location proximity and accessibility have not been explooedate Ontario wadivided
into 1km x 1km grid cells, and well locations from the private well dataset (i.e., wells that
have been tested at least once) and all domestic wells from the WWIS (i.e., locations of
drilled wells regardless of testing history) were plotted andnsamized within each cell.
The testing ratio was calculated by taking the number of wells from the private well dataset
(tested at least once over thgdéar period) divided by the total number of domestic wells
located in the cell. To reduce skewing of thata, cells were only considered to have a
robust ratio value if there were three or more domestic wells present. With gridded testing
ratios determined, unique domestic wells were assigned a ratio value from their
corresponding cell. Further, the optimiz hotspot analysis from the Mapping Clusters

Toolset in ArcGIS Pro was utilized to identify the hotspots (higher testing ratios) and
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coldspots (lower testing ratios) of testing in Ontario. This technique not only uses the

testing ratio values to identifstustering, but also assigns a confidence rating to each.

Within Ontario, there are many locations that accept water sampleotfsofor
Public Health Ontariods free water -o8ampl in
locations, each publichéah uni t 6s website was searched (
well testing. Across the 34 public health unit websites, 178-dffdpcations were clearly
identified by these websites. The position of all 178 locations were identified, while hours
werefound for 168 dropff locations. Closest drepff locations for each domestic well
were identified using the OrigiDestination (OD) Cost Matrix tool from the Network
Analyst Toolset in ArcGIS Pro. For this analysis a Roads Net{lDTI Spatial Inc.,

2021) wasacquired from DMTI Spatial Inc., containing datarast only the road network
itself but also the posted speed®r this analysisdrop-off locationswere labelled as
destinations and domestic well locatiamsrelabelled as origins. The tool thealculated

the driving distance (km) and time (minbuld take for a well user to reach the closest
dropoff location. Finally, the hours/month, days/month, evening availability, lunch
availability, and seasonal operation detafl$he nearest drepff locations wereassigned

to eachwell.

Bivariate analyses were conducted comparing driving time to nearesofirop
location to testing frequency, hotspot occurrence, coldspot occurrence, day of week, year
and month of test, anfirst test result status.€., no significant evidence @&. coli, no

result, may be unsafe to drink, or unsafe to driBk coli detected in the sample). Driving
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times were aggregated into groups of specific minimum driving times in 5 or 10 minute
increments (e.g., a group laleel 10 minutes represents wells with a single direction
driving time of greater than 10 minutes but less than the threshold of the next bin). Driving
times less than 30 minutes and longer than 70 minutes were binned into 10 minute time
steps, while drivingimes between 30 and 70 minutes were binned into 5 minute time steps

to capture more nuanced trends.

5.3.3 StatisticalAnalyses

Regressionbasedsupervised machine learning approaches were used to explore the
relationships between dependent variables and several independent variables. A series of
different techniqgues were employed to increase the robustness of explanatory findings.
Methods usedn this work include Multivariate Adaptive Regression Spline (MARS),
Generalized Additive Model for Location, Scale, and Shape (GAMLSS), and Least
Absolute Shrinkage and Selection Operator (LASSO). Generally, MARS was selected due
to its ability to allow highdegree interactions between independent vasablattempt to
predict the dependent varialfleriedman, 1991)GAMLSS was selected due to its ability
to deal with highly skewed and kurtotic distributig¢Gsasinopoulos and Rigby, 200@nd
LASSO was sected due to its natural ability for variable selection and its greater
prediction accuracy due to its use of an L1 penalty {&anstam and Cook, 2018l
three methods have been successfully used in a variety of grounthas¢er applications,

inclusve of the dependent variables of interest in this s{Mdyite et al., 2023b)
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Based on previous research indicating the significance of seasonality as a driver of
E. coli transport in thesubsurfacde.g., Atherholt et al., 2017; White et al., 202hd
recognizing that variabléskedto seasonality (such as snowmelt and rainfall) should only
be considered in models for seasanswhich these types of precipitation occur,
explanatory regression models were developeasonally( i . e . Asumnmer O,
Awi nt er 0, .TMhswhsaemplshedtisraugh a tatage process, with the first
stage being exploratory in nature and examirdivgrsephysical and humadependent
and independent variable sets. The second stage involved building infa®asdnal
based coupledystems explanatory models, utilizing the findings from the first stage

(Figure5-3).

Five dependent variables were employethe first stag, includingE. colipresence
(including nondetects)E. coli severity (restricted to adverg&e coli observations only),
testing hotspot, testing coldspot, and testing frequeléiyh respect to theE. coli
dependent variablegresencéndicates the likelihoodf E. colioccurrence in a well, while
severity indicates thievel of E. colicontaminationn a well. TheE. colirbased dependent
variables were utilized to construct exploratory models based on well characteristics,
location, and weatherThe testing hotspot, testing coldspot, and testing frequency
dependent variables were utilized developtesting dropoff locationbased exploratory

models.Figure5-3 shows the variable subsets included in each exploratory model

In the second stage, the only dependent variables explored wetfe ¢hébased

variables (i.e.presenceand severity) Important independent variables identified in the
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first stage (i.e., exploratory models), along with independent variables iderdgied
important in previous studi€®Vhite et al., 2023a, 2023b, 202®ere then used to develop

the seasonally driven informed coupkegstems modelsF{gure 5-3). As mentioned
previously, these models were developed seasonally to capture the relevant form(s) of

precipitation (i.e., rainfall, snowmelt).

MARS, GAMLSS, and LASSO regrdass were used for variable selectionboth
the exploratory and explanatory coup®gtems stages. Ongaportantvariableswere
identified, confounding variablesvere removegdand nodel parameters were fistened
(i.e., MARS tuned via degree of interacts and iterations; LASSO tuned via shrinkage
penalty or lambda value; and GAMLS tuned via fitting families), training and teséng
conducted on 10 unique data splits (80% training and 20% te§iifigle et al., 2023hb)
Independent variables were dezdinsignificant if two of threeegressiommethods agreed
onits removal. Model performansaerecompared using the coefficient of determination

(R?) and root mean squared error.
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Dependant Variable(s): Testing Frequency, Dependant Variable(s): E. coli Presence, E. coli
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Testing Drop-Off Testngropoﬁ tion-Based Well o Weather DEMEOrY
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o Closest Drop-Off e Driving Distance to o Well Depth « Number of Rainfall Wet/
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« Bottom of Well Casing Snow Melt Days * Fow Accumulation o Testing Hotspot or
Material « Bottom of Well Casing o Testing Frequency Coldspot
o Testing Frequency Material o Testing Hotspot or o Driving Time to Closest
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Coldspot o Testing Hotspot or e Driving Time to Closest
o Driving Time to Closest Coldspot Drop-off Location
Drop-off Location o Driving Time to Closest
Drop-off Location
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5.4  RESULTS AND DISCUSSION

The twostage analysis employed utilized #ploratory analysesSection5.4.1) for
variable selectiomwhich strengthened findings by informing variable choice in each of the
seasonal (i .e., fAsummer 0,expdasatoocoupleddsystens i wi nt

analysegSection5.4.2 (Figure5-3).

5.4.1 ExploratoryAnalyses
The exploratory analyses were initially undertakesing the weathebased
variables, followed by those using the well characteristic, locdtam®d, and human

behaviour variableets Figure5-4).
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Weather-based Model Well Characteristic Model

36 Day Antecedent Drilling Method

ASWE Conditions
5 Day Antecedent
ASWE Conditions

36 Day Antecedent
Rainfall Conditions

Bottom of Well
Casing Material
Well Depth

Casing Diameter

v A 4
Shoulder
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(36 Day Rainfall) ASWE) - Well Depth - Well Depth
- # Consecutive Rain Days - Total Water - Bottom of Well Casing - Bottom of Well Casing
- # Wet/Dry Cycles - # Wet/Dry Cycles Material Material
Winter All Seasons Winter All Seasons
(5 Day ASWE) (36 Day Rainfall + - Well Depth - Well Depth
- # Consecutive Rain Days ASWE) - Bottom of Well Casing
- # Wet/Dry Cycles - Total Water Material
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Figure 5-4: Summary of exploratory variable sets, identifying individual variables explored and
variables that were deemed important in the informed seasonal coupleystems models.

5.4.1.1 WeatherbasedModel
The current analyses are constrained to the shoulder and winter seasons where snow
melt occurs, as summer precipitation events have been thoroughly expl@vade et al.
(2023b) The key findings from White et al. (2023laye brought straight into the
explanatory model (Sectidn4.2). Specific findings from these previous analyisetude:
i) a 36day antecedent periddatwas most explanatory for contamination events; ii) the
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number of consecutive wet days and number of wet/dry cyEigare5-4); iii) zero wet
days in the 3@lay anteedent periodhat significantly reduce the likelihood d&. coli
contamination; and iv) an increased number of consecutive wet days or wet/drytteyicles

result in an increased likelihood Bf coli presence, but at lower concentrations, in wells

Snownelt conditions using the-&and 36day antecedent periods were explored in

separate fAshouldero and dAwinterd model s.

dependent K aolidkhddrewsatiiadd €acolilabsdefiadt/eorgeo
36-day antecedent period variable outperformed thelay antecedent variable in
GAMLSS and LASSO. This is likely due to the fact that there is mixed precipitation during
the shoulder seasormmbined withbsnowpack melandflow pathwaysdue to warmer air
temperatures and thawing soil matrix. Thus, thed&p antecedent period variable was
employed in the remaining shoulder season exploration mod#imately, the best
variable combinatiofall variables deemed important by GAMLSS, LASSO, and MARS)
carried through to the explanatory modedhs total water equivalent (rainfall + snow melt
water equivalent), number of rainfall wet/dry cycles, amtglativemelt duringmaximum
number ofconsecutivesnow melt days (Figure5-4). The models showed that increasing
amounts of total water equivalent up to a value of ~157mm results in incieéased
concentrations; howeveE. coli concentrations plateaued past this thresholcteasing

both rainfall wet/dry cycles andimulativemelt duringmaximumnumber ofconsecutive

snow melt daysresulted in decreases ih coli concentrations. This relationship is likely
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due to the fact that more pulses and larger volumes of watedilvik theE. coliin the

system.

For the Awintero model s H solionbgs etrhvea tdi eopnesnod
AiadvE cobeb s er vat idayratezgedent phried variable outperformed the 36
day with respect to explanatory power in both GAMLSS and LASSO. This is likely due to
the presence of frozen ground, which would decrease infiltration, and theleefood
transportopportunities. Winter temperatures in Ontario are typically below freezing, with
occasional melt even{®ASDI, 2023) Whenmelt events occur, their duration is typically
short. Thus, anf. colithat is mobilised may quickly travel to and contaminate la(we.,
within 5 days) or rdreeze, becoming immobilised again. This could also be associated
with increased inactivation or df rates ofE. coliin the colder winter temperatures, with
longer lag times presenting less of a concern. Thus,-tley &ntecedent period variable
was empl oyed i nwinterh e e ¥ elmari anti Thay mestivanable | s
combination that was carried through to the exploratory medsldetermined to include
maximum single day snow melBAMLSS, LASSQ and total number cfnow melt days
(GAMLSS, LASSO, MARS) Figure5-4). Increasing maximum single day snow melt was
found to increas&. coli concentrations, supporting the hypothesig 8reow melt is a
transport mechanism f&. coli(Staley et al., 2017While increasing the total number of
snow melt days increasé&s coli presence likelihood, it decreadéscoli concentration,

likely due to the dilution effedWhite et al., 2023a)
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An exploratory dall seasons o nasbe | was
variables, as the only variable that is physically relevant throughout the year is total water
equivalent. As such, total water equivalent was the only wehts®ad variable carried

forward to the explanatory stage 2 coupde¢t st ems fdall seasonso mod

5.4.1.2 Well CharacteristicsModel

Drilling method and bottom of wel/| casi
seasonso model to identify mEgue54hAsfweall cat e
drilling methods are typically associated with particular ranges for both depth and diameter,
it is likely that these variables will be confounglii\s suchexploratory analyses only ever
included one of these variables in the analyses at any givenRirse regression models
were used to group similar drilling methods based on their associationEwitioli
concentrationg-ourcategorieemergd with categoryl being associated with the highest
potential forE. coli contaminatiorand category 4 with the lowe§table 5-2). However,
these findings do notigh with the current understanding in the literature. For example,
both driving and jetting drilling methods weadentified as being associated with moderate
E. coli contamination potential, yet these methods are typically used to drill relatively
shallowwells. This contradicts the literature, which typically associates shallow wells with
higher E. coli contamination potentiale(g., Allen et al., 2019; Hynds et al., 2014
Kreutzwiser et al., 20105ince the well drilling method categories do not align with the

current physical understanding of the system, well depth and casing diameter were carried
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forward as independent well characteristic variables in the exploratory well characteristic

models.

Similarly, regression analyses were used to categorize bottom of well casing
materials based on their association vidthcoli contamination potential. Bottom of well
casingswere grouped into four categoriestegory 1 being associated with the highest
potential forE. coli contamination and category 4 with the lowg&ble 5-2). The very
high E. coli contamination potential classategory 1n =47,199 includes asings made
of fiberglass, concrete, and plastihis can be explained bysk of hydraulic collapse
cracking and difficulty in sealing joints, increasimmptential forcontaminant transport
highways (Ontario Ministry of Environment Conservation and K3ar2019; Rauf and
Amani, 2017) The highE. coli contamination potential classategory 2n = 384,157
consists ofopen hole(i.e., no casing)explained by theipresence in fractured rogkr
other high yield material) which again represerg potential contaminant transport
highwaygWhite et al., 2021)The moderatg&. colicontamination potential classategory
3,n =332,860 includes galvanized steel and st€&bntamination ingress in these wells is
associated withtheir corrosion potdral in certain environmentshat increase the
likelihood of unexpected groundwatérand therefore contaminantingress(Ontario
Ministry of Environment Conservation and Parks, 201Binally, the low E. coli
contamination potential classategory 4n = 54) consists oftainless steelyhich is less

likely to corrodeand crackwhich decreases potential contaminatiblowever it can be
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expensive, which could explain its low usa@@ntario Ministry of Environment

Conservation and Parks, 2019)

Once rekvant well characteristic variables were identified, individual seasonal
models were exploredrigure5-4). Based on findings, well depth was deemed important
for uhsddeo 06 ( GAMLSS, MARS), fAsummer o6 ( GAMLSS
MARS) , and fdAall seasonso models (GAMLSS,
increasing well depth associated with decreagingpli concentration in wells. Bottom of
well casing material wa f ound to be i mportant for fish
Asummer o (LASSO, MARS), and fAall seasonso |
high (cracking potential) and high (no casing) well cagngoli contamination potential
classes were found to increasoncentrations, while moderate and low classes were found

to be protective. Well casing diameter was not deemed explanatory in any of the models.

5.4.1.3 LocationbasedViodel

Well density, as a surrogate for aquifer vulnerability, and #oeaumulation, as a
surrogate for pooling or high overland flow zones, were expldétigdie5-4). Well density
was found to be explanatoryOjnMARS) Aisiwmme
( GAML S S, LASSO), and nall seasonso ( GAMLS
increasing density was associated with decredsimapli presence and concentrations. As
noted above, well bores increase the risk of hydraulic connections betweesguifer and
ground surface, and therefore the potential for aquifer contamination increases with the

number of wells. Additionally, well clusters increase the likelihoodE otoli transport
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between wells in the same aquiféliagara Peninsula Consetiaan Authority, 2011) As

such, the relationship identified between density Bndoli concentration was counter to

the expectationThe location of well clustensithin lower contamination potentialULC
claseswas considered as a potential explanatitmwever, it was found that a majority of

the category 3 and 4 well densities are located in LULC classes associated with very high
and highE. coli contamination potentialsTéble5-3). As such, this does not explain the
association between decreasifgcoli with increasing well density. Another potential
explanation is that high well densities are located in communities that are heavily reliant
on groundwater, whicimay have programs in place to support better well stewardship
(e.g., education, source water protection, etc.). However, more data are required to explore
this postulation, and thus the association between decrdasaadi with increasing well

densityalso requires further exploration.

Table 5-3: Comparison of well density categories and LULCE. coli contamination classes.

LULC
Very High High Moderate Low
1
Category 12.79% 5.82% 10.59% 2.50%
(0-6 wells)
Category 2
14.77% 9.48% 6.31% 2.51%
, (6-12 wells)
Well Density Category 3
10.55% 11.16% .65% 1.87%
(12-24 wells) 0.55% 6% 3.65% 87%
Category 4
1.58% 5.35% 0.72% 0.34%
(24+ wells)
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FI ow accumul ati on was found t o onl vy b
(GAMLSS, LASSO, MARS). Increasing flow accumulation was associated with decreased
E. coliconcentrationsip to values of 10 (i.e., 10 cells flowing into target cell) (categories
1 and 2); howevekE. coliconcentrations do not decrease any further for flow accumulation
values beyond 10 (categories 3 andT4e pooling of water in the winter season protects
against surface water ingress through the freezing of saturated ground, reducing
permeability and therefore infiltration (Niu and Yang, 2006). The threshold of 10 likely
represents a level of saturation, which when frozen, reduces permeability to ngaliorero
accumul ation thresholds have not, to the a
of well contamination before. The proposed threshold ofdehtified in these analyses,
supports literature suggesting that some poolingvater is requiredn the winter for

protective attributes to occur

5.4.1.4 Human BehaviouModel

Human testing behaviours are i mportant
attitudes, and practices which translates into well condition and treatment prébiices
Pelino et al. 2019; Lavallee et al., 2021l has already been identified that, of the wells
tested at least once in they8ar study period, only two percent of wells were tested at or
more than the recommended frequency of twice per (Waite et al., 2021)To beter
understand convenientxased barriers that may be preventing well users from testing
consistently, driving time, driving distance, and hours of operation (including days per

month open, hours per month open, occurrence of seasonal hours (i.e. far gt of
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the year), lunch closures, and evening availability (after 6pm) for the closesbftirop

location were explored.

The first set of models explored driving time and distance independently. As driving
time and driving distance are highly correldt models were created to explore each of
these variables independently. It was determined that driving time outperformed driving
distance when explaining testing frequency and testing hotspots/coldspots (GAMLSS,
MARS). The next set of models explored thréving time and hours of operation for the
nearest testing drepff location. Generally, regression models did not find consistent or
strong (i.e., small coefficient) trends for the impact of hours of operation on testing
behaviour. However, one notalfileding is that evening hours of operation were associated
with increased likelihood to test (from O tests to 1 test) but did not drive testing frequency
(more than 1 test). This may mean that evening availability increases convenience for one
off testing but does not incentivise consistent testing. Another consistent trend is that
seasonal hours (e.g., March to October open every Tuesday, November to February open
last Tuesday of every month) were associated with decreased testing frequency and
increaseddsting coldspots. This observation suggests that it is better for-affifopation

to have consistent, predictable hours yeamd than improved hours for part of the year.

Regression models found that of the dodplocation convenienceelated vambles,
the largest driver of testing behaviour was the driving time to the closesbfilopation.
In LASSO and GAMLSS models there was a consistent trend of increased driving time

associated with decreasing testing frequency and increasing coldsfpidecoa. Further,
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when exploring the impact to testing coldspots, MARS models identified a threshold
around the 7@ninute point (one way), beyond which coldspot confidence started to
decrease slightly. The identification of this threshold prompted additexploration of

the data to uncover potential reasons behind this trend.

Bivariate analyses were conducted comparing discrete bins of minimum driving
times with testing frequency, hotspot occurrence, coldspot occurrence, day of week the
sample was collged, as well as previously identified variables includinditeetest result
status, year of test, and month of @&hite et al., 2021)Analyses of testing frequency,
and hot or coldspot occurrences based on minimum driving distance thresholdigadent
a change in testing behaviour around thés@5minute mark Kigure 5-5). Specifically
increasing minimum driving time is associated with increased numberslisfthat have
not tested during the study period up te5bminutes travel time to a drop off location
(Figure 5-5a), likely due to decreasingpnvenience. For travel times longer than545
mi nutes the Ano testodo curve flattens, pos
threshold in peoplesd behavi our FiguBiaSp)por t i n
and coldspotRigure5-5¢) analyses. For testing hotspots, trends remain consistent between
0- and 40minutes oneway minimum travel time, past which point hotspot confidence
decreases until a plateau starts to emerge around-tnébfe mark. For testing coldspots,
confidence begins to increase sooner, at thmBlite mark, and similarly plateaus around
the®D-mi nut e mar k. This strongly suggests that

a dropoff location closer than 3Binutes (one way) driving time.
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When considering driving time to the nearest doffdocation in the context of the
first test resulsstatus, it was hypothesised that longer minimum driving times would be
associated with a greater number of advers
which would incentivise well users to go out of their way to test. Instead, the distribution

of adverse test results was similar across all driving distaftgsré A.51).

Travel time to the nearest sample dadplocation was then examinéathe context
of the year, month, and day of week that the sample was collected. Up torthieugé
minimum oneway travel time, data distributions remained similar, past such point
greater distribution of tests occedin 2017 Figure A.52), a greater distribution of tests
occurred between Jurand August Figure A.53), and a slightly greater distribution of
tests occurred on Tuesdaysgure A.54). Increased testing between June and August and
on Tuesdays may be associated withatvmon use of cottages in the summer months.
Additionally, an increase in tests on Tuesdays, accounting for approximately 25% of tests,
may also be driven by the number of long weekends cottage residents take in the summer
months, with users dropping th&mter samples off for testing on their way back to their

primary residence.
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Figure 5-5: Summaries of trends between minimum driving times and testing frequency (a), testing hotspots (Bhd testing coldspots (c).
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5.4.2 InformedCoupledsystens Models

The informed couplegystems models move towards a coufdgstems approach
by combining the important human and physical variables identified in the exploratory
variable sets (Sectiogh.4.1; Figure 54) with the goal of explaining. coli presence and
concentrations in private wells. This section is split thiodifferentseasonal models (i.e.,
Asummer 0, Ashoul der o, Awinter o, nal l seaso

on fate andransport of. coli.

5421/ASummer 0 Model

For the Asummer o model, variables that
regression methods (LASSO, GAMLSS, MARS) included LUECcoli contamination
potential and well densityT @ble5-4; Table A.52). The most consistent variable is LULC
E. coli contamination potential. Generallig, coli presence and concentration decrease
with decreasingE. coli contamination potential. More specifial high E. coli
concentrations are consistently associated with very high and high classes, decreasing for
the transitions from high to moderate and moderate to low. This finding supports the
concept thak. colipresencaiear a well is a strong drivéor it to be present in the well.
Further, there are key LULCs (i.e., agricultural/pastural, urban, aggregate mines,

bare/openland) that require hypervigilance by well users in these locations.

Table 5-4: Summary of key trends identified from the informed coupledsystems regression analyses
in the summer months.

Level of

Variables Explored Trends Identified Finding?
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- Transitioning from Very High to

LULC E. coli Low results in decrease E1 coli '
presence and concentration Primary

- Very High and High have simila
impact toE. coli

- Categories 1, 2, and 3 incredse
coli concentration (Category 3
has highesincrease to
concentration)

- Category 1 increaséds coli
presence

- Increased testing frequency

Testing Frequency increase&. colipresence and Secondary
decreasek. coliconcentration

- Increased well depth decreages
coli presence and concentration

Bottom of Well - Consqlidated materials increase

E. colipresence and decredse Secondary

Contamination Potential

Well Density Primary

Well Depth Secondary

Stratigraphy coli concentration

Specific Capacity NA Inconclusive

Number of Rainfall NA | lusi

Wet/Dry Cycles nconclusive

Maximum Number of

Consecutive Rainfall NA Inconclusive

Days

Bottom of Well Casing ,

. NA Inconclusive

Material

Testing Hotspot or .
NA Inconclusive

Coldspot

Driving Time to Closest ,
NA Inconclusive

Drop-off Location

! Primary represents significance in all regression models, secondary represents significance in t
regression model#&conclusiverepresents significance in zero or one regression model and is not
discussed due to lack of significance camsus

Well density was considered a surrogate for aquifer vulnerability, with higher
density potentially representing greater aquifer vulnerability. While all models found well

density explanatory, there was clear trend in the association between dgm@dE. coli
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presence or concentratioBategoies 1 (n = 107,652; <@vells per 1kn?), 2 (n = 94,6009;

<12 wells per 1knf), and 3(n = 100,408<24 wellsper 1knf) were allassociated with
increasd E. coli presence and concentrationwells, with Category 3beingassociated

with the greatest increases in coli concentration However, the highest well density,
category 4 (n = 97,86824 wellsper 1knf), is associated witecreases E. colipresence

and concentratiarThismay represent a vulrebility threshold whereby an aquifer cannot
become any more vulnerable once there is a density of 12+ wells per &r@skegory 1

(<6 wells per 1krf) is the only well density category found to be associated with increased
likelihood of E. colipresenceAnother explanation could be that well users in an area with
fewer wells are more isolated and may have less access to resources to improve well
stewardshipA bivariate analysis comparing driving time to closest ewfigocation and

well density finds lhat there is a statistically significant weak inverse correlati®rRg)

between the two variables.

ASummer o models find that an increase
increase in presence &. coli (MARS, LASSO). This likely results from the same
populationtesting trends observed during the COVID pandemi¢ as number of overall
tests increase, the number of positive tests will also incrgztse and NdeffeMbah,

2021) Testing frequency is cortsier ed a surrogate measur e
towards their well, with the general concept being that well users who test more frequently
likely have a better understanding of the health risks posed by theifLaedllee et al.,

2023)I nde e du mmenredo imod el s )fovhA RAE vhile E.A@i fré3ence
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was found to increase with testing frequerteycoli concentration was found to decrease
supportingthe relationship between well testing frequency aed stewardshipSince it

is likely tha wells with higher testing frequencies were also tested in the shoulder and
winter seasws, additional analyses were conducted to comgaehu ni que sSsSeasor
testing frequengcto explore the relationship between KAP and seasonal well. ¥§ben
consideing wells that werenly tested onceluringthe study period, 36.6% tiesewells
weretested in the summeB2.9% in wintey and29.7% in shouldeseasonsThis may
support a hypothesis that a higher proportion of summer well users are seasonal well users
(e.g., cottage users) with lower KAPs towards their well. Wells tested in the shantter
wintermonths were statistically significantly (p < 0.0001) mtikely to be testedt higher
frequencieghan the summemonths suggesting more habitusdid testing behaviouif

wells are sampled outside the summer seasonual testing over the study period would
requirea well to be tested at least eight timahjle adhering to theecommended testing
frequencyof twice per yeamould require at least6ltests during the study periothe
analyses show thd6.8%and15.5%of all wells with8 or moretestsincluded tests in the
shoulder and winter seasons, respely, while 5.5% and 5.2% of all wellsvith 16 or
moretestsincluded tests in the shoulder and winter seasons, respectivelymparison,

the number of wells with eight or more tests that included tests in the summer season fell
to 11.8% andor 16 tests, it fell t@.6% These trends highlight the need for further KAP

based research into the decisimaking processes driving well user testing.
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Other trends held from previous investigations ineladecrease i. colias well
depth increass, and an increase E. coli presence but decreasecmncentration in wells

finished in consolidated materialBable5-4) (White et al., 2021).

5422fiiShoul der 0o Model

Il n the #@shoul H edidontamnatien potentialabhd®ottom of well
stratigraphy are deemed significant in all three regression mddeite5-5). The aame
trend is found for LULCE. colicont ami nati on potenti al as
an association between decreaseg&.ircoli and the transition from very high to low
contamination potential classes, while the very high and high classes hasantbe
association withE. coli presence and concentration. Finally, there was found to be an
association between increases in presence but decreases in concentiatioaliafith
consolidated bottom of well stratigraphy. This supports previous findimais wells
finished in consolidated materials have a higher likelihood of experiencing contamination

events when compared to their unconsolidated counte(jpdhite et al., 2021)

Table 5-5: Summary of keytrends identified from the informed coupledsystems regression analyses
in the shoulder months.

Variables Explored Trends Identified L.e"e.' OI
Finding
_ - Transitioning from Very High
LULC E. coli to Low results in decreasir
Contamination coli presence and concentratio Primary
Potential - Very High and High have
similar impact tce. coli

Bottom of Well - Consqlidated materials increas _

. E. colipresence and decredse Primary
Stratigraphy

coli concentration
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- Increased well depth decrease
Well Depth E. colipresence and Secondary
concentration
- Increased total water increase:

Total Water E. colipresence and Secondary
concentration

Cumulative Sum of - Increased cumulative sum

Consecutive Snow Melt decreasek. colipresence and Secondary

Days concentration

Driving Time to Closest

Drop-off Location NA Inconclusive
Testing Frequency NA Inconclusive
Specific Capacity NA Inconclusive
Number of Rainfall NA | s
Wet/Dry Cycles nconclusive
Bottom of Well Casing ,

. NA Inconclusive
Material
Testing Hotspot or _

NA Inconclusive

Coldspot

L Primary represents significance in all regression models, secondary represents significance in t
regression modelfconclusiverepresents significance in zero or one regression model and is not
discussed due to lack of significance consensus

Trends found in GAMLSS and LASSO identifieml decrease irE. coli in
association with increasingell depth,increasedE. coli presence and concentration
associateavith increasing total waterquivalent(i.e., rainfall + snow melfanddecreased
E. coli presence and concentration associated witheasingcumulative melt during

maximumconsecutivanelt day periods (Table5-5; Table A.53).

5423AnWi nter o Model
For t he Awintero model , t her e | three no

regression modelsVariables deemed significant in two regression methods include
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minimum driving time to nearest dragdf location, LULCE. colicontamination potential,

testing frequency, and number of melt dayahle5-6; Table A.54). Similar trends to both

the Asummer 06 and fAshoul dE.caicomamchaionpotentalr e f o L
and testing frequency. Further, an increase in the number of melt days is found to increase

the presence d&. coli but decrease the concentration. This supports findings in literature

on the impact of the concentration and dilnteffect(White et al., 2023b)

As driving time increasedor sampling E. coli presence and concentration
decrease€nhanced stewardshgssociated witthabitual testingis likely to explain the
lower E. coli presence and concentratidrhis raises thequestion abouthe status of the
relationshipin each ofthe three unique seasons (i.e., summer, shoulder, winter), which is
explored via a bivariate analysis. Thiwariateanalysisshowsthat of the three seass,
winter has the lowesE. coli concentration regardless of driving timand that the
concentrationdecreasg with increasingdriving time. This may be associated with a
numberof factors includinganaturally lower presence and concentratio& ofoi during
the winter monthsandanincrease irthe proportion of full time well user&ue to the end
of cottage seasomepreseriiga s h i f tKAR inn partc@dar vihsther they test their

well outof habitor convenience.

To further explore the concept of habitual versus convenience testing across unique
seasons, a bivariate analysis was conducted comparing driving time to closestf drop
locationwith testing frequencyor wells that werdested at appropriate frequésssi.e.,O

2 tests per yeatD 16 t e-gear stady @ariod Relationships presented as an
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exponential decay function where slightly higher decay rates occurred in the summer and
shoulder season€)(383+ 0.048 and0.386x 0.052, respectively) verstise winter season
(-0.357+ 0.059 as driving time increased. Whilee lower wintedecay ratenayindicate

that well users tesheir wells out of habitduring these months (i.e., drivitigne has less
impact ontesting, theseasonaslopes are not diatically significantly differentincreased
minimum driving time may also be associated with a decrease in community involvement
with well water testing programs and thus the potential for less information dissemination

regarding health risks.

These findhgs combined with the fact thatells tested during shoulder and winter
seasons are more likely be tested at a higher frequensuggest that perhajsll time
well usershave more habitual testing patterns; howgeveore research iseededto

strengthen this relationship.

Table 5-6;: Summary of key trends identified from the informed coupledsystems regression analyses
in the winter months.

Variables Explored Trends Identified Level Oz
Finding
- Transitioning from Very High to
LULC E. coli Low results in decreasir@. coli
presence and concentration Secondary

Contamination Potential _ y/ery High and High have similz

impact toE. coli
Increased driving time decreast
E. colipresence and Secondary
concentration
- Increased testing frequency
Testing Frequency increaseg. colipresence and Secondary
decreasek. coliconcentration

Driving Time to Closest
Drop-off Location
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- Increased number of days
increase&. colipresence and Secondary

Total Number of Snow

Melt Days decreasek. coliconcentration
Bottom of Well

. NA Inconclusive
Stratigraphy
Well Depth NA Inconclusive
Specific Capacity NA Inconclusive
Well Density NA Inconclusive
Maximum Single Day NA Inconclusive
Snow Melt
Flow Accumulation NA Inconclusive
Testing Hotspot or NA Inconclusive
Coldspot

L Primary represents significance in all regression models, secondary represents significance in t
regression model&conclusiverepresents significance in zero or one regression model and is not
discussed due to lack of significance consensus

5424 AAll Seasonso Model
When considering aleasonsvariables deemed significant in all three regression models
include LULCE. colicontamination potential and well density. The relationships Rith
coli presence and concentration were the same as previous micdss7; Table A.5
5). Further, secondary findings, including driving time to closest-dfbjocation, testing

frequency, total water, bottom of well stratigraphy, and well depth, also reflect trends

previously identified in the fisThimabsence, @ sh
of uni que findings in the dnaltheséassommmed O
Ashoul der o, and/ or Awi ntero model s, Ssuppo

nuanced geographicallyriven seasonal modeldowever the trends in this model cannot
be completely discounted as thegnfirm that thegeneral drivers of contamination are

human influenced, namely where a well is located and when users are testing.
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Table 5-7: Summary of key trends identified from the informed coupledsystems regression analyses

in all months.

Variables Explored

Trends ldentified

Level of Finding'

Transitioning from Very High

LULC E. coli to Low results in decreasing
Contamination E. coli presence and Primary
: concentration
Potential - Very High and High have
similar impact tce. coli
- Categories 1, 2, and 3
increasedE. coli
concentration (Category 3 he
Well Density highest increase to Primary
concentration)
- Category 1 increasds coli
presence
Driving Time to - Increased driving time
ClosestDrop-off decreasek. colipresence Secondary
Location and concentration
- Increased testing frequency
. increase%. colipresence anc
Testing Frequency decreasek. coIip Secondary
concentration
- Increased total water
increase&. colipresence anc
Total Water decreasek. colip Secondary
concentration
Bottom of Well - Consolidated materials
. decreasek. coli Secondary
Stratigraphy ;
concentration
- Increased well depth
Well Depth decreaseE. colipresence Secondary
and concentration
Specific Capacity NA Inconclusive
Bottom of Well )
. . NA Inconclusive
Casing Material
Testing Hotspot or .
NA Inconclusive

Coldspot

LPrimary represents significance in allregression models, secondary represents significance
two regression models, inconclusive represents significance in zero or one regression model
and is not discussed due to lack of significance consensus
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5.5  STUuDY LIMITATIONS

The fact thaborehole logs are hand recorded in the field and later transcribed into an
online databases a serious limitation of the WWIS database as it creates the opportunity
for data entry errorgspeciallyas someecordsd at e bac k (¢.gp, Whiteetl.,1 91006 s
2021) This was addressed through the removal of outliers that were outside the range of
realistic valuese.g, casing diametrs less than zero. There is no indication that these

outliers are systematic.

5.6 CONCLUSION

This study has introducegeographsally driven seasonal delineations to expl&e
coli presence and concentration in private wells in Ontario. Further, variables representing
both the physical system and hunteataviour were integrated into the data driven models
as an initial step towasda couplegsystems approach, recognizing that human and natural

systems interact. Key findings from the seasonal models include:

1 Human behavioubased variables appeared in most models, validating the
need to use a couplaystems approach;

1 Driving time thresholds clearly exist, suggesting that some people test their
water because the sample drop off location is convenient (<3&esiaway)
and other people who test their water out of habit, and presumably awareness,
rather than convenience (>50 minutes away);

9 Drive time to closest drop f f |l ocation is relevant
Increased distances are associated with deedeB. coli presence and
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concentratiorwhichlikely reflects seasonal contamination potential as well as
more habitual rather than seasonal testers;

1 LULC E. coli contamination potentiahas the greatest and most robust
association witte. coli presence ahconcentration for all models, indicating
that wells located in a very high or high contamination potential class are at a
similar likelihood of experiencing contamination while those located
moderate and low classes are increasingly more protectacctmotamination;

1 While increased testing frequency is associated with incréaszi presence
in the Asummer o and fAwintero m&del s,
coli concentratiorns

T Weathetbased variables are onhguldderme da rs
Awi ntero model s, cl ear | ydiluienneftect ®ft r at i n
melt days in the winter and shoulder seasons that were associated with
decreasecE. coli presence and concentratjomersus the combination of
rainfall and snow melini the shoulder seasons that incredsecbli; and,

T Wel | characteristics emerged as signi
models. In both models, consistent trends are identified as increased well depth
associated with decreasiig coli contaminatio, and consolidated bottom of
well stratigraphy associated with an increased likelihood Eof coli

contamination.
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This study demonstrates that applying regresbased machine learningchniques
to a large, composite dataset, offers an innovative way forward to improve knowledge and
understanding of private well contamination and stewardship for wells users and policy
makers. This approach to a hurr@antered environmental problem withve a wide array
of applications both geographically and conceptually with other similar environmental

challenges.
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CHAPTER 6 CONCLUSIONS AND RECOMMENDATIONS
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6.1 CONCLUSIONS

This thesisuseddatadriven methodsto identify trends and relationships between
the physical world, human behaviour, aadcoli presence and concentration in private
wells. The key contributions of this thesiscludeaninitial step toward the creation of a
userfriendly predictive toothrough thedentification of relative variable importance and
the creation, explorationand trend identification of physical and human behaviour
variables in the context d&. coli contamination potential (Chapters 2, 3, 4, andtl
proven importance of meaningfdata subsetting in the context6f coli contamination
potential with the innovative introduction of a new methodid#ntifying seasonal
delineationgChapter 5); and a proof of concept regarding the requirement of a coupled
systems approadtentifying thepresence dfeedback loopsmpactingE. colipresence in
wells. It underscores theeed to consider bothe human and physicaystems together,
including thefeedbaclkbetween them, to have a good understandirgmiaminantrivers

and appropriatenitigationandintervention strategies.
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Hydrogeology, Well Characteristics,
and Human Behaviour
Chapter 2

E. coli Loading
Chapter 3

Grassland Bedrock Disturbance
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Pastural/ Bareland Wetland
Agricyltural

Weather and Climate
Chapter 4
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Private Well E. coli Contamination -
Identified Primary and Secondary Explanatory Variables

Chapter 5

> Summer Spring/Autumn Winter

E )

B |- Land Use-Land Cover (LULC) | |- LULC E. coli Contamination

§ E. coli Contamination Potential Potential

& |- well Density - Bottom of Well Stratigraphy
- ot " |- LULC E. coli Contamination
® |- Testing Frequency - Well Depth - Driving Time to Closest
B L well Depth - Total Water Drop-Off Location

oL Bottom of Well Stratigraphy| | Cumulative Sum of - Testing Frequency

o Consecutive Snow Melt Day| |- Total Number of Snow
()] Melt Days

® Introduction of a geographically-driven, seasonal-based transport model for E.coli, utilizing a
data-driven machine learning approach

® Demonstrated ability and need to encorporate a coupled-systems approach to private well
water contamination prediction tools

Figure 6-1: Summary of work completed in this thesis through the exploration of the key drivers dt.
coli contamination in private wells. Primary variables represent those with consensus across three
regression models (Chapter 5) and secondary variables represent s®with consensus across two
regression models (Chapter 5).
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First, an exploratory data analysis and proof of methods concept was conducted on

a large private well datasegxploring the relationships betweemicrobiological,
hydrogeologicalwell charactestic, and testing behaviowariablesutilizing supervised
machine learning techniqueSecondan innovative method was developed to explanel
useland cover as ariver of E. coli contamination in private wellsThird, wet-dry
patterning was exploreak a driver oE. coli contamination events, which moves beyond
the curreh standardof using rainfall lag periods Finally, moving toward a coupled
systems approach, geographicallyven seasondbased modelwere developed based on
thekey findingsfrom Chapters 24. The main conclusions of this work are summarimed

the following sections

6.1.1 Exploration of private well dataset utilizing innovative machine learning
approaches

1 The supervised machine learning techng@AMLSS and ARA wereshownto be
valuable in exploring and explaining the driverskofcoli contaminationin private
wells as a function ohydrogeologic and weland aquifercharacteristic variables
However, the importance of coupling machine learning driverethods with
disciplinaryexpertise was also identified.

1 Latitude was determined to be stronger driver ofE. coli contaminationwhen
compared tdypical seasonal delineatian§his suggests thdlhere is aropportunity

for improved understanding of seasons in Ontario.
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1 Important physical drivers @&. colicontamination included: well depth, where deeper
wells were more protectivérom contamination, but did not eliminaté. coli
completely;and bottom of well stratigraphy, where wells completedse@dimentary
and igneos formations experiencedore E. coli contamination events compadr&
metamorphic and unconsolidated formations.

1 Important human behaviours pertaining to testing frequenchuded initial test
message receideimpacing testing patternsand timing of teting resulting in a

decouplingbetween peak testing and pdakcoli presencén later study years

6.1.2 Introduction ofdatadriven LULCE. colicontamination potential classapping

1 Regression analysegere used in conjunction witlieraturebased confidere ratings
to assess the impact of LULC @& coli contamination potential for wellndderive
an easyto-use geospatial raster dataset.

1 Very high (i.e., pastoral/agricultury) high (i.e., urban, aggregate mines
open/barelandsmoderatdi.e., forest bedrock disturbance, scrublaphdand low(i.e.,
water, grasslangsvetland3 E. colicontamination potential classies wells in Ontario
wereidentified

91 Derived raster dataset was utilized itentify policy and regulatoryimplications
including specific well characteristics (i.e., well deptigsed on geographic location,
anda proposeexpansion of the definition of vulnerable areas undeClean Water
Act, 2006to encompass very high and high LULEC coli contamination potential

classes.
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6.1.3 Exploration of wetdry patterningas a driver ofE. coli contamination events,
movingbeyondcurrentstandrd rainfall lagperiods

1 The supervised machine learning technigaledomforestensembleddecisiontree
basedlassificationfinds the optimal lag timéo explain ark. colicontamination event
in private wells is 3@lays

1 Contamination events are significantly less likely to occur if there is no rainfa6for
days strengthening the argument of rainfall being a driver of contaromat

1 Anincrease in number of wet days (>0.1mmyet/dry cycles increases the likelihood
of E. coli presence in a well while decreasitite concentration, supporting the

importance of theoncentration/dilution effect.

6.1.4 Developmenbf geographicallydriven seasondy-basednodels movingtowarda

coupledsystems approacto explainE. colicontamination in private wells

1 Thedevelopednodelswerefound to be valuable in beginning to explain seadgnal
based trends i&. colipres@ce and contamination in private wells.

1 Human behavioubased variables appear in most modegkidating the value of
utilizing a coupleesystems approach.

1 ASummeo models found thathe primaryexplanatory variableimcludeLULC E. coli
contamination potential and well densitywhile secondary explanatory variables
include testing frequency, well depth, and bottom of well stratigraphy.

T AShoul dero models found that theE.polii mary

contamination potdial andbottom of well stratigraphywhile secondary explanatory
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variables include well deptigtal waterandcumulative sunof consecutive snow melt
days
T AWintero models found that while there
secondary explanatpvariables include LULE. colicontamination potential, driving
time to closest dropff location, testing frequency, and total number of snow melt

days

6.2  STUDY LIMITATIONS

This work exhibitghreeprimary areas of study limitationdata limitations, vaables
used, and limitations of machine learnidg mentioned throughout, the WWIS data are
derived from borehole logs that were initially handwritten and later transcribed into an
online database. This transcription process introduced errors intatdsetjas evidenced
by unrealistic values for certain variables (e.g., casing diameters less than zero). Unrealistic
values were removed from the analyses. There was no indication that these errors were
systematic. Additionally, the microbiological testiimghe WWTD utilized the membrane
filtration method, using differential coliform agar for the simultaneous detection and
enumeration of total coliforms artel coli. Adverse results were considered presumptive
after 1824 hours, potentially resulting inl&® positives or negatives in the dataset.
Identifying error values to account for the possibility of false positives or negatives was
not feasiblebecauseaesults were not confirmed further using methods such as MALDI
TOF, DNA-based, or biochemical tesgirAdditionally, colonyforming units are counted

by lab technicians, which could introduce some additional human error. Gisenda
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were captured by PHO and sufficient information was not supplied to caltchése

potential errorsall coliform andE. coli results are assumed to represent the true count.

Finally, somedataet dates donét al idagasettine peio@0lBbe pr i
2017).As an example, the LULC data employed in this study were reported to have been
colleded between 2000 and 2015. Since there is no means to verify the specific LULC
conditions on the day of each well water observation, it was assumed that the LULC data

remained accurate for the period corresponding t&tlweli results.

Regarding the ingeendent variables used in the analyses, there are always
opportunities to include more, different, or more specific information. Some examples
include the addition ofpotential point source pollution featuresuch asseptic tank
locations to the analyse expansion of the LULC variable to encompass more nuanced
land use categories integrating tilling practices or distinguishing urban areas in residential
versus commercial zoneall of which offer differing levels of contaminant loading and
transport cheacteristics. Another possibility is identifying a new way to incorporate all
stratigraphic information from a given well to determine the impactEoncoli
contamination potential by uncovering trends in transport mechanisms. Continuously
exploring and itegrating independent variables will help transition the exploratory model
findings in this work toward an eventual predictive model that can be utilized by private

well users and policynakers.

Finally, the use ofmachine learningechniquesoffers its own set of potential

limitations.One limitation impacted by data availabilitis that machine learning models
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are only as good as the data given to it during the training and validation protfebses.
data istoo aggregate¢hot capturing the nuances aimed to depiat misrepresenteghot
capturing allpotential results proportionatg)ythe model may not have the appropriate

i nformati on t o periormanocewemay dieate amwdektdo general for the
goal Another Imitationincludesthe need for computational resources requivédile this

work was able taitilize some computationally intensive regression models, there are other
deep learning modelsuch as ANN, that may further improve the results of this wor&. Th
final limitation that will be discussetiere is the proven requirement of subject matter
expertise when using machine learning approaches. It is imperative that subject matter
expertsremain hypervigilant while interpretintge outputdo ensure that coglations and
relationshipg derived by machine learnimgodelsare mechanisticand based on a solid

understanding of the physical system.

6.3 RECOMMENDATIONS FOR FUTURE RESEARCH

The research presented in this thésiaimed towards the creation of a prediett.
coli transport modelor private welk in Ontario. The resultglentified key drivers oE.
coli contaminationwhich would not have been identified without utilizing innovative
methods and a larggeospatiatemporaldataset containingey microbiolaical variables.
However, this work is an initial phase opeedictivetransport model, as such there are

several recommendations fioture work to continue this goal.

With improved understanding ahique variables (e.g., well depth, LUL&Zjving time

to closest droff location, etc.), programs such as Mats which utilizes a machine
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learning approach calleshaximum entropy modelling, could beusedto create a model
using a mappingbasedapproach(Phillips et al., 201) This technique would involve
creating individual geospatial maps of eattver of E. coli presence and concentratjon
layeling them on top of one another, and ciegtan output that can be interpreted as
predicted probability opresenceén a geospatial formatn addition to variables explored
through chaptexr2 to 5, supplementary variables assessielj users KAPs ané. coli
fate could be further exploreditmprove the accuracgnd holistic nature of models. Once
complete,model outputs could beombinedwith quantitative microbial risk assessment
(QMRA) profilesto better inform well users ho®. coli presence and concentration in

wells could directly impact their health.

This work has continued to identify how, due to tlaege geographiexpanse of
Ontario,vastly differentconditions arevhenconsideringseasonalityand weatherhuman
behaviourhydrogeologyand policy. While trends uncovered in this waiikn to begin
parsing out the relative importance \@riables based on seasonalfinding that these
subsets improve performandbere are manwadditiond smallscale subsets that can be
explored. Exploring subset casestudies based om.ULC classes, bottom of well
stratigraphy formationspr latitudebasd geographic locations could b&cellent next

steps towards smalksicale predictive models.

This work has demonstrated that a cougdgstems approachdvances a holistic
understanding of the systdm acknowledging and modeling the interactiang inpacts

the physical world has on the human world, and vice v&ale this work begins to
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evaluatehuman behavioualongsidephysicalvariables, the next step is to include the
critical concept of feedback loops in the moddlse concept ofeedback loop aim to
identify the relationship between variables whereby two variables mayapositive
(e.g, as variable one increases so does variabler 2)egative(e.g, as variable one
increases, variable 2 decreadesjdbackoop. This integration wil furtherimprove policy
and well stewardship recommendatiossrare complex impacts between variables can

be captired
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CHAPTER A APPENDICES

A.2 CHAPTERZ2 APPENDLCES
A.2.1 DataProcessing

A.2.1.1 E. coliEnumeration

The province of Ontario provides free testing of private drinking water wells for
bacterial indicators of contamination (i.e. total coliforraad E. coli). Provincial
laboratories in Ontario use the membrane filtration YMkethod using differential
coliform (DC) agar for the simultaneous detection and enumeration of total coliforms and
E. coli, where results are reported as colony forming units (CFU)/100 mL (Ontario Agency
for Health Protection and Promotion, 2019). Alspive (i.e., adverse; > 0 CFU/100 mL)
results are considered presumptive after248hrs (i.e., occasional false negative and
positive readings can occur) as they are not confirmed further (using e.g., MALBI
DNA-based, or biochemical testing). Givéimat there is insufficient information to
determine the true uncertainty within this particular dataset, the numerical c@&irdadif
in a sample is assumed to represent the true count. Adverse results were categorized as
follows: Category 1: 110 CFU/1@ mL; Category 2: 1-60 CFU/100 mL; Category 3: 51+
CFU/100 mL (Bain et al., 2014Qbservations were excluded from analyses empldying
coli contamination levels if the sample staindicated a flagged issu@dble A.23), as
they provide no contaminaspecific information. This resulted in a total 689,072

observations from 251,422 unique wells for the analySasple flags that did not return
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a numeri cal v akE.aoliwefeieolassifiedeascarding to fauseable A.2

3).

To explore testing behaviour, sample results were alstassified according to

the message returned to users (Public Health Ontario,:2020)

1.Ano signif i €ronevidenees ofd eoli anedd T ot al Coliform
CFUA00mL (n = 580,202);

2. ino r-elsentatiors are not available due to PI, CT, AO, IS, andldSl€ A.2
3) (n =42,014) (only used to assess impact of this message on testing behaviour);

3. Aimay b e-noevislemde efd coli, but more than five total coliforms are present
(n=103,694) ¢nly used to assess impact of this message on testing behasiodir)

4. iunsaf e - obsendationsnckndaife. coli (Category 13) or a sample is
overgrown, either with or without evidence of total coliformd&oroli (Status 22 and
4 in Table A.23, respectively) the presence Bf coli cannot be guaranteed or

quantified, but also cannot be ruled out (n = 63,163).

A.2.1.2 Data Classification

Bedrock wells were classified bson the rock type in which they were completed
(i.e., the rock type located at the bottom of the well). Major categories were metamorphic
(n = 7,089, 1.4%), sedimentary (n = 366,620, 70.4%), and igneous (n = 146,842, 28.2%)
(Table A2-1). All wells were also classified according to the permeability of the geological
formation in which they were completed, i.e., low (n = 148,880, 33.2%), medium (n =

254,441, 56.8%), and hidh = 44,568, 10.0%)T@ble A.22) (Freeze and Cherry, 1978).
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Well depths were reclassified into shallow/moderate (< 12.5 m), moderate
(Moderatel, 12.5Mome® ax e2,18.83 3mm O x < 24.
X < 31.1 m; Moderate4, 31.1 m O x < 41.8 m
61 m). Categories were determined to distribute the data evenly and maintain some
consistency with the Ontario regtions pertaining to new well construction (Ontario

Ministry of Environment Conservation and Parks, 2019).

Specific well capacity (SC) was calculated as (Freeze and Cherry, 1978):

3# - [Eq.A.2.1]
where SC is the specific capacity:@@*@1); Q is the pumping rate ¢0+); and,Sis the

drawdown (L). Once calculated, data were cleaned to remove negative and undefined
specific capacities. Equal data bins were used to classify the remaining data into the
following ranges: 0 gpm/m < & 3.3 gpm/m, 3.3 gpm/m < & 16.4 gpm/m, and > 18

gpm/m.

A.2.1.3 User Testing Recommendations

Recommendations for user testing vary across Canada, falling between one and
three times per year, as discussed by Maier et al. (2014). Currently, there is no-Ontario
specific guideline, thus the Health Canadaguiden e of testing fAat | ea
has been adopted for the purpose of this work (Health Canada, 2020). Testing frequencies
in this study were therefore classified according to whether an individual well was tested

less than or at least 16 timeger the eighiyyear dataset period. Wells were categorized as
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testing on aggregate less than two times per year (< 16 samples) or meeting or exceeding

two times per year (16 samples).

A.2.2 Statistical Analyses
A.2.2.1 Seasonalnalyses

Regression analyses condutten seasonality involved assessiig coli
concentration as the dependent variable and latitude and longitude coordinates as
independent variables, adding threenth seascbased delineations (winter starting in
either November, December, or January)nth@f observation, and year of observation in

three separate models.

A.2.2.2 Well Characteristics
To determine the probability of contamination given well depth, the probability of
each depth subcategory resulting in a specific contamination concentratioeterasiked

as follows:

0, — [Eq.A.2.2]

whereP, ¢ is the probability of contamination at a given depth subcate@rar{d
E. coliconcentration@); noc is the number of observations at a giandC; and,n; is
the number of observations at a givén Analyses exploring the pboability of
contamination given geological formation were conducted in the same manner, replacing
D with the respective variable of interest in Bq2.2 Two-tailed hypothesis tests were

subsequently used to assess the statistical significance at sevelsl |
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A.2.2.3 Well Sampling

The total number of tests were standardized as follows:

0 ki Pop mmb [Eq.A.2.3]
where | I's the index test status (fAino sign
Aunsafe to drinkodod); n is the number of tes

percentage of total individual wells with an initiagist status, i, and number of tests, n;
Freqi,n is the total number of individual wells with initial test status, i, and number of tests,

n; and, Ti is the total number of individual wells with initial test status, i.

Decay curves were created to compageay rates across initial test statuses as

follows:
wE W 0 00 ° [Eq.A.2.4]

whereii s the index test seteatudsinpfinessl goj
unsafe to dr i nk qisthéd@numberafftests conducted onmrkidividual n
well with a status i; y(his the percentage of total individual wells at a number of test, n,
with an initial test status, i,y s t he f unct i oistbesvaleetha furiciom g v al

decays towards; and U is the decay rate of

Adverse test results for each month were standardized with respect to year as

follows:

8Y prn  — " *100% [EQ. A.2.5]
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where a is the adverseE. coli sample concentration category (Category 1101
CFU/100mL; Category 2, 250 CFU/100mL; Category 3, 51+ CFU/100mA)..,.is the
number of adverse tests in a given monthyear,y,and concentration categog),ATowiy.a

is the total number of adverse tests in the target ye@aug concentration categowy,and,

AR.,. is the percentage of adverse results in the target month, year, and adverse

concentration category.

A.2.2 Table and Figures

Table A.2-1: Classification of bedrock types

Metamorphic (7,089 obs) Sedimentary (366,620 obs) Igneous (146,842 obs)
Gneiss (GNIS) (127 obs) Chert (CHRT) (121 obs) Basalt (BSLT) (290 obs)
Schist (SHST) (66 obs) Conglomerate (CONG) (128 obs) Granite(GRNT) (146,522 obs)
Slate (SLTE) (1773 obs) Dolomite (DLMT) (3,812 obs)

Feldspar (FLDS) (64 obs) Flint (FLNT) (218 obs)

Greenstone (GRSN) (1,838 obs) Gypsum (GYPS) (27 obs)

Marble (MRBL) (660 obs) Limestone (LMSN) (273,995 obs)

Greywackg GRWK) (86 obs) Iron Formation (IRFM) (24 obs)

Quartzite (QRTZ) (2,341 obs) Marl (MARL) (75 obs)
Soapstone (SPST) (134 obs) Quartz (QTZ) (5,479 obs)
Shale (SHLE) (50,435 obs)
Sandstone (SNDS) (32,306 obs)
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Table A.2-2: Classification of permeability.

Low Permeability
Formations

Medium Permeability
Formations

High Permeability
Formations

Clay (53,102 obs)
Clayey (6 obs)

Cemented (1538 obs)
Dense (4816 obs)

Dry (60 obs)
Fine-Grained (622 obs)
Fine-Gravel (2127 obs)
Fine-Sand (18,535 obs)
Hardpan (3967 obs)
Packed5738 obs)

Silt (11,587 obs)

Silty (1068 obs)

Rock (45,714 obs)

Coarse Sand (18,331 obs)
Gravel (97,787 obs)

Gravelly (102 obs)
Loose (16,420 obs)

Medium-Grained (7712 obs)

Medium-Gravel (985 obs)
Medium-Sand (29,676 obs)
Quicksand (1517 obs)
Sand (81,911 obs)

Boulders (4248 obs)
CoarseGrained (1171
obs)

Coarse Gravel (7073 obs
Pea Gravel (222 obs)
Porous (4851 obs)
Stoney (316 obs)

Stones (20,959 obs)
Fractured (4757 obs)
Fractured Rock (971 obs)
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Table A.2-3: NA sample status explanations

Sub classification Status Interpretation

7 The sample wato old
8 The bottle was received broken or damaged
11 The requisition was received separated from the sample bottle
12 The sample was not collected in the proper bottle
13 The sample was received frozen
14 The sample was collected fronhat water tap
15 Insufficient sample was submitted
Process Issue (PI} 17 The sample leaked in transit
20 Insufficient information was supplied on the sample
21 Not tested for some other reason
24 Sample received was very warm
27 Unique identifiemissing
28 Outdated collection kit received
30 Laboratory error
NDOGN 4 No Data: Overgrown with netarget- May be unsafe to drink
CT 6 The client requested chemical testing
AO 10 The appearance or odour makes the saomeceptable as drinking wat
IS 26 Interfering substances in the sample
us 29 Unauthorized submitter
NDOGT 22 No data: overgrown with targétunsafe to drink
5 Sample taken from an unprotected source, such as a lake or river
18 Sample was collected from a source located outside of Ontario
OMIT 19 Sample was collected from a municipal water supply
0 Not yet tested
25 Bottled water submitted
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Table A.2-4; Variable descriptions for regression analyses

Variables Data Type Data Range Model of Interest

E. coli Discrete 0-81 CFU/100mL seasonality, hydrogeologicahformed physical

In 0.5-degree increments:
-85.5--75.0

In 0.5-degree increments:
42.5-49.0

Season 1:
1. JanMar
2: Apr-Jun
3: JulSept
4: OctDec
Season 2:
1: FebApr
Seasonal Delineations Categorical 2: May-July seasonality
3: Aug-Oct
4: NowJan
Season 3:
1. Mar-May
2: JunrAug
3: SeptNov
4: DecFeb

Longitude Discrete seasonality informed physical

Latitude Discrete seasonality informed physical

Month Categorical January December seasonalityinformed physicaltesting practices

Year Categorical 2010- 2017 seasonalityinformed physicaltesting practices

Consolidated

Unconsolidated hydrogeologicalinformed physical

Bottom Stratigraphy Categorical

221



Ph.D. Thesis K. White McMaster Universityi Civil Engineering

Categorical SeeTable A.210for full list of levels hydrogeological

Specific Capacity Continuous

0.001- 1919 gpm/m

hydrogeologicalinformed physical

Continuous

1-760 m

hydrogeological

Well Depth
Categorical

ShallowModerate(< 12.5m)
Moderatel (12.5m Ox < 18.3m)
Moderate 18.3m Ox < 24.4m)
Moderate 324.4m Ox < 31.1m)
Moderate 431.1m Ox < 41.8m)
Moderate §41.8m Ox < 61m)
Deep 061 m)

hydrogeologicalinformedphysical

Continuous

0-190.5m

hydrogeological

Casing Diameter
Categorical

Narrow (<5cm)
Moderate (5 cnOx O61 cm)
Large (> 61 cm)

hydrogeological

Year of Well Construction Discrete

1903- 2017

hydrogeological

Testing Frequency Discrete

1-446

testing practices

Message Returned to Usel Categorical

no significant evidence
no result

may be unsafe

unsafe to drink

testing practices
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Table A.2-5: Statistical summary of seasonality, hydrogeological, wetlharacteristics, and testing practices model variables used in regression

analyses
Model Variable Min 15t Qu. Median Mean 39 Qu. Max SD p-valuet
Seasonalityi Longitude -2.93x10°  -2.93x10°  -2.72x10?  -2.68x10? -2.57x10? -2.25x10?  2.64x16°  <0.01
Seasons )
Latitude -1.68x10'  -1.64x10' -1.60x10' -1.60x10" -1.59x10' -1.45x10' 6.71x10°  <0.01
Dependent
Variable: Winter (1- Jan) -1.62 -1.58 -1.57 -1.12 -7.21x10"  6.36x10? 6.28 0.58
E. coli Spring (i April) -1.75 -1.74 172 127 -8.87x10'  -6.30x10? 6.28 0.55
Concentration
Summer (1 July) -1.75 -1.73 -1.71 -1.27 -8.80x10"  -7.69x10? 6.28 0.55
Intercept:
8.26 + 6.23 Fall (1-Oct) -1.89 -1.87 -1.86 -1.41 -1.01 -2.34x10! 6.29 0.49
Longitude -2.92x10°  -2.60x10%? -2.43x10? -2.45x1%® -2.24x10* -2.10x10* 2.74x1¢°  <0.01
Seasonalityi Latitude -1.70x10"  -1.65x10' -1.62x10' -1.61x10" -1.55x10' -1.52x10'  6.39x10°  <0.01
Months January 1.19x10"  1.76x10'  2.04x10'  2.10x10" 2.25x10'  3.16x10'  5.75x10*  0.10
Dependent February 5.15x107  7.71x10?  1.28x10*  1.33x10'  1.71x10"  2.53x10'  6.67x10°  0.36
Variable: March 1.81x100  2.11x10"  2.63x10'  2.48x10'  2.77x10*  3.08x10'  4.49x10*  0.03
E. coli May -1.23x10*  -1.10x10' -6.62x10* -6.16x10° -1.03x10?  7.88x10° 5.25x10?  0.55
Concentration June 6.74x107  8.73x10?  1.19x10"  1.21x10'  1.40x10"  1.97x10'  4.36x10°  0.20
Intercept: July 1.99x1?  6.12x10?  7.51x10?  8.19x10?  9.27x10®  1.59x10"  4.30x1C? 0.37
9.04 +2.9%10"  August -2.02x102  2.68x10?  4.61x10*>  6.56x10°  1.22x10'  1.48x10' 5.97x1®  0.53
September -6.68x10° -3.26x10* -1.30x10° -1.34x1¢* -9.61x10"  6.16x10*°  3.41x1G62 0.77
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October -4.16x102  -1.36x102  1.25x10%7  1.66x102  4.00x1?  9.12x10?  4.36x1®  0.70
November -2.38x100  -1.84x10' -1.55x10" -1.63x10" -1.32x10' -9.71x10* 4.48x1®®  0.12
December -3.82x100  -2.89x10' -2.76x10" -2.72x10* -2.54x10'  -1.79x10' 5.15x1?  0.03
Seasonalityi Longitude -3.19x10?2  -2.81x102 -2.55x10? -2.58x1(? -2.34x10* -2.17x1* 3.63x10?  <0.01
Years Latitude -1.84x100  -1.77x10  -1.71x10* -1.73x10* -1.67x10*  -1.66x10* 2.97x16?  <0.01
Dependent 2011 7.00x10°  1.14x10"  1.39x10"  1.25x10"  1.42x10*  1.62x10* 3.30x10°  0.04
Variable: 2012 8.37x10?  9.71x1(?  1.48x10"  1.31x10* 1.58x10*  1.66x10* 6.52x10°  0.06
E. coli 2013 2.72x107  4.73x1?  8.60x10?  7.71x10*?  1.04x10*  1.28x10* 3.26x1*  0.25
Concentration 2014 -2.06x102  9.53x10°  1.65x10°  1.96x10? 2.97x1®  6.12x1?  3.38x1®  0.70
Intercept: 2015 8.54x10°  3.26x102  4.14x10?  3.84x1* 5.00x1®*  5.43x1®* 3.50x1®*  0.55
9.54+29210" 2016 -3.89x10"  -3.54x10' -3.40x10' -3.33x10" -3.01x10' -2.81x10' 2.29x1*  <0.01
2017 -8.22x100  -7.97x10'  -7.70x10' -7.75x10* -7.59x10'  -7.23x10* 1.50x1(?  <0.01
Hydrogeological
Dependent Unconsolidated BOIOM 1ot 133x10'  136x100  141x10' 152100 173100 191x1F  <0.01
Variable: Stratigraphy
E. coli
Concentration
Intercept: Specific Capacity -1.75x10°  1.06x10°  1.50x10°  1.75x10°  2.84x16°  4.20x16°  1.75x16°  0.73
3.66+ 3.12x107
Well Shallow/ModerateDeptt 1.37x10"  1.87x10*  2.01x10"  2.01x10"  2.25x10*  2.52x10' 3.77x1(*  0.01
Characteristics  Moderatel Depth 1.30x10°  1.87x10*  2.13x10"  2.01x10'  2.18x10'  2.41x10' 3.33x1®®  0.01

224



Ph.D. Thesi$ K. White

McMaster Universityi Civil Engineering

Dependent Moderate2 Depth 8.10x10?  1.24x10*  1.51x10'  1.44x10" 1.68x10*  1.78x10*  3.10x1*  0.04
Variable:
E col Moderate3 Depth 1.54x10* 2.00x10* 2.23x10* 2.21x10* 2.45x10 2.74x10 3.61x1C? <0.01
Concentration Moderate4 Depth 5.03x10? 9.82x1(? 1.29x10* 1.21x10* 1.50x10" 1.73x10* 3.86x10? 0.11
Intercept:
3.66+ 3.12%10 Moderate5 Depth 1.05x10t 1.77x10t 2.01x10* 1.89x10! 2.20x10* 2.39x10* 4.61x10? 0.02
Unconsolidated Bottom
Stratigraphy 3.94x10? 6.03x10? 6.84x10 6.76x10? 7.27x10 9.25x10? 1.71x1%? <0.01
Specific Capacity -8.56x10°  -4.01x1G® -2.27x10° -1.99x16° 1.00x10° 2.44x10°  3.42x16° 0.09
Informed Shallow/ModerateDeptt 5.67x10*  7.68x10?  8.50x1(?  9.37x10*  1.10x10'  1.64x10" 3.25x102  0.69
Physical Moderatel Depth 1.36x10! 1.41x10t 1.54x10t 1.62x10t 1.69x10t 2.10x10* 2.71x16? 0.21
Dependent Moderate2 Depth 3.74x10? 6.22x10? 6.99x10 7.92x16? 8.78x10? 1.50x10t 3.24x16? 0.02
Variable: Moderate3 Depth 1.30x10*  1.50x10* 1.67x10'  1.75x10' 2.08x10'  2.14x10*  3.20x1C? 0.24
E. coli Moderate4 Depth 243x10?  4.34x10* 6.01x10? 5.89x10*  7.03x10? 9.28x1*  2.18x1(? 0.01
Concentration Moderate5 Depth 1.23x10?  6.63x10°  8.24x1(*  7.86x10°  8.70x1(? 1.44x100  3.36x10? 0.38
Intercept: January 1.56x10"  1.87x10* 2.22x10'  2.26x10"  2.54x10" 3.01x10'  5.02x10? 0.30
9.14+7.17x10"  February 1.59x100  1.71x10'  1.97x10*  2.15x10' 2.67x10'  2.97x10*  5.40x1C? 0.07
March 1.46x10" 1.73x10t 2.24x10* 2.18x10* 2.42x10 3.28x10* 5.53x10? 0.16
May -2.51x10'  -2.42x106' -2.20x10' -2.06x10' -1.77x10 -1.12x10'  4.59x10? 0.09
June 1.55x10°  5.37x10*  7.34x10°  7.34x10*  9.36x107 1.29x10*  3.60x10? 0.05
July -3.12x10%  1.78x106°  1.74x10?  2.63x10?  4.52x10? 1.22x10  4.75x107 0.45
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August -7.71x10?  -5.90x1%* -4.70x10* -2.75x10* 2.51x10° 6.72x10? 5.10x16? 0.66
September -1.03x10'  -7.65x10* -6.73x10* -5.02x10(* -3.99x1C? 5.98x10? 4.65x10? 0.51
October -1.41x10" -9.35x1(* -5.36x10? -5.98x1(%* -3.56x10? 4.36x107 5.73x10? 0.45
November -2.39x100  -2.12x16* -1.55x10' -1.61x10' -1.21x10* -7.76x10?  5.61x10? 0.55
December -4.55x100  -3.91x10* -3.29x10' -3.43x10' -2.98x10* -2.66x100  6.08x10? 0.11
2011 9.17x16? 1.03x10t 1.29x10t 1.34x10t 1.63x10* 1.87x10t 3.50x16? 0.01
2012 1.31x10t 1.60x10! 1.89x10! 1.92x10t 2.14x10 2.69x10* 4.19x1%? 0.05
2013 1.20x16? 5.52x10 6.34x10? 6.88x10? 8.72x10? 1.33x10t 3.76x10? 0.02
2014 -1.11x107  1.32x1@ 3.29x10? 3.15x16? 5.32x10? 6.37x10? 2.66x10? 0.28
2015 4.48x10? 5.95x10? 7.99x10? 7.69x10? 8.94x10? 1.07x10t 2.25x10? 0.66
2016 -4.73x10"  -4.45x10'  -4.29x10' -4.26x10" -4.13x10' -3.58x10'  3.46x10? 0.30
2017 -8.18x10* -8.12x10* -7.88x10' -7.83x10* -7.61x10' -7.26x10* 3.18x1(* <0.01
Longitude -3.26x107  -2.55x10%  -2.24x10? -2.34x10* -2.01x1C? -1.74x17 4.99x10° <0.01
Latitude -1.87x10'  -1.65x10' -1.59x10' -1.62x10' -1.57x10 -1.46x100  1.24x10? <0.01
Testing Practices Message ReceivedNo
o _ 5.03x10?  9.82x10*  1.29x10*  1.21x10"  1.50x10 1.73x10*  3.97x16° <0.01
Dependent Significant Evidencé
Variable: Message Received\No
) 1.05x10t 1.77x10t 2.01x10* 1.89x10t 2.20x10* 2.39x10* 6.20x1C° <0.01
Testing Result
Frequency Message Received
) 4.01x10° 1.50x16? 2.13x10? 1.95x10? 2.42x10? 3.06x16? 7.96x16° 0.12
Intercept: Unsafe to Drink
2.70+ 3.66x10° January 2.41x10"  2.62x10*  2.66x10"  2.63x10"  2.70x10" 2.74x10"  1.09x10*  <0.01
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February
March
May

June

July
August
September
October
November
December
2011

2012

2013

2014

2015

2016

2017

2.22x10
3.74x10°
8.27x1C?
9.36x10?
1.14x10"
1.10x10t
6.73x10?
2.98x10?
1.45x10?
1.79x1%?
3.21x10?
-1.60x10?
8.23x10°
-1.03x1®
-1.52x10t
-2.34x10*
-9.93x10!

2.27x10*
1.22x10%?
9.27x10?
9.97x10?
1.17x10t
1.15x10t
7.27X10
4.02x10?
1.92x16?
2.98x10?
3.52x10?
-9.08x10°
1.41x16?
-6.26x10°
-1.49x10*
-2.30x10*
-9.86x10t

2.32x10*
1.27x10%?
9.60x10?
1.03x10"
1.18x10"
1.18x10t
7.46X107
4.15x10?
2.23x10
3.55x10?
3.75x10?
-5.56x10°
1.58x10?
-5.18x10°
-1.48x10*
-2.27x10*
-9.85x10"

2.33x10*
1.31x10%?
9.54x10?
1.03x10!
1.19x10t
1.19x10t
7.60x10?
4.12x1%?
2.37x16?
3.31x10?
3.69x10?
-6.68x10°
1.59x10?
-4.99x10°
-1.48x10*
-2.28x10t
-9.85x10!

2.41x10
1.65x10?
1.00x10*
1.06x10t
1.21x10*
1.22x10*
7.97x10
4.41x1%7
2.87x10?
3.95x107
3.84x10?
-3.86x10°
1.78x10?
-3.66x10°
-1.47x10*
-2.26x10t
-9.82x10*

2.44x10"
2.23x10?
1.05x10t
1.13x10t
1.29x10t
1.30x10t
8.42x10?
4.98x10?
3.63x10?
4.25x10?
4.23x10?
2.66x16*
2.22x16?
3.88x10°
-1.44x10*
-2.23x10t
-9.80x10*

8.42x106°
5.54x10°
6.66x10°
6.17x10°
4.43x10°
6.09x106°
5.37x16°
5.96x10°
6.98x10°
8.45x1C°
3.17x16°
5.00x10°
3.90x16°
3.28x16°
2.23x16°
3.22x16°
3.84x10°

<0.01
0.27
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
0.05
0.03
<0.01
0.51
0.11
<0.01
<0.01
<0.01
<0.01

!Bolded pvalues represent significant variables
20no si gni f incexidence eEvcolidrel atakColiforms ar€s CFU/100mL
(ino r esul t dtoprocessissuds chentdcal eesting, appearance or odour, interfering substances, or unauthorized submitter
40 osafe tadrinko, observations contaif. coli(Category 13) or a sample is overgrown, either with or without evidence of total coliforms

or E. coli, the presence d&. colicannot be guaranteed or quantified, but also cannot be ruled out
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Table A.2-6: Statistical significance testing for bottom stratigraphy analysis comparing unconsolidated
and consolidated categorization. Statistical significance is set toQ0.05

Category TestStatistic p-value
non-detect 23.90 <0.0001
1-10 CFU/100mL (Category 1) -22.83 < 0.0001
11-50 CFU/100mL (Category 2) -7.91 < 0.0001
51+ CFU/100mL (Category 3) -2.60 0.0093
Table A227.Top ten fAmost interestingo rules based

E. coli concentrations and rock type. Where Category 1 is-10 CFU/100mL, Category 2 is 1:60

CFU/100mL, Category 3 is 51+ CFU/ 1r0d@arlL), 0.and
St. ) .
Rule LHS RHS Lift Support Confidence Lift

1 Igneous = No, Sedimentary = N i"it:g‘orph'c 1.00 0.01 100 774

2 Igneous = No, Metamorphic =N S5 *™@Y 100 0.7 100 14
E. coli= Category 3Ilgneous =  Sedimentary

3 No, Metamorphic = No =Yes 100 0.10 1.00 14
E. coli= Category 1lgneous =  Sedimentary

4 No, Metamorphic = No =Yes 100 010 1.00 14
E. coli= Category 2Igneous =  Sedimentary

5 No, Metamorphic = No =Yes 100 0.0 1.00 1.4

6 E. coli= _umsafe to drink (tgrgiet) ?edlmentary 100 021 1.00 1.4
Igneous = No, Metamorphic =N = Yes

7 ?edlmentary = No, Metamorphic Igneous = 100 0.8 1.00 3.4
=No Yes
E. coli= Category 3 laneous =

8  Metamorphic = No, Sedimentary \?es - 1.00 0.03 1.00 3.4
=No
E. coli= Category 1 laneous =

9  Metamorphic = No, Sedimentary \?es - 1.00 0.04 1.00 3.4
=No
E. coli= Category 2 laneous =

10 Metamorphic = No, Sedimentary ges - 1.00 0.04 1.00 3.5

=No
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Table A.2-8: Statistical significance testing for well depth analysis comparing shallow and deep wells.
Statistical significance is set to ©0.05. Wherenon-detects are defined as 0 CFU/100mL, category 1 as
1-10 CFU/100mL, category 2 a§1-50 CFU/100mL, and category 3 as 51+ CFU/100mL

Category TestStatistic p-value
non-detect -8.56 < 0.0001
1-10 CFU/100mL (Category 1) 6.97 <0.0001
11-50 CFU/100mL (Category 2) 3.50 0.0005
51+ CFU/100mL (Category 3) 3.74 0.0002

Table A.2-9: Summary of user testing decay curves based on first test message received. Two decay
equations are summarized per first test message received, curve characteristics for total tests 1 through
15, and curve characteristics for totakests 16+

Decay log Standar Alpha Resid.
: Equation yr Yo alpha  d Error (decay  Sum of
rate)  Squares
No Under 16 2.62x16° 1.39 -3.70x10?  2.67x10?  9.64x10  2.13x163
N Tests
Significant 183,608 16 or More
Evidence Tests 2.38x10°  1.43x10? -2.13 1.73x10?  1.18x16!  1.81x107
'l#QStir 16 4.21x10¢ 5.11x10! -8.60x10' 3.10x10? 4.23x10! 2.76x10°
No Result 15,816 16 or More
1.24x16*  3.33x10? -1.83 8.41x1%  1.61x10'  1.54x10°
Tests
Under 16 4.82x10¢  4.74x10' -9.14x10' 1.26x10° 4.01x10' 3.68x10°
May Be Tests
Unsafe 31,656 16 or More
5.24x10°  3.31x10? -1.89 4.09x1%  1.51x10' 6.71x107
Tests
Under 16 4.10x10¢  4.80x10! -9.14x10' 2.09x10? 4.01x10' 1.17x1C°
Unsafe to Tests
Drink 20,341 16 or M
Tes?[; Or€  461x1  1.68x1C7 -2.10 8.14x1%  1.22x10'  1.37x10°
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Table A.2-10: Exhaustive list of categorical bottom stratigraphy variable levels. Green represents
present, red represents absent

Sedimenta

Label Metamorphic| Igneous Fine Medium Coarse

FFFFFF
FFFFFT
FFFFTF
FFFFTT
FFFTFF
FFFTFT
FFFTTF
FFFTTT
FFTFFF
FFTFFT
FFTFTF
FFTFTT
FFTTFF
FFTTFT
FFTTTF
FFTTTT
FTFFFF
FTFFFT
FTFFTF
FTFFTT
FTFTFF
FTFTFT
FTFTTF
FTTFFF
FTTFFT
FTTFTF
FTTTFF
FTTTTF
TFFFFF
TFFFFT
TFFFTF
TFFFTT
TFFTFF
TFFTTF
TFFTTT
TFTFFF
TFTFFT
TFTFTF
TFTTFF
TTFFFT
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Figure A.2-1: Sensitivity analysis of "most explanatory" seasonalityariables considering seasons. Red

horizontal line represents a coefficient of zero, black points represent the mean of the variable
coefficient, black bars represent one standard deviation, and grey points represent jittered data points.
Level of significance listed below variable names where they are significant.

231



Ph.D. Thesis K. White McMaster Universityi Civil Engineering

Winter (Season 1)
Spring (Season 1)
Summer (Season 1)
Fall (Season 1)

Longitude
Latitude

Longitude 1 0o

- o08
Latitude

Fo07

- 06

Winter (Season 1) 1 0.67 0.67 0.41

Spring (Season 1) 1 1 0.68

04
- 03

Summer (Season 1) 1 0.68

0.2

Fall (Season 1) 1 I o
0

Figure A.2-2: Statistical significance of all seasonality variables in the seasonal assessment model when
compared to one another. Statistically significantisdefied as p O 0. 1.
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Figure A.2-3: Sensitivity analysis of "most explanatory" seasonality variables considering months. Red
horizontal line represents a coefficient of zero, black points represent the mean tife variable
coefficient, black bars represent the standard deviation, and grey points represent jittered data points.
Level of significance listed below variable names where they are significaiote the absenceof April,

this wasremovedasit wasdeemael insignificant by the models.

233



Ph.D. Thesis K. White McMaster Universityi Civil Engineering

Longitude
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Figure A.2-4. Statistical significance of all seasonality variables in the monthly assessment model when
compared to one another. Statistical significance
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Figure A.2-5: Sensitivity analysis of "most explanatory" seasonality variables considering years. Red
horizontal line represents a coefficient of zero, black points represent the mean of the variable
coefficient, black bars repesent the standard deviation, and grey points represent jittered data points.
Level of significance listed below variable names where they are significaMote the absenceof 2010,
this wasnot consideredexplanatory in the models.
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Figure A.2-6: Statistical significance of all seasonality variables found within the yearly assessment
model when compared to one another. Statistical si
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Figure A.2-7: Sensitivity analysis of "most explanatory" hydrogeological variables. Red horizontal line
represents a coefficient of zero, black points represent the mean of the variable coefficient, black bars
represent the standard deviation, and grey points represeijittered data points. Level of significance
listed below variable names where they are significant.
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Figure A.2-8: Statistical significance of all hydrogeological variables when compared to one another.
Statistical significance is set to p00.1.
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Figure A.2-9: Sensitivity analysis of "most explanatory"informed physical variables. Red horizontal
line represents a coefficient of zero, black points represent the mean of the variable coefficiengdi
bars represent the standard deviation, and grey points represent jittered data points. Level of
significance listed below variable names where they are significant.
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Figure A.2-10: Statistical significance of allinformed
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Figure A.2-11: Sensitivity analysis of "most explanatory" well testingvariables. Red horizontal line
represents a coefficient of zero, black points represent the mean of the variable coefficient, black bars
represent the standard deviation, and grey points represent jittered data points. Level of significance
listed below vaiable names where they are significant.
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Figure A.2-12: Statistical significance of all testing practice variables when compared to one another.
Statistical significance is set to ©0.1.
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A3 CHAPTER3 APPENDICES

A.3.1 Tables and Figures

Table A.3-1: Tables adapted from Caldeira et al. (2019) and Mastrandrea et al. (2010).iAagreement is the qualitative measure of the level of
concurrence in the literature, Bi evidence is the amount of work supporting a finding, C iad Di level of confidence is determined by a summary
of the evidence and agreement levels, where darker blocks (HA&RE) represent a higher confidence than lighter blocks (LA&LE}aldeira et
al., 2019; Mastrandrea et al., 2010)

. Number of
A - Agreement B - Evidence Papers/Reports

High Robust 4+

Medium Medium 2-3

Low Limited L 1

y . D - Confidence Likelihood and
C 1 Level of Confidence . Agreement
Categories Symbols o
Combination
High Agreemeni High Agreement
Limited Medium Agreement Very High | Y % % HA&RE
. . Robust
Evidence Evidence .
Evidence
Medium Medium .
Agreement Agreement UL
gre gre Agreement High * % % HA&ME; MA&RE
Limited Medium .
. : Robust Evidenc

Evidence Evidence
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tmtédgreemem kﬂoé’("jiﬁ‘g:eemem Low Agreement Vedium ok ME&MA: HA&LE:

Evidence Evidence Robust Evidence LA&RE
Low > MA&LE; LA&ME
Very Low ) ¢ LA&LE

Table A.3-2: Summary table comparing ordered LULCs based on impact td&. coli contamination potential utilizing regression analyses and
corresponding literature. 1 cons i nlfabfelh.8-yto depia likeditoad, eNdence, andevet af tonfitemcear e de f
of findings based on regression analyses and literature.

Defined for Current Study (Based on Regression Analyses) | Literature Summaries
Land Cover
Category Impact on E.
(Impact on Category Key Process thegory Process coli
. . Category Description and g o
E. coli Description Notes Study Tvoe Description  Contaminatio
Contaminatio y 1yp n Potential
n Potential
Continuous . . Domestic and
row crops and T ngh S o wild animal
. loading from Cultivation, no
mixed crops . ) faeces, sewel
domestic livestock farms .
are rotated . : and septic
; X animds and . exist, low
with perennial Agriculture . . Cross
land-based impervious :
crops. Also e (Paule connection
. application of percentage, dry an Moderate
includes Mercado et : leakages and
manure paddy fields
hay/pasture, 4 High potential al., 2016) overflow.
orchards, 'gh potentia - Rice paddies
: for Fieldi Stormwater :
vineyards, fivity to Runoff receive
nurseries, cong?c y . intensive
rural and transpor application of
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crops) and increasec

properties not through fertilizers,
in production, groundwater as fields then
urban brown often well flooded to
fields, and irrigated and, facilitate
clearings in some cases increase in
within forests. actively tilled nutrient
uptake by
rice plants;
large
precipitation
event can
* * * * cause
overland
flow.
NA
Note: study
Cultivated  conducted in lower L
. . Application
(Namugize et  income area of of fertilizers Moderate
al., 2018) South Africa
Field - River
Pasture/Hay (for Excess
livestock grazing or  nutrients
production of seed  through
Agriculture or hay crops) and fertilizers and
(Jabbar et al., cultivated crops manure, Very High
2019) (land being actively runoff from
tilled, orchards, pesticide and
vineyards, annual herbicides,
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turbidity
level due to
sedimentation
and soill
erosion.
Note: this
mainly
impacts N
and P.
Pasture-
Migration of
E. coliinto
the soil at

higher
Pasture/Hay (for  frequency

livestock grazing or due to more

production of seed frequent fecal
Croplang/  ©Fhav crops) and - deposition,

Field - River

Very High
Pasture cultivafted crops Iowe_r (Pasture)
(Dusek et al (Ia_nd being actively  selection

2018) v t_|IIed, orchards, pressure Low
vineyards, annual leading to (Cropland)

crops) enhanced

survival (or
Field - Soils growth).

Cropland 1
manured

croplandsE.

coli more

prevalent in
247




Ph.D. Thesi§ K. White McMaster Universityi Civil Engineering

saturated
soils, high
levels of
diurnal and
anthropogeni
c variation
under soil
conditions
may lead to
lower
prevalence.

Arable crops,
vegetables,
potatoes, kiwifruit,
pip fruit, viticulture,
Pasture vineyards, hill and

Literature Review

(Elliott et al., intensive NA Moderate

2016) sheep/beef pasture

Field i
River/Model
Definition
Actively grazed

Agricultural pasture, dairy cattle

Land grazing pastures,
(Petersen anc r|1_o|d|ng pens, and NA High

Hubbart ivestock manure
2020) ’ stacks
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Cattle from
nearby
Ungrazed rangelan pasturesand
I annual mowing or  pets from
haying neighboring
Managed hay properties
pasture seasonal unexpectedly
Agriculture haying, ungrazed found in
(Gregory et currently watersheds. Moderate
al.,, 2019)  Cultivated cropland Avian
T conventional wildlife
tillage, commercial found more
fertilizer, ungrazed in cultivated
cropland and
Field - Soils hay pasture
(vs. native
prairie).
E. coli
strongly
Agriculture connected to
activities (not raw and
clearly defined, municipal
. assumed to be  sewage from
Agriculture . i
mainly cropland, domesticand Moderate
(Hua, 2017) .
potentially poultry
cattle/poultry) farms. Farms
with high
Field - River fertilizer
usage cause
E. coli
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presence;
indirectly,
agriculture
activities
could disrupt
the soil
structure and
causekE. coli
presence in
rivers.
: . High
e.g., Dairy farming,
Pastoral row cropping (i.e., V#?)?Tt]exvoarier
(Larned et al orchards, vineyards oint sources High
" short rotation) po . ‘ 9
2004) ie., tile
. : drains and
Field - River ditches.
Unconsolidate T E. coliloading AdreesafrtOf;\?:r;Oecnkt’
d materials from wildlife scarps tglus slide’<
subject to l Po:‘eizgﬂglrfor volcanic material,
active glacial debris, sanc
Open/ processes gr(;_lljtnd;/_vater Barren Land dunes, strip mines,
Bareland i.e., wave infiitration Jabbar et al., gravel pits and NA Low/Moderate
due t
(High) energy, _ dueto ( 2019) other accumulation:
erosion, etc.). 2 3 n ?ng ,[‘ ‘ of earthen material
Containin i L Generally,
o g i.e., minimal oraly o
<25% tree or natural vegetation <15%
shrub ) total cover
coverage attenuabn
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1 High runoff Field - River
potential Including all land
areas that exposec
soil and barren —— piy que to
areas are influence ,
hydrologic
by humans. o
. modifications
* Described as
. such as
Open Space transition area for dredging
built-up area ’ Moderate
(Hua, 2017) water
converted from : i
: diversion,
agriculture, as well
; and
as forest into .
: channelizatio
agricultural
o n.
activities
Field - River
Characterizec
Highways, 9§ PotentialE. by high
roads, linear coli loading surface run
frequencies ol from off and
structures overflowing Including periodically
more than 10 sewers, manufacturing, high
: per 500m or 4 wastewater Urban urban housing stormwater .
Urban (High) (Larned et al., . . ; . High
perl-hectare treatment industrial, roads discharge.
o 2004) ,
box. Green facilities, High
space or leaking pipes Field - River wastewater
permeable or septic tanks input from
surfaces can and domestic nonpoint
be present. animals sources:
storm drains
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 Lower
potential for
connectivity to
groundwater
due tohigh
levels of
impermeable
surfaces
9 High surface
runoff

* %k
*

and leaking
sewers; lower
interception
and lower
infiltration
rates.
Highlighted
positive
trends in
conductivity.

NA
Note: study
conducted inower-
income area of
South Africa

Urban/built

up
(Namugize et
al., 2018)

Field - River

IncreasecE.
coli linked to
rapid
urbanization,
associated
with
expansion of
informal
settlements,
stray
livestock,
poor sanitary
systems.

High

Parking lot,
residential, road,
and commercial.
High impervious

percentage

Ground

(Paule
Mercado et
al., 2016)

Sources of
fecal
contaminatio
n include
domestic
animal feces,
sewer and

Very High
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Fieldi Surface
Water Runoff

septic cross
connection
leakages and
overflow.
Impervious
Cover may be
prone to fecal
indicator
bacteria from
runoft.

Potential
artificial

Developed Urban (commercial sources oE.
(Petersen anc area) and residentie  coli (i.e.,
Moderate
Hubbart, water
2020) Literature Review infrastructure
), increased
runoft.
Containing Significant
anything from open load of
space (<20% contaminants
impervious; large from the
Cuman | eomes st pomant
( a20a1r9§ al, family home_s (20 sources. '9
49% impervious),  Originates
to smallerlot from waste
homes (5679% produced by
impervious), to municipal
apartment wastewater
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complexes and treatment
commercial/industri  plants and
al (80-100% undefined
impervious) anthropogeni
C sources.
Field - River
Artificial
Surfaces Field1
(Urban) River/Model NA High
(Elliott et al., Definition
2016)
Domestic
animal
faeces, sewel
Residential and andrseptlc
Urban compl exes corfn%i?ion
(Paule |l and us .
eakages and High
Mercado et . overflow
al., 2016) FieldT Surface (from sewers
Water Runoff : ’
septicsewers,
and WW
treatment
plants)
Including all Main causes
Built-up residentigl, are rg;iqlentia
Areas _ comm_erual, activities, High
(Hua, 2017) industrial, a}nd |r_1d_u_str|al
’ transportation  activities, and
sewage
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Field - River treatment
plants.
NA
. : Note: study
Mlnesé/SQuarrl conducted in lower
1 Heavy metal (Namugize et income area of NA High
presence al., 2018) South Africa
Openpit correlated . .
ag%regate with higher Field - River
site. Includes detection Mines mine |fr_1 ar& Preferential
Mines (High) associated 1 Preferential | (Somaratne frggfuorgcljnr%ck flow High
9" infrastructure flow paths | and Hallas, ~auifer pathways 9
such as roads may be 2015) g present
buildings, present .
weigh scales, Field- Wells
and ponds, N Presence of
Gold mining heavy metals
* Mines community correlated
(Armah, with higher High
2014) Field - odds of
Groundwater detectingE.
coli
Often tree 1 E. coli Dominated by
cover <25%, Ioadiﬁ S likel shrubs, less than £
shallow 95 1€Y1 shrubland m tall, shrub
Scrubland from wildlife
substrates, : (Jabbar et al., canopy greater tha NA Low
(Moderate) 1 Higher
low shrubs gt' ity t 2019) 20%. Includes
(<2m). Can concr;?c ity ? grasses, sedges,
have rapidly and transpor herbs, young trees
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draining soils, within or trees stunted
may contain groundwater from environmental
exposed due to conditions.
bedrock. drai nin
Field - River
G
*
Includes peat
removed for
consumptive
(e_g_1 trees T Disturbed soil
and peat) and structure may
nor lead to high
consumptive  connectivity to NA
(e.g., and transport Note: study
Disturbance  conservation, within Degraded  conducted in lower
(Moderate) erosion groundwater (Namugize et  income area of NA Low
protection) al., 2018) South Africa
uses. Includes L Field - River
forest clear
cut <10 years
old (low trees, *
dead trees,
mosses,
herbaceous).
Bedrock Exposed  Bedrock could
(Moderate) bedrock, often be fractured NA NA NA NA
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times <25%
vegetation.

leading to high
transport and
infiltration
rates to
groundwater,
or not
fractured
leading to high
runoff (Arnaud
et al., 2015)

O

1 E. coliloading

Trees geater than

oceurtin Forest 5m tall and >20%
ing (Jabbar et al., vegetation cover NA Moderate
from wildlife 2019)
T nghe:r_ Field - River
connectivity Mentions
>60% tree trg)ng;grt positive
Forest cover through Tall forest trends in
(coniferous, ) conductivity.
: ’ (preferential | Native Forest indigenous conifer,
mixed). factors such
flow paths | (Larned etal., broadleaved or as aif Moderate
through roots, 2004) beech species temperature
animal _ _ and
_burrows,_apd. Field - River precipitation
insect activity; affect
low runoff conductivity
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leading to
higher
infiltration),
though natural
attenuation

via rock
weathering
and
atmospheric
input.

likely present
1 More
consistent ano
preferred soil
conditions for
E. coligrowth
(high level of
organic matter
buffering pH
change and
nutrient
depletion, and
plant cover
and shading
buffering
temperature
and soll
moisture)

Forested
(Petersen anc
Hubbart,
2020)

NA

Literature Review

LowerE. coli
potentially
due to lower
artificial
sources (i.e.,
livestock
manure).
LowerE. coli
attributed to
decreased
endotherm
population
density, lack
of artificial
sources oE.
coli, and
decreased
run-off.

Low

Forest

(Paule
Mercado et
al., 2016)

Deciduous, mixed
coniferous, and

broadleaf forests Wild animal

Fieldi Surface
Water Runoff

faeces

Moderate
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* & Kk

Forest
(Dusek et al.,
2018)

Wild animal
faeces
leading to
elevated fecal
deposition,
combined
with more
stable soil
conditions
(high level of
organic
matter
buffering pH
change and
nutrient
depletion,
and plant
cover and
shading
buffering
temperature
and soil
moisture).

Mainly deciduous

Field - Soils

High

Forest
Plantations
(Namugize et
al., 2018)

NA
Note: study
conducted inower-
income area of
South Africa

Positively

correlated
with E. coli

presence.

Field - River

Moderate
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Generalized
NA :
Forest with urban
(Hua, 2017) Field- Ri area as Moderate
ield - River fiveget
1 Occasionally hZ?l:r)Zggflljs
refsr:]eg t,? ?JS‘ vegetation account:
purifiers of for greater thqn
Water table water o Herbaceous 80% of vegetative
seasonally or remove Wetland cover and the soll NA Moderate
(Dusek et al., or substrate is
permanently pathogens, 2018) periodically
at, near, or soilscan have saturated with or
above higher sorption covered with water
substrate rates; roots of '
surface (can some Field - Soils
Wetlands be gently vegetation ca Forest or shrublanc
(Low) flowmg_). reduc_e the vegetation account:
Vegetation populations of for greater than
can include pathogenic 20% of vegetative
woody plants, bacteria Wooded dg |
trees (often (Dordio et al., Wetland coverbatn tso_l or NA Moderat
<25%), 2008) (Dusek etal., o058 oderate
shrubs (often § E. coliloading 2018) satueate d or cgvere
hydrophytic, may occur due with water
often >25%). to wildlife
activity Field - Soils
T ROOt.S of Wetlands NA
vegetation car (Namugize et Note: study NA Low
actas al.,2018) conducted in lower
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preferential income area of
flow paths, South Africa
increasing
transpot Field - River
(Rivera, 2014) Periodically
saturated or covere
with water, forest ol
Wetland shrubland >20%
(Jabbar et al., coverage OR NA Moderate
* * 2019) herbaceous
vegetation >80%
Field - River
1 Some e e
;)%iilig?e Domir_matgd by  saturated with
with graminoid or water, cooler
wildlife herbaceous temperatures
Ground layer G land vegetation, were
domingt.ed by T (?]fifer:s (Du?jlf :tnal generally >$O% of assqciated Low
Grassland prairie effici?ancy 2018) v to_ta_ll vegetation. Nc _ with
(Low) graminoids, Attenuatio t|_II.|ng but may pe increased
tree cover < o for utilized for grazing. I\p/)lrevalenc_e.
60%, shrub ay contain
cover <25%. Waterbo_rn Field - Soils wildlife
ev%hgﬁ“ activity (i.e.,
deer).
runoff Grassland Defi ned-
ra’:es are (Elliott et al., pastur ¢ NA Low
ow 2016)
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* %k

Fieldt
River/Model
Definition
Grassland NA
(Paule Wild animal Low
Mercado et FieldT Surface feces
al., 2016) Water Runoff
Dominated by
graminoid or
herbaceous
Grassland vegetation,
generally >80% of
(Jat;t())alrggzt al., total vegetation. Nc NA Moderate
tilling but may be
utilized for grazing.
Field - River
Seasonally
Grasslands usetotllfor
composed of annue ca eE
grasses and forbs grazing,t.
coli loading
Grassland such as annual resulting
ryegrass, wild oats. )
(Tate et al., soft chess. and Grasslands Low
2006) - offer a
redstem filaree o
significant
Benchscalel Cst?:rig[;o
Outdoor Study waterbornee.
coli, though
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this
efficiency
decreases
with
increasing
runoff rates.
1 No notableE.
coli loading,
only a factor if
other LULC
(i.e.,
agriculture/
pastoral)
Permanent produces Open water,
Water Wa(tjeer; o rur.loff. Water typicall_y <25%
o resulting in @ | (Jabbar et al., vegetation cover NA Low
(Low) vegetation non-point 2019)
coverage source loading 1 P
<2504, into water Field - River
body
L
*

- Field7 This study was conducted utilizing field acquired data

0 Groundwatei E. colidata acquired was from groundwater sources

o Riveri E. colidata acquired was from river sources

0 Soils- E. colidata acquired was from soil sources

o Surface Water RunoffE. colidata acquired was from surface water rusoffirces
- Benchscalei This study used a bendtale, morecontrolled environment to acquire data
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- Model Definitioni This study is a proof of concept for a geisting model
- Literature Review This study summarizes pexisting literature
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Table A.3-3: Summary of intercepts and coefficients of regression models exploring LULC (independent variable) arifl coli contamination
potential (dependent variable).

LULC subset

LULC subset

LULC subset

LULC subset

ﬁzlalltle;;J(l)_riCes catélglgtl)_rliJeI;C(with with.<30,000 with'<30,000 with .>135, 000 with .>135, 000
(with all E. coli E. coli presence Obs..* in catego'ry Obs.f in categ.ory Ob§.* in category Obs.’.* in categ'ory
data) subset) (with all E. coli (with E. coli (with all E. coli (with E. coli
data) presence subset) data) presence subset)
Intercept 3.70+1.821 3.72 + 1.82¢€l 3.92+1.082 3.91 +5.97603 3.51+2582 3.52+1.8@2
Aggregate Mine 7.42e1+4.8k1 | 5.85el+2.45el | 52%1+5021 | 3.921+1.631 X X
Bedrock -3.07e2+2.261 | -5132+24%1 | -24F1+7.9%2 | -244e1+1.2% 1 X X
Disturbance 422e3+25%1 | -9.63e03+2.2% | -2.081+1.4%1 | -2.02-1+2.061 X X
1
Forest -6.23e2+1.86&1 | -7.6%2+1.7%1 X X 127-1+2.8%22 | 1.251+3.4%2
Grassland -3.70+1.821 NA -3.92 £+ 1.08-2 NA X X
Open/Bareland 1.03+7.0&1 1.28+4.881 8.222-1+6.6%1 1.08 + 3.8e-1 X X
Pastoral/Agricultu | 3.15e1 +1.9%1 | 2.971+1.8%1 X X 505-1+2482 | 4.9%1+23le2
ral
Scrubland -7.07e2+2.1@&1 | -1.0le1+1.8621 | -2.831+4.522 | -2.94e-1+ 4.862-2 X X
Urban 2.19e1+1.8¢1 | 1.941+1.83%1 X X 4.081+2.632 | 3.96e1+2.042
Water -4.70e1+1.841 | -4.7%91+1921 | -6.831+5482 | -6.721+5.652 X X

T NA represents a LULC category that was to be included in the regression analysis but did not contain any watdyssaagtlens
T Xrepresents a LULC category that was not considered in an analysis
*Due to largediscrepancy in number of water sample observations in LULC categories, analyses were also undertaken excluding LULE cg

with low and high water sample observations, respectively
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A4 CHAPTER4 APPENDICES

A.4.1 Figuresand Tables
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Figure A.4-1: Summary of original 14 clusters based on spectral analysis.
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Figure A.4-2: Fraction of explained variance of the model based on the number of clusters allowed.
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Table A.4-1: Summary of clusters based on adverse and neadverseE. coli observationsfrom n to n-5 days

AdverseE. coli Observations Non-AdverseE. coli Observations
Cluster Cluster Cluster Cluster Cluster Cluster All Dry Cluster Cluster Cluster Cluster Cluster Cluster
1 2 3 4 5 6 Days 1 2 3 4 5 6
Number of
unique 9 2 14 17 12 9 1 14 12 20 5 6 6
patterns
Number of
. 5388 480 3630 7239 3351 1310 158442 89016 46540 280504 26145 41732 28801
observations
Max number 2/5 5/1 6/3 3/5 413 4/4 5/3 43 3/5 5/3 6/3 3/4
of wet/dry
days
Mean number —, o, 5 5:0 45:15 2+1 3.5:0.5 3+1 0/6 4+1 3.5:0.5 2+1 4+1 4515 2505
of wet days
Mean number ) oo 5 10 1515 441 2.50.5 3+1 2+1 2.560.5 41 241 1515 3505
of dry days
Max rainfall
range
(i.e., the
maximum of 76.63 67.61 62.22 65.48 85.28 44,01 76.99 65.71 85.21 112.76 87.70 63.87
each pa
range within --
each cluster)
Minimum 0.04 2.05 1.06 0.01 1.14 0.66 0.35 0.51 0.01 0.51 0.35 0.23
Mean 119+9.8 19.0t104 16.3+9.7 11,2294 16.3t10.6  131+8.2 151+9.5 139489 9.3t8.3 168+11.0 148+9.9 10.5:7.9
Max/Min
number of 2/1 5/3 6/2 3/1 4/2 3/1 5/2 4/2 2/1 4/2 6/2 1/1
consecutive
0
wet days
Mean 1.5£0.5 4+1 442 2+1 3t1 2+1 3.5+1.5 3t1 1.50.5 3t1 442 1+0
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Max/Min
number of
consecutive 5/2 1/1 3/0 5/1 3/1 3/1 6 3/1 3/1 5/2 2/1 3/0 3/1
dry days
Mean 3.5:1.5 1+0 1.5t1.5 3t2 2+1 2+1 2+1 2+1 3.5+1.5 1.50.5 1.5t1.5 2+1
LULC ratio:
Very High 0.416 0.385 0.429 0.416 0.417 0.413 0.401 0.386 0.380 0.385 0.392 0.389 0.380
High 0.285 0.277 0.275 0.280 0.280 0.292 0.313 0.310 0.311 0.315 0.312 0.314 0.315
Moderate 0.226 0.248 0.230 0.233 0.223 0.217 0.224 0.236 0.238 0.231 0.229 0.228 0.233
Low 0.073 0.090 0.066 0.071 0.079 0.078 0.062 0.068 0.070 0.068 0.066 0.069 0.072
Stratigraphy
ratio:

Bedrock 0.715 0.765 0.723 0.711 0.703 0.718 0.628 0.645 0.648 0.642 0.633 0.654 0.647
Overburden 0.285 0.235 0.277 0.289 0.297 0.282 0.372 0.355 0.352 0.358 0.367 0.346 0.353
E. coli ratio:

High 0.078 0.100 0.100 0.092 0.096 0.095
Moderate 0.154 0.156 0.151 0.148 0.138 0.153 - - - - - - -
Low 0.768 0.744 0.749 0.760 0.766 0.752
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Table A.4-2: Summary of clusters based on adverse and neadverseE. coli observationsfrom n to n-16 days

Non-AdverseE. coli Observations

AdverseE. coli Observations

All Dry Cluster

Cluster

Cluster

Cluster

Cluster
5

Cluster
6

Cluster
1

Cluster Cluster
2 3

Cluster

4

Cluster

5

Cluster

6

Days 1

2

3 4

179

1136

806

Number of
unique
patterns

335

98 347

168

30

410

1 701

55718 34759

364

52491

1278

111038 15091

71054

86467

Number of
observations

2695

876 1937

1229

197

2731

15/16 15/15

14/15

14/16

Max number
of wet/dry
days

13/16

Mean number 7+6

of wet days

Mean number 10+6

14/16 14/16

7.5£6.5 7.5:6.5

9.5£6.5 9.5+6.5

13/16

76

10+6

9/15

5.5£3.5

11.53.5

13/16

76

10+6

14/15
0/17 816

9+6

15/16

8+7

9+7

8+7 8.5£6.5

9+7 8.5£6.5

816

9+6

7.5£6.5

9.5£6.5

of dry days
Max rainfall
range
(i.e., the
maximum of
each pa
range within
each cluster)

37.69

Minimum 0.1

Mean

188+101

61.93 20.57

0.07 0.4

268+185  116+4.7

48.67

0.73

243£132

85.28

2.4

37.0£227

29.04

0.08

165+7.5

22.69

0.5

115+45

62.94

0.01

16.7+135

38.99 104.11

0.01 0.64

156+9.2  258#173

13/1 12/1

30.74

0.13

148+6.4

1111

49.54

0.02
157+11.0

11/1

Max/Min

number of

consecutive
wet days

Mean

12/1

6.5+5.5

8/1 1111

4.53.5 615

1111

65

8/1

4.5:3.5

10/1

5.54.5

13/1

7+6

17

1111

615

7+6 6.5+5.5

16/1 12/1

65

13/1

65

16/2

Max/Min
number of

15/2

13/1 13/2

14/1

14/3

16/1

13/1

15/1
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consecutive
dry days
Mean 8.5+6.5 76 7.55.5 7.56.5 8.5¢5.5 8.5+7.5 76 8t7 8.5+7.5 6.5£5.5 76 9+7
LULC ratio:
Very High 0.421 0.430 0.423 0.437 0.345 0.434 0.413 0.384 0.399 0.383 0.385 0.374 0.396
High 0.291 0.280 0.279 0.302 0.269 0.283 0.302 0.329 0.321 0.323 0.311 0.324 0.323
Moderate 0.218 0.220 0.226 0.190 0.269 0.208 0.228 0.216 0.216 0.224 0.230 0.229 0.215
Low 0.070 0.070 0.073 0.072 0.117 0.075 0.058 0.071 0.064 0.070 0.074 0.073 0.066
Stratigraphy
ratio:

Bedrock 0.713 0.693 0.707 0.710 0.741 0.715 0.626 0.639 0.621 0.630 0.651 0.638 0.630
Overburden 0.287 0.307 0.293 0.290 0.259 0.285 0.374 0.361 0.379 0.370 0.349 0.362 0.370
E. coli ratio:

High 0.093 0.103 0.090 0.103 0.091 0.090
Moderate 0.146 0.150 0.155 0.148 0.183 0.149 - - - a a B -
Low 0.761 0.747 0.755 0.749 0.726 0.761
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A.5.1 Figuresand Tables
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Figure A.5-1: Closest driving time bins of closest drogff location versus first test message received.
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dosest Driving Time vs. Year of Test
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Figure A.5-2: Closest driving time bins of closest drogff location versus year of test.
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Figure A.5-3: Closest driving time bins of closest drogff location versus month of test.
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Joses Driving Time vs. Week Day of Test
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Figure A.5-4: Closest driving time bins of closest dropff location versus weekday of test.
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Table A.5-1: Summary of SWE inclusion criteria based on Ontario Plant Hardiness Zones.

Hardiness Zone

Summer Autumn

Winter Spring

Ob

(Jun 15/ Jul 30)  [Jul 307 Dec 10)

[Dec 101 Jun 13]  (Jun 13i Jun 15]

la

(Jun 19i Aug5) [Aug 57 Dec10)

[Dec 10i Jun 6]  (Jun 6i Jun 19]

1b

(Jun 20i Aug 21) [Aug 217 Dec 12)

[Dec 12i Jun 18]  (Jun 18 Jun 20]

2a

(Jun 71 Sept9) [Sept 9i Dec 13)

[Dec 13i Jun4]  (Jun 4i Jun 7]

2b

(Jun 7i Sept9) [Sept 9 Dec 13)

[Dec 13i Jun 3] (Jun 3i Jun 7]

3a

(Jun 3i Sept 16) [Sept 16/ Dec 14)

[Dec 141 Jun 2] (Jun 27 Jun 3]

3b

(May 271 Sept 17) [Sept 17i Dec 15)

[Dec 151 May 24] (May 241 May 27]

4a

(May 2471 Sept 22) [Sept 22i Dec 18)

[Dec 181 May 21] (May 211 May 24]

4b

(May 2471 Sept 22) [Sept 22i Dec 21)

[Dec 21i May 15] (May 151 May 24]

5a

(May 171 Sept 26) [Sept 261 Dec 27)

[Dec 27i May 5] (May 57 May 17]

5b

(May 117 Oct1) [Oct 17 Dec 29)

[Dec 291 Apr 27] (Apr 277 May 11]

6a

(May 37 Oct8)  [Oct 8i Dec 31)

[Dec 317 Apr 22] (Apr 221 May 3]

6b

(Apr 307 Oct13) [Oct 137 Jan 3)

[Jan 3i Apr 7] (Apr 77 Apr 30]

7a

(Apr 2571 Oct 20)  [Oct 207 Jan 6)

[Jan 6i Apr 1] (Apr 17 Apr 25]
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Table A.5-2; Summary of impact toE. colii n

isummer 0O

model s

i f one

vari abl e

wa s

increased at a

represents the use of categorical variabl esiQusvarhblesc/ Cont 6 represents the
. LASSOT LASSOi MARS i MARS i GAMLSS - GAMLSS i
Variables Disc/Cont _ Cat Disc/Cont
Cat ISc/on Cat Disc/Cont a Isc/eon
DriveTime Decreases Decreases Decreases_
concentration
SpecCap Decrease presence| Decrease presencs
Decrease,
magnitude 2 Hinge @ 2, Hinge @ 2, decreas
JLULC Decreases greater for decreases after | after Decreases Decreases
concentration
Decrease
\WellDept Decreases Decreases presence Decreases
Increase presence,
one magnitude morg
Hotspot than coldspot
GiBin Increase Increases
concentration
Coldspot Increase presence
Increase presence | Increase presence Hinge @ Freq~10 &
TestFreq Decrease Decrease Den~15.4,_|ncrease
concentration concentration concentration
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Increase presence | Increase presence
|Rainfall Wet/Dry Cycles Decrease Decrease
concentration concentration
IRainfall Maximum Consecutive| Decrease Decrease
\Wet Days concentration concentration
Second highes
Category 1 | Increases presence increase
Hinge @ Cat3/16.1,| Third highest
Category 2 decreases to hinge | increase
_ thenplateaus
Well Density Decrease _ . Decreases
Category 3 Increases Hinge @ Freq~10 &| Highest
gory concentration D i i
en~16.6, increase| INCrease
concentration
If True,
Category 4 | Decreases concentration
decreases
Cracking Increases
Increases presence] Increase
OpenHole two mag less than concentration
Bottom Casing Crack
. Decreases
Material :
Potential
. Decrease presence
Corrosion
Stainless Eﬁggﬁgg
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Bottom of Well
Stratigraphy

Bedrock

Increase presence

Decrease
concentration

Overburden

Increase presence

Decrease

concentration

Decrease
presence

Decreases
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Table A.5-3; Summary of impacttoE.colii n fishoul der & models i f one variable was increased at a ti
repr esents the use of categorical variables, AConto represents the use of cont
. LASSOi LASSO i MARS 1 MARS i GAMLSS | GAMLSS i
Variables
Cat Cont Cat Cont - Cat Cont
. . Increase
DriveTime Increases presencs
presence
SpecCap Decreases Decreases Decreases_
concentration

Hinge @LULC=2, 1&2
the same, decreases aftt

Hinge @LULC=2,

|LuLC Decreases Decreases Hinge @ LULC=2 & slightly increases Decreases | Decreases
Overburden=T from 1 to 2, then
concentration much decreases

higher for LULC=1

\WellDept Decreases Decreases Decreases | Decreases

Decreases (1

Hotspot magnitude more fol
GiBin concentration)
Coldspot Increase presence
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concentratioomuch
higher for LULC=1

Increase
TestFreq Increase presence
presence
Total Water (Rainfall + Snow
Increases Increases Increases | Increases
IMelt)
|Rainfall Wet/Dry Cycles Decrease presenceg Decreases
[Maximum ConsecMelt Day
Sum Decreases Decreases Decreases | Decreases
Cracking Decreases
OpenHole Increases presencd Decrease
Bottom Casing presence
Material P i
otential
) Decrease presence Increase .
Corrosion concentration
Stainless Decrease presence
Increase presence
Bedrock Decrease Decreass
. Increase
concentration
Bottom of Well presence
Stratigraphy : Decreases
Decrease Hinge @ LULC=2 &
concentration | Overburden=T
Overburden | Decrease presencg '
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Table A.5-4: Summary of impacttoE.colii n fiwi nter o models if one variable was
record an impact. fACatod represents the use of <cat egor uoosavdriablear i abl es,
’ LASSOii LASSO i MARS i MARS i GAMLSS | GAMLSS
Variables i :
Cat Disc/Cont Cat Disc/Cont - Cat Disc/Cont
. . Decrease
DriveTime Decreases Decreases presence Decreases
SpecCa Decreases Decrease
P P presence presence
Hinge @ Hinge @ LULC
LULC=2& =2 & Melt
Melt Days = 1; | Days =1,
JLULC Decreases Decreases decreases as | decreases as
LULC >=2 and | LULC >=2 and
Melt Days>1 Melt Days>1
WellDept Decrease Decreases
presence
Hotspot Decrease
presence
. Decrease
GiBin
presence
Increase
Coldspot
presence
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Decrease Decrease
TestFreq . Decreases
concentration presence
Hinge @ Hinge @ LULC
Increase Increase LULC=2¢& =2 & Melt
presence presence -1 -1
INumber of Melt Days (I;/Ielt Days = 1; 1 Days = 1;
Decrease Decrease ecreases as | decreases as
concentration | concentration | LULC >=2 and | LULC >=2 and
Melt Days>1 Melt Days>1
. Increase Increase
|[Maximum Melt Day (mm) presence presence
Category 1 | Increases
Increase
Category 2 | presence (less
Well Density than Catl) Decreases Decreases
Category 3
Category 4 | Decreases
Category 1
Flow
. Decreases
Accumulation Increase
Category 2
presence
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Category 3 | Decreases
Category 4 Decrease
presence
Increase
presence Increase
Bedrock
Bottom of Well Decrease presence
Stratigraphy concentration | pecrease
concentration
Overburden
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Table A.5-5: Summary of impact toE. colii n
i mpaeht siCheousepot

record an

iall

seasonso
categorical

model s if

one
variabl es,

variabl e
fiDi sc/ Cont O

wa s

. LASSO LASSOIi MARST | MARS T GAMLSS - | GAMLSS
Variables Disc/Cont Disc/Cont Cat ;
Cat Cat Disc/Cont
, . Decreases
DriveTime Decreases Decreases presence
SpecCap Decreases Decreases
Hinge @ 2, Hinge @ 2,
ILULC Decreases Decreases decreases Decreases Decreases
decreases afte
after
WellDept Decreases Decreases Decreases Decreases
Hotspot Increases
presence
GiBin Increases
Increases
Coldspot presence
(slightly more)
TestFreq Increases Increases Decreases Decreases
presence presence
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Decreases Decreases
concentration concentration
Increase Hinge @
Total Water Increase presence 282, Hinge @ ®7,
presence Decrease increases | increases after
concentration | after
Category 1 Increases Increases
Increase
presence i
Category 2 Z'l'?get%@ Increases
_ Decrease at s,
Well Density concentration | Decreases decreases to Decreases
41 then
lateaus
Category 3 Increases P Increases
Decrease if
Category 4 Decreases
True
Increase
Bott Cracking presence (1 mag
ottom more than rest) | Decrease
Casing resence
Material P
Increase Increase
OpenHole .
presence concentration
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Potential
Corrosion

Decreases
presence-(
0.015)

Stainless

Decreases
presence-(
0.0185, 2 iter)

Bottom of
Well
Stratigraphy

Bedrock

Increase
presence

Decrease
concentration

Overburden

Decrease
presence

Increase
concentration

Increase
presence

Decrease
concentration

Decrease
presence

Decreases
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