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ABSTRACT

While wastewater surveillance (WWS) has been a tool arguably usedisnizg/'s of
John Snow, its use has increased sharplgd far more publicly since thébeginningof the
COVID-19 pandemicWWS typically involves sample collection of community sewage at the
wastewater treatment plant (WWTP), where it is then analyzed for viral particle counts reflecting
the entire WWTP 8esvershediThisidataset ia inde@endénit of @her,public
health data, helping contextualize community diseasgdou This is especially important in the
absence of reliable case reportihigwever, with WWS being so new, many public health

practitioners struggle to understand and apply its nuance.

There is a need to provide easy, actionable interpretation for AR WWS in
Virginia. To support the Virginia Department of Health (VDH), this PhD dissertation explored
the SARSCoV-2 WWS VDH Sentinel Monitoring Program (SMP) data and correlated with
communityCOVID-19 burden indicators of cases and hospitalizations. I[thene d Yang o s
(2017) framework for Early Warning Systems to

(1931) Simple Control Charts with movingnges as the base.

The chosen variable for the alert system wasit®/changen viral load(VL), with a
dependent testing variable lof-site change in weekly cases. All data was assessed by individual
site (n=24), as intesite variability was extensiv8aselinedor establishing normal site variance

for VL and case changeeredetermined by finding periods wihease change and SARV-2



variant shifts were minimized. Once baselines were determined, the standard dés@fion
changewas calculated for each sit@ith amultiplier of 3 to set the Upper Control Limit (UCL)
of acceptable varianc&he alert systermdicatel which changes ofL and casesvere
sufficiently out of normal variandey assigning flags. The flags for both VL and cases were

compared to each other, and performance metrics calculated.

When using th&D multiplier threshold of 3 for both changing VL and cases (daily cases
for next 7 days)the alert flags matched each other 88% of the time. If calculated for case flags
of that week or following week (accounting for possible VL leading indicator effects), matching
increased to 92%. For every positive VL alert, 49% had an associated pastvalert that
week; 52% fothe nextl-2 weeks. For every negative VL alert, 94% had an associated negative
case alert that week; 97% filie nextl-2 weeks. Sensitivity was calculated at 39%tfa same
week, or 52% fothe next 2 weeks. Specificity was calculated at 94%tfar sameaveek, or
99% forthenext 12 weeks. These metrics were explored using other thresholds, aithich
improve certain performance indicators (e.g., sensitivity) usually at the cost of other
indicators.Major limitations include nuances of the datasets themselves, especially with the case
counts, which were subject to changing reporting standards and methods throughout the

pandemic.

This dissertation provides a proposed and evaluated alert system for WWS programs,
with specific guidance and tips in ChapterslPifor readers. It follows up with a mock scenario
retrospective test using the Omicron spike of December 2021. The methiqosnaiples used
here can be used by public health practitioners for SER%-2, as well as potentially other

WWS targets.
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GENERAL AUDIENCE ABSTRACT

Wastewater Surveillance (WWS) is a relatively new tool to public health, finding footing
duringthe COVID1 9 pandemi c as a snapshot viewing of
However, due to this novelty, it is often difficult for the publi@nd public halth -- to
accurately understand its nuance. The lack of gold standard for interpretation often leaves public
health practitioners asking how meaningful these Wik8 loads are. The Virginia Department
of Healthds (VDH) WWS S euvP]teésts atleasi\2b sitéestweeklyiforg Pr o
SARSCoV-2 viral load, but there is no alert system in place to help inform viewers of its
meaning. This dissertation takes a deep dive into the SMP data and addresses its nuances. While
the viral loads themselves veefound to bénighly correlated to cases and hospitalizations, the
most significant finding was the extensive variation found between and within the collection
sites themselves. It is for this reason that any interpretation and developed alert systeen must
focused on the individual sites. This dissertation proposed a framework for such an alert system,
tested the performancand therapplied it to theDmicron peak of 2022022. The alert system
was determined to have excellent matching between viral load spikes and case spikes, and could
be used to inform users if there is a likelihood of case rises on the hdrgswiral load alert
framework can theoretically be used for any WWS project, providing a useful tool for WWS

interpretation for VDH and othle moving forward.
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Chapter 1: Introduction

1.1 Author Context

This dissertation was developed to complete my Individualized Interdisciplinary
Doctorate of Philosophy{PhD) degree at the Virginia Polytechnic Institute and State University
(Virginia Tech). The main distinction of this PhD degree, as compared te othérat it
requires the creation of a unique interdisciplinary program and related dissertation. | developed
my program in 2019, centered on the interspace betpugaic health data analyticsand
disaster preparednes¥he central idea was to providesearch and expertise in the event of a
public health challenge/disaster. Ironically, the COMI®pandemic started a few months into
my program, which shaped the nature of study from theoretical to unfolding. As such, this
dissertation reflects the selof matters studied, as well as the expertise earned while | worked

for the Virginia Department of Health (VDH) during the pandemic.

My academic background includes undergraduate degrees in Biology and Psychology, as
well as a Master of Public Health (MPH) from Virginia Tech. Whigtendedmnedical school at
the Edward Via Virginia College of Osteopathic Medicine for three years, | withdrew due to
illness. It was there, however, where | adopted a more concerned perspective about the ability of
major health care institutions to sustain themeseduring significant challenges or disasters.
These educational pieces lent heavily to mgresgt and investment towards the public health

and disaster preparedness disciplines.

The final discipline component, data analytics, | developed an appreciation for primarily

through work experience. My career has generally revolved around being a research-analyst



for academic institutions, military contractors, and public health. Shortly after the pandemic
began, | took a position with the VDH as their Data Analyst (and later Data Manager) to
establish their firsever Wastewater Surveillance Program (WWSP)(VDR300ur small but
mighty team is tasked with tracking CO\I® across Virginia, using wastewater as a new,
supplemental surveillance tool. It is understood that case data has its limitatiotjsand

potentially more objective and communitgntered miic has value.

The WWSP is alsinterdisciplinary by its natures it consists of a team of
environmental engineers and public health professionals. It is part of a much larger, national
effort funded by the Centers for Disease Cont
Surveillance System (NWSS) (CDC, 2023%irginia to date has received $3.5 million in CDC
wastewater surveillance (WWS) funding for tBegidemiology and Laboratory CapaciglL(C)
grant for the %, 39, and 4" budget periodsWe areexpected t@ontinue to receive funding for

the next several years.

1.2 Wastewater Surveillance Defined

WWS is the systematic detection and analysis of the constituents of wastewater (i.e.,
sewage) for public health.
Nomenclature Variations

A common termWastewateiBased Epidemiology (WBIES generally used interchangeably
with Wastewater Surveilland®/WS$. However, there are some minor, technical distinctions

(WEF, 2023)



Epidemiologyimplies the focus on heaHfelated problems; the absence of this term may
open the WWS field to other, ndrealth related foci.

Surveillancamplies the nature afystematicollection and evaluation; the absence of
this term may open WBE to specific, shtwtm projects and research unrelated to the on
going nature of public health surveillance.

Other, less common, terms of approxinha@milar meaning includeEnvironmental
SurveillancgAsghar et al., 2014)Vastewater Analysidall et al., 2012)andSewer

Epidemiology(Hering, 2009)

Considering the purpose of thisdissertaish o eval uat e data coll ecte
Program WWSs the preferred/default term when referring to any program or research utilizing

wastewater analysis and monitoring.

WWS Process

WWS begins with the dumping of biological waste (and other materials) down the drains
of toilets, sinks, showers, and other sources of sewage. This wastewater is carried through the
connected sewer pipes to a wastewater treatment plant (WWTP), whehert rocessed for
safe return to the environment. Samples collected at the WWTP contain biological waste from all

the people connected through those sewer pipes, an area otherwise kneswashed

Sampling can take place anywhere along the wastewater pipeline, but for WWS it is
commonly taken at either the WWTP influent (i.e., the raw sewage coming into the facility), or
at the WWTP effluent (i.e., the processed sewage being released back into the
environment) Whether it is taken at the influent or effluent depends on the practicality and
purpose of the testing. For community health monitoring, influent testing is more appropriate, as

it is subject to less processing and is a more accurate refleétibe community supplying that



waste. For environmental monitoring, effluent testing is more appropriate, as it is more reflective

for what is being released back into the environment.

After sampling (and all other metadata collectimomplete, the samples are sent to a
laboratory for analysis. Depending on the target of interest, the laboratory may run any series of
tests ranging from light microscopy (e.g., for cyst detection) to polymerase chain reaction (PCR)

(e.g., for viral partile detection).

WWS: A Community Urinalysis

While there are limitations and nuances to interpreting WWSidegaecially regarding
variations in sewer infrastructure and testing metlictie data collected represents a snapshot
of the communityds targeted maskatarcanprovidea k en sy
insights into changes of those markers. Much like an individual patient may contribute a fecal
sample or urinalysis as part of their routine healthcare, in this sense the entire WWS sewershed

community contributes to a pooled fecatrgple or urinalysis.

Note while time (or flow) weighted composite sampling can effectiveljectsmall
contributionsof sewage over a 2dr period forsinglesamples, uncertainties patientshedding
and large community contributions may not idensifistained signals in the SARV-2 viral

loads for communities with fewer than 10 infected pedplet(al., 202).

1.3 Dissertation Purpose

WWS is a new tool being used to monitor emerging infections like SB&%2, though
it is not well understood by the public or by public health practitioners. It exists in an

interdisciplinary space between environmental engineering and public healthre@yly being
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thrust into the spotlight with the backing of pandemic funding and need. The purpose of this
dissertation is to do a deep diméo what this data is and how it caresent anéhform public

health practitioners. I owi | devel opbaaigs 0 Al er
of WWS is and itsnaininherent limitations. This framework will be tested with the current

VDH WWS SMP data, but could easily be applied to other WWS targets, within and outside of

VDH.

The main research question considereé i€ a n -S4 Wastewater surveillance
onceweekly sampling indicate imminent rises in community COGMDisease burden in
Virginia?o

This question will need some literature review and an initial data exploration of the
dataset to assess the abilities and limitations of WWS, VDH SMP or otherwise. It will then need
an exploration with correlation statistics with other disease burderetiatasch as case and
hospitalization data. If a correlation can be established, the next step is to consider a framework

in which an alert system could be created and tested.

The natural follow up question:Can an al ert system framewor |

reasonably applied to VDH WWS data?bo

Using the information gained from the first question, this one will require designing a
simple model for an alert system, applying it to the VDH WWS data, evaluating it, and then
testing it. Since the VDH WWS SMP program covers years of data, appropietesao test

the alert system should be available.



Chapter 2: Review of Literature

| performed a review of literature for myPhD preliminary exam, focusing on the field
of WWS. While the preliminary exam focused on historical and seminal aspects of the field
generally, this dissertation chapter expands that work and then focusespadified research

guestions.
2.1 Methods

The original preliminary exam literature review consisted of a combination of literature
search sources, including:

academic databases

professional organization crawls (e.g.,
and relevant seminal work references)

personal professional knowledge and resources (i.e., the knowledge and access to cite
common references in the field)

The reasoning for this combined approach was that much of the WW$ falticularly in
reference to the COVIQ9 pandemié was actively developing in real time during a public
health crisis. This strain on time and resources is not condiediglding a thorough base of
scientific inquiry. Additionally, in the interests of public health, funding and advocacy for WWS
seemed to be heavily spdagaded by federal and state governments. As such, the literature and
professional expertise resoureesre sctiered between academic research, governmental

bodies, and professional institutions.

As someone with the unique background of pursuing a relevant dodtavaike being a
core member of the Virginia team building such a state program during a public healthicrisis

had the unique opportunity to be privy to both professional and acauheigicts during a time



of crisis and change, affecting both public health and WWS. It would seem wasteful to limit a

review of literature to just academic resources.

Academic Research

Initial academic review of several databases available through the Virginia Tech library

was conducted between September and October 2
Surveillancedo and fiwWastewater Epidemiologyo w
specifical 'y excluding articles referencing Airrioc
Databases includeigriculture, Life & Natural Sciencdsy ProQuest an@oogle Scholaby

Google. Selection of databases and search terms was informed byateytddary course |

took duringtheP h D program, in which the semesterds a
relevant Virginia Tech databases for the most applicable literature set for my research topic.

Those two databases proved the most relevant t&&WW

Results indicated only 382 observed articles in the ProQuest database during the 1900
1999 years. Many of the results were virus assessments in drinking water, which were not
particularly insightful to the field of WWS. About 33 articles were deemed apjdiesnough to
read beyond abstract, and 20 were added to the literature review. These articles, as well as
articles contained within the linked citation trees and others referenced via organizational

websites (e.g., the CDQ)or iscearlv eWdlWSads sae cbtaisons d e

Upon opening the history to include recent years (Z@¥@8ent), the number of articles
exploded. Even when limiting the search to review articles only, Google Scholar noted 9,400
articles for thesearchterms. And while this database appeared to baedappedvith the 1900

1999 ProQuest search, a more strategic tack was required to synthesize recent history in the field.



Articles were collected from the database searches, as well as from organizational websites and

other WWS professional circuits

Professional Organizations

One of the most prominent collaborative organizations used for literature review included
the COVID-19 WBE Collaborativé COVID19WBEC, 2023). They proclaimed partnerships with
many other groups and referenced useful curated WWS review publicMioGa(y-Gutierrez
et al., 2021), (Li et al., 2021), (Medema et al., 2020y prominently showed a large
interactive Google map, displaying 336 empirical studies with 15,318 views (as of March 29,

2023). This publication map is shown below, in Figure 2.1:

3] COVID 19 WBE Publications
i This map was made with Google My Map:

m«»gh My,Maps)
Figure 2.1: Screenshot of WBE Publication Map (COVID19WBEC, 208&)essed March 29, 2023.

Professional Knowledge

This includes all resources | use in my daily work with VDH WWS, to include items like
CDCb6s NWSS guidance doc (b a0R3s)AssatidtioroaRulaic Di ct i o
Health Laboratories (APHL) WWS guidance documgat&alSARS CoV-2 Wastewater

Surveillance Testing Guide for Public Health Laboratof#d3HL, 2022)
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2.2 Historical WWS

John Snow, 1854

The first historical use of early wastewater surveillance could be the start of
epidemiology itself-J o h n S n owoik sn tHeEdad Street Pump cholera epidemic. It
was there that John Snow looked for well water contamination as the source of a London cholera
epidemic. The pump handle was removed, and the epidemic ended. Contamination was later

confirmed as sewage leaking inteetBroad Street Pump.

For context, the prevailing disease theory of the day was miasma. The idea-ofdcal
contamination via drinking water was not yet
measure cholera in the water was not yet available, the premise 0§ tirsfeictious disease
through water marks an important thought process towards the linking of sanitation systems and

infectious disease control.

Robert Koch, 18761884

As germ theory gained acceptance, bacterio
Robert Koch published his research connecting a specific bacterium (anthrax bacillus) to its
clinical disease (anthraxBlevins & Bronze, 2010)The plate techniques he invented (and
published in 1881), allowed scientists the ab
disease. He later applied his techniques to a cholera epidemic iii inaicéng the infectious
agent, commahape bacilli, back to a local viar tank. Water filtration was installed as a public

health effort, and the epidemic end&devins & Bronze, 2010).



Rise of the Water Engineer

For approximately 30 years since Kochdés or
identified and tied to major diseases during
2010). While water sanitation wagwweedfecalralnew co
diseases and water vectors helped frame sanitation as a public health imperative. Dr. James
Wilson, in his research paper isolating enteric bacteria from sewage, stated plainly the

importance of the environmental engineer:

AThe contr ol of typhoid was brought about
following the advice of the clinician. The bacteriologist had no part, since many decades

el apsed before the typhoid bacillu¥% was cu
p.560

Wilson credited himself, and several colleagues during the-1928 period, for
isolating (ofterconsiderably higlamounts of) typhoid bacillig. typhosusndB. paratyphosus
B) in sewage and rivers. He attributed these contributions to advancements in plating mediums,

namely use of a new bismuth sulphite medium (Wilson, 1933).

Virus Detection

While the concept of infectious agents smaller than bacteria and fungi have been known
since Dimitri |l vanovskybés 1892 paper on the f
using Chamberl and filters, i t  weaeshavistiallyu nt i | | v
noticed intracellular, crystdike inclusion bodies in infected plants (now considered to be
clusters olvirus) (Lustig & Levine, 1992). Xray crystallography studies officially visualized

TMV in 1941 (Bernal & Fankuchen, 1941).
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Prior to 1950, animal inoculation remained the gold standard for virus identification
(Hsiung, 1984). It is through these methods that one of the earliest WWS viral studies took place
-- a 1939 study where three Yale Medical Doctors tested for poliovirieiwastewater of three
U.S. cities suffering from polio outbreak (Paul et al., 1940). While poliovirus was recovered
from two of the three wastewater systems, their methods required sewage inoculation into live
monkeys. The subjects died by either paanmtracted iliness, or by other diseases caused by
direct sewage injection. Polio had specific clinical features that could be identifieshpxstn,
so the qualitative presence of disease indicated that transmissiowdisiewatehad occurred.

These methods were tirmensuming, laborious, and generally not ideal for the monkeys.

By the |l ate 19406s and 19506s, cell cul tur
Enders and others, allowing fior vitro virus production (Taylor, 2014). 1954 marked the
publication of the technique using plaque assays to isolate and quantify the amount of virus
(specifically, poliovirus) in cell cultures (Dulbecco & Vogt, 1954). No longer would animal
subjects be considat¢he gold standard for virus isolation, identification, and quantification.
This is not to say that tissue cultures, serous fluitl;sema and other tools of microbiology were

not still heavily reliant on animal donation and experimentation.

Environmental Concern

The advent of cell culturing techniques brought about a new age of epidemiologic testing.
Within a few months of the publication of Dul
already begun applications of those techniques to wastewater. Citing calle@ague e s ear c h i n
stool studies, Bloom et gl1959)began a tweyear sampling survey where they collected sewage

from Michigan WWTPs. Their goal was to identify enteroviruses (e.g., polioviruses, Coxsackie
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viruses, and echoviruses) in sewage, as well as to assess the removal effectiveness of the
wastewater treatment. Their results showed succadsfutification(with tissue cultures out
performing mouse inoculations) and similar seasonal patterns to stool surveys. Samples noted a
progressivé though certainly not completeviral elimination from collection at the influent to
collection at the unchlorinated kfént (33% to 10% percent positivity). Other studies also
examined enteroviruses in the wastewatemetimes with emphasis on polio and public health
vaccination campaigns (Riordan, 1962). Methods were further explored (Hill Jr et al., 1971,

LUND & HEDSTROM, 1966).

The research focus on environmental viral contamindtiamd the apparent lack of
wastewater purificatioh was not unnoticed by larger scientific organizations. In 1979; a 50

page World Health Organization (WHO) scientific report opened with the folippamagraph:

Al ncreasing attention is being paid to the
problem, as a factor in the spread of viral diseases, hasdehning implications which
have yet to be fully appreciated by the medical and public health pmfessi. 6 ( WHO,

1979 p. 5

While the report acknowledged that bacterial contamination had been well monitored and
controlled by standard wastewater treatment methods, viruses presented a new, insidious
potential for seepage into the environment and public spaces. Over 100 enises (&.g.,
poliovirus, coxsackievirus, and hepatitis A virus) were shown to survive treatment and persist for
months in the environment. For WWS, the most typical method of viral detection included the
following steps: concentration (with either ultrafition or adsorption/elution), inoculation to

living cells, and identification by antisera (WHO, 1979).

12



In the United States (U.S.), Safferm@®82)of the Environmental Protection Agency
(EPA) echoed this research need for human and ecological impacts of wastewater viruses, stating
AThere i s no question that major public healt
failure to exercise ful r eat ment contr ol op. &8 Hedwtmecgedthe wa st
passing of recent regulatory pressures and laws, to include the 1974 Safe Drinking Water Act
and the 1977 Federal Water Pollution GohAct, which he considered reinforcing to the

narrative of increased need for viral WWS.

Severaktudies followed this call to arms, exploring virus levels at different stages of
wastewater treatment. These stages ranged from the raw influent to the processed effluents and
sludges. Some studies looked at broad families of viruses and other pat{8ajbvisod et al.,

1981), (Guskey, 1983), (Morris & Sharp, 1984), (Nashida et al., 1989), (Aulicino et al., 1998),
and(Vantarakis & Papapetropoulou, 1999). Other studies narrowed in on specific
diseases/targetsuch asCampylobacter jejunjArimi et al., 1988), Hepatitis A (Divizia et al.,
1998), Giardia (Sykora et al., 1991) aby/ptosporidium parvuniMayer & Palmer, 1996

(Robertson et al., 1999).

Public Health Application

Viral/culture identification methods and study design often determined the kinds of
targets researchers could investigate when conducting WWS studies. Some studies targeted a
multitude of enteric virus families, such as echoviruses, coxsackievirusegoaidses
(Riordan, 1962), (Martins et al., 1983), (Guttrrass et al., 1987), (Grabow et al., 1999). Other
studies narrowed in on a specific pathogen, often trying to link the wastewater detection rates to

community case prevalence rates. These incladawad range of targets and associated
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diseases, including Cholera (Martins et al., 1991), Giardia (Jakubowski et al., 1991),
Campylobacter (Dousse et al., 1993), Polio (Tambini et al., 1993), rotavirus (Mehnert &
Stewien, 1993) (Dubois et al., 199Hgpatitis A(Divizia et al., 1998)and Hepatitis E (Pina et

al., 1998).

2.3 Modern (Préandemic) WWS

Most modern prgpandemic WWS efforts center around polio eradication, but other
efforts include: antimicrobial resistance (AM@jendriksen et al., 201QIrug us€Medema et

al., 2020) andothers potential direction®u et al., 2021)

Polio

Since 1988, the Global Polio Eradication Initiative has had the noble goal of eliminating
polio from the world. While they currently tout a 99.9% reduction success (WHO, 2023), they
have-- and continue to use several strategies to achieve this goahddition to their gold
standard of clinical surveillance and stool sample confirmation, an additional cornerstone
complementary strategy includes W\Ai®oined aenvironmental surveillanceused
wastewater to detect asymptomatic community wild and mea@rived poliovirus
transmission. Starting as early as the program itself, ES for polio has been used throughout much
of the program and across several countries (e.g., Egypt, India, Pakistan, Afghanistan, Nigeria,
and Israel) (Asghar et al., 2014). #hbeen used in recent years to enhance sensitivity of

poliovirus surveillance in priority regions (Lickness, 2020).
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2.4 COVID19 WWS

SARS-CoV-2: Identification and Symptoms

In December 2019, the novel coronavirus Severe Acute Respiratory Syndrome
Coronavirus2 (SARSCoV-2) was identified in Wuhan, China and quickly spread across the
globe. SARSCoV-2 is the infectious agent responsible for Coronavirus Disease 2019 (EOVID
19). When COVID19 symptoms present in infected people, they typically app&drdays
after exposure and can include: fever/chills, cough, shortness of breath, fatigue, muscle/body
aches, headache, loss of taste/smell, sore throat, congestion/runny nesa/vioauiting,
diarrhea and mor@CDC, 2022) Not all those who become infectpaesentwvith symptoms (i.e.,

theydre asymptomatic). Symptoms can be mild t

As of July 16th, 203, the United States reported 0¥e2 million COVID-19

hospitalizationsand1.1 million deathgCDC, 2023b)

SARS-CoV-2: Intestinal Pathogenesis

SARSCoV-2 is an enveloped, singranded RNA virus with surface spike proteins.
Infection is initiated by the binding of the SAR®V-2 spike proteins to the host angiotensin
converting enzyme 2 (ACE2) receptors, alongside the transmembrane seriaserotangt
al. (2020)explored which human cells @xpressed ACE2 aritthnsmembrane serine protease
to discover that cexpression was found in: lung alveolar type 2 cells, esophageal upper
epithelial and gland cells, and ileal/colon absorptive enterocytesalisorptive expression
suggested a potential digestive system infection pathway, in addition to the already known
respiratory pathwayDigestive pathwaywsould also explain some of the enteric symptoms
associated with COVIE19 (e.qg., diarrhea).
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Lamerset al.(2020)showed evidence of this digestive system infection pathway by using
in vitro experimentation to successfully infect human small intestinal organoids with-SARS
CoV-2. Theorganoidsdemonstrated infection processes and replicated viral particles, providing
evidence that infection and replication could occur in the guet&l.(2020)furthered evidence
for this pathway by finding that not only dailghtout of thetenpediatric COVID19 cases in
their study flag positive on rectal swabs for SAR&V-2, but that those swabs continued to
persistently show positive tests for weeks after their nasopharyngeal testing had become
negative. Alltenof the pediatric cases used were identified by scredastg andvere found to
be mild or asymptomatic cases. Thieeddingpersistencéndicates that SAREo0V-2 viral
shedding can occur even in individuals that would normally not present with severe enough
symptoms to be typically identified as cases. Jetrdy (2020)reported a pediatric
asymptomatic case that never flagged positive on nasal swab, but had a positive anal swab for 42

days.

Early Pandemic

As the virus started to become endemic in U.S. communities, there was some concern
that public health case data was not capturing true community infettibasthere was an
undercurrent of asymptomatic and undiagnosed flying under the @aladahiet al (2020)
argued in thdNew England Journal of Medicirtkat a major driving factor in the high
transmissibility of SARSCoV-2 is community spread of the asymptomatic anesgraptomatic
infected. They pleaded for increased testing of asymptomatic, especially in high density living
areas such as skilled nurgifacilities and prisons. They argued that symptmsed testing is

not nearly effective enough.
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With suggestion to WWS[hompsoret al.(2020)in Water Researchrgued that WWS
can provide a nvml)todihdaleestinggas ik animexpensive,
populationbased tool that is independentiadind free of the biases associated witase
reporting. They advocated for building a framework of collaborative government agencies and
wastewater utility parerstoac qui r e A act i-levelanfopimatiorcneesadton i t y
navigate pandemics like COVID 9 (p. 5).They did, however, warn of potential misuse and
public backlash to such a program. They emphasized the need for ethical considerations such as
the miigation of privacy oversteps and exacerbation of social inequalities bysomegillance

(and the associated stigma/regulation sequelae).

To prove the concept of WWSgaoup in theNetherlandprovidedcorrelation between
WW viral copies and reported cases, at some pdetecting community infection before
clinical reporting(Medema, Heijnen, et al., 202@s of October 213, 2023, the article is listed
under ACS Publications as having 34,401 article views and 882 citaDithes. nations, such as

Australia(Ahmed et al., 2020Q¥ollowed suit.

With the proof of concept attained, WWS continued to garner support for GO¥1D
surveillanceMedema argued for the implementation of WWS to capture larger, sometimes
asymptomatic, community infection, @ASo, only
everybody u(MedsmatBeen, etab, 2028 3] .dMallapaty(2020)argued in
Naturethat a main benefit of WWS would be in early detection of virusmergence. Granted,
at the time the author thought that social distancing and other infectidrol measures would
suppress the pandemic. In retrospect, that might have been a bit hdpefalwas a realization
that WWS could also be used as leadimticatorof cases (Ahmed et al., 2024dndthus may

offer a pathwayor preventive or mitigative public health action.
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COVID -19 WBE Collaborative

With consideration to the inherent variability present in wastewater systems
particular the nature of urban centralized and rural decentralized sysiimss (2020)
proposed a global effort for WS researchers to share data and validate methodologies, in order
to achieve MfAsyst(p.M&5) They creaad m@search atlieiCODH19
WBE Collaborativd COVID19WBEC, 2023)which encouragecollaboration with otheWws

groupsandthe sharing of publicatiorenddata.
Bivins also recognized the neezhd importancef, interdisciplinary collaboration:
"The ongoing COVIDB19 pandemic requires engineers and scientists to collaborate with

populationbased scientists, including epidemiologists, mathematical modelers and public
health agencies. A multlisciplinary approach on a global scale is required for timely

and high impact results to help societ{Bivins et al., 2020p. 7759

The research hub included several Virgiggecific collaborationsVirginia Tech,
Hampton Roads Sanitation District (HRSD), and HarrisoRogkingham Regional Sanitation
Authority (HRRSA) These also included several Virginia publicatidBenzaleZGonzalez et

al., 2020) Curtis(Curtis et al., 2021 )Ciesielski(Ciesielski et al., 2021)

Virginia: Hampton Roads Sanitation District

The Hampton Roads Sanitation DistrigRSD) is a political subdivision of Virginia,
providing wastewater treatment services to approximatélynillion people in the coastal
southeasthttps://www.hrsd.con)/ Theywerealso one of the first to provide regional
applications of COVIB19 WWS, covering their surveillance area as early as March 2020

(Gonzalez et al., 20207 heir 22week study began the same week as the first confirmed case of
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COVID-19 in southeasteiirginia andproceeded as confirmed cases in their service region
expanded to nearly 15,000. The spatial analytics used for their saghutlished on their

public-facing dashboar(HRSD, 2023)

HRSD continues to perforim-weekly testing of£OVID-19, MPOX, and influenzan
their 8 major WWTPsThey post the results on their dashboard regujatyseen belowm

Figure 2.4.1

Aggregate Viral Load for HRSD COVID-19 HEAT MAP
Treatment Facilities . ’ "
A Spatial Look at Normalized COVID-19 Loading

COVID-19 Hospitalizations and Deaths

Figure 2.41: Screenshots frorHRSD (2023)Aggregate Viral Loads and Hospitalizatiodgcessed July 13, 2023.
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Al facility catchment results for Covid will come from results on the
first or the third week of each month. Data referenced in these figures
correlates with the week of data that was last generated

CDC NWSS

In September 2020, the CDC launched the National Wastewater Surveillance System
(NWSS). The purpose was to Abuild th@V-2ationbb
in wastewater samples national(yDC, 2023d) NWSS provides the WWS framework,
structure, and general support for public health departments and other partners. Affiliated
partners upload WWS data into the CDC NWSS portae Data Collection and Integration for
Public Health Event Response (DCIPHERublic health departments typically work with their
state utility partners to collect samples, which are then sent to analytical laboratories, the data of

which is then sent to the public health partners for interpretation and upload into DCIPHER.
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DCIPHER data can currently be viewed internally by contributing partners, as well as publicly
on their CDC COVID Data Tracker webs{t&DC, 2023b) A screenshot of their publfacing

dashboard can be seen below in Figure 2.4.2:

Current SARS-CoV-2 virus levels by
s site, United States

Current

1,

virus Category
levels Num. % change in
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100%

Hawaii " .
2 US Vi e Total sites with current data: 1367

Total number of wastewater sampling
sites: 1645

Figure 2.42: Screenshot from CDC COVID Data Tracker (CDC, 202#xcessed July 19, 2023

Virginia Department of Health: WWS Program

The Virginia Department of Heal tBH@PH Wastew
2023d)represented Virginia ame of the firseights t at es t o join (early ad
cooperative agreement . I nitial funding was ©pr
Capacity (ELC) grant, which was enough to himeeemployees (includingiyseli) to officially
start the WWSP. Together we built the program and created a network of utility, lab, and
research partners to build WWS\irginia. Funding was provided by ELC yearly graséveral

timessince then, and renewal is expected for seveoak years.

WWPS supports and participates in multiple communities of practice, to include the
NWSS Utilities Community of PractidlWBE, 2023) CDC6s Heal t h Depart me

of Practice, Laboratories Community of Prac(id®HL, 2023) and VDHO6s Communi t
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Practice. We alsattendthe CDC NWSS Data Analytics Group and participate in Cohort #1 with

other early adopter states.

VDH WWS produces several major sources of data, including:

T Sentinel Monitoring Prograr 25+ utilities testing viral loads weekkor twice weekly)
with spatiallyjoined case count data

T Localized Projectsinstitution or subsewershed projects, usually spearheaded by
interested partners (e.g., schools, local health departments, hospitals, prisons, etc.)

T Variant Sequencingsamples from Sentinel Monitoring are taken for genomic
sequencing, and variant abundances identified

Variant Sequencing

While not the most significant WRE product, or focus of thidissertatiorgenerally,
genomic sequencing to determine the relative abundances of variants can be performed not just
through clinical testing, but through wastewater as well. @wermillion unique U.S. samples
have been sent to the National Library of Med
Information (NCBI)(NCBI, 2023) Their online dashboard shows which lineages are currently
prominent. The CDC also has a version of national genomic surveillance, with their dashboard
featuring Nowcast for future estimates of which variantpesdictedto dominatg CDC,

2023a) A screenshot of their pubti@cing dashboard can be seen below in Figure 2.4.3:

Weighted Estimates: Variant proporions based on fepored
genemic sequencing results

Callection date, two-week period ending ther Other 0.0% 00-0.1% o

Figure 2.43: Screenshot frol@DC Clinical Variant Proportions (CDC, 2023a)ccessed July 19, 2023.
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The Food & Drug Administration (FDA) has specifically pulled WWS variant
sequencing data from NCBI, and developed a software to share relative abufBBAces
2023) This would make it the leading WWS variant abundancensite though CDC NWSS
may adopt a similar feature on their dashboard in the fudawever, with the closing of the
COVID-19 public health emergency on May 11, 2023, the FDA stopped updating their WWS
dashboard as of June 30, 2083creenshot of their pubti@cing dashboard can be seen below

in Figure 2.4.4:
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Figure 2.44: Screenshotrom FDA WWS Variant AbundancesA, 2023. Accessed July 19, 20z
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Chapter 3Variability and Limitations

There are many steps to conducting WWS, all of which have varying methods and
associated limitations. The sections below will address major steps and associated method
variations, as well as known uncertainty measures behind them. The CDC Data Dictionary
(CDC, 2023c)will be referenced often, as it contains the standard for what kinds of data/options
can be submitted to NWSS (and thus a good measure for what is currently standard in the WWS
field). CDC NWSS focuses their WWS efforts mainly on SARS/-2, buthaveextended to a

few other targets (e.gMPOX).

As for uncertainty estimation, Li et 2021)performed a systematic literature review to
guantify WWS uncertainties into 5 categories: virus sheddirgg\ver transportation, sampling
& storage, analysis, and prevalence back estimation. They explored major field method options
and concluded thatylralculating COVID19 prevalence using composite flow sampling (with
populations over 10 infected people), uncertainty calculations were lowest#i@¥@eelative
standard deviation (RSD). This was deemeelasonable amount of uncertainty for a

complementary surveillance systéhet al., 2021)

Elements of WWS uncertainty are explored below.

3.1 Target

A target, as well as the associated PCR probe set, needs to be identified before WWS can
begin. This is generally a piece of RNA or DNA from a viral target, but there armfemtious

markers that can be detected via wastewater as well. When consalehiabtarget, laboratories
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must first be able to identify and create a probe target set that is able to accurately identify the

viral target of interest.

Once the COVIB19 pandemic began, the CDC used the SARS-2 genome to
develop/validate a set of 3 ra@he reverse transcription PCR (rHPICR) panels for Emergency
Use Authorization. These panels targeted the nucleocapsid protein (N) gene of thesiigus,
several primer/probe target regidnbll, N2, and N3 (Lu et al., 2020). Gonzalez et al. (2020)
found N2 target to be the most sensitive for their southeast Virginia rgganzalez et al.,

2020)
Several targets are currently recognized by CDC N\W&& Dictionary(CDC, 2023c)

Target variables (PCR targets, limits of detection, and referei®€R)_target, PCR_gene_target,
PCR_gene_target_ref, PCR_type, LOD_ref

PCR Target fieldsSSARSCoV-2, Delta, Omicron, hMPXV, hMPXV Clade 1, hMPXV Clade II
PCR Gene Target fields

SARSCoV-2: nl, n2, n3, e_sarbeco, n_sarbeco, rdrp_sarsr, niid-raid n, rdrp gene /
ncov_ip2, rdrp gene / ncov_ip4, tagpath n, tagpath s, orflb, orflab, n1 and n2 combined, n, s,
orfla, ddcov_n, ddcov_e, ip2 and ip4 combined, CDC NZX[@&jital), CDC N2 (GFDigital),

N2 (PREvalence), E (PREvalence)

Delta: a1306s, p2046l, p2287s, t3646a, v2930I, g662s, p100l, a1918v, t19r, e156g, del 157/158,
1452r, p681r, d950n, i82t, d63g, r203m, g215c, d377y, wt214, dd136

Omicron: k856r, s2083i, del2084/2084, a2710t, p3395h, del3674/3676, i3758v, i1566v, a67v,
del69/70, del143/145, n211i, del212/212, g339d, s371l, s373p, s375f, s477n, e484a, q493r,
g496s, q498r, y505h, t547k, n679k, d796y, n856k, q954h, n969k, 1981f, t9i, d3gaGdfe
ins214epe, dell4244, del3133, 124s, Ippa24s

MPOX (hMPXV): E9L-NVAR, G2R_G, G2R_WA, C3L, E9OPX3, B6R, gtmol_hMPXV

PCR Type fieldsqgpcr, ddpcr, giagen dpcr, fluidigm dpcr, life technologies dpcr, raindance dpcr,
dpcr

After a target and probe set are created, there is a further question of how much shedding
of that virus piece idroppednto the wastewater system by an infected individual. This is called
the sheddingate andcan be highly individualized to the infected person. It can also change by

variant strain, as new variants may affect human physiology slightly differently.
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Li et al. (2021) confirmed this individughriability andfurther estimated that mean stool
shedding probability was at 54.5% with a standard deviation of 9.3%. The stool shedding
magnitude mean was at 4.523 log10 copies/g, with a standard deviation of 0.133 log10 copies/g.
The shedding period could last for Weeafter an infected individual no longer tests COMI®

positive with nasal swaliki et al., 2021)

3.2 Viral Decay in Sewage

Once the viral target is shed into the wastewater system, it is subject to denaturing forces,
such as chemical and microbial interactions. The distance and travel time to the sample

collection point have an inverse relationship to the amount of recové¢aadpe.

Several denaturing water quality variables are currently recognized by CDC B&&S

Dictionary (CDC, 2023c)

Water Quality Variablessewage_travel_time, ph, conductivity, tss (total suspended solids),
collection_water_temp

Li et al. (2021) found that isewer transportation reduced the infectivity of SARS/-2
by 90% within minutes to days, while the RNA itself took days to weeks to degrade. They found
that RNA decay is generally thought to follow the fiostler decay equian of:

[Conclimea= [COnClimeoX €

K represents a decay ratenstant, buhotice how the temperature (t) multiplies against
the constant. Li et al. calculated that, @4k is 0.084; at 37C, k is 0.286. At higher

temperatures, decay is expected to play more of a fdgtet al., 2021)
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Further evidence is needed to elucidate the effects of other water factors, such as levels of
dissolved oxygen, organic matter, solvents, @lge traveling time, which is inversely related to
WWTP catchment size, ranges from minutes-itdours. Li et al. (2021) concluded that the

uncertainty of decay was estimated as 5246 Relative Standard Deviation (RSD).

3.3 Sampling

Location

Sampling is typically done at the WWTP influent on raw wastewater. Other options
include taking samples at other locations within the WWTP process (i.e., changing the sample
matrix type), or at | ocations Oupsttheeamd fr om
sewershed population only to the sewer line branches that feed into that point. Upstream

sampling can narrow down the service area to a neighborhood or even building, if desired.

Several location variables are currently recognized by CDC N&S Dictionary(CDC,

2023¢)

Sample location variablesounty _names, zipcode, population_served, sample_location,
sample_location_specify, institution_type, epaid, wwtp_name, wwtp_jurisdiction, capacity_mgd,
sample_collect_date, sample_collect_time, time_zone, flow_rate, sample_matrix

Sample Locations fieldSWWTP, upstream

Sample Matrix fieldsraw wastewater, post grit removal, primary sludge, primary effluent,
secondary sludge, secondary effluent, septage, holding tank

Institution Type fieldsnot institution specific, correctional, long term careirsing home, long

term care assisted living, other long term care, short stay acute care hospital, long term acute
care hospital, child day care, k12, higher ed dorm, higher ed other, sodie¢sahelter, other
residential building, ship, airplane, other worksite
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Li et al. (2021) found that samples collected from sludge, sediment, and wastewater
solids could result in higher viral concentrations (as compared to raw wastewater influent), due

to the higher stool concentration.

Upstream Influences

Many factors upstream can influence viral concentration downstream. For example, some
WWTP sewer systems are built@smbined systemwhich allow stormwater to mix with
wastewater. This dilutes target concentrations, as haaviall contributeglirectly to the

wastewater flowThis is also referred to as Inflow and Infiltration (1&I).

Several sewage variables are currently recognized by CDC N¥&Dictionary(CDC,

2023¢)

Sewage structural variabléadustrial_input, stormwater_input, influent_equilibrated

Li et al. (2021) recommends consideration of unique hotspot facility areas, such as
hospitals, which may treat their wastewater on site. Local wastewater treatment could result in

the removal of their respective target contribution from downstream samples.

Collection

Wastewater use can fluctuate throughout the day, as people tend to have favored times
when they shower and use toilets. As such, a grabbed sample at 9am may have very different
concentration levels than a 3am grab of the same day. There may also bd séf@stsmahich
contribute to wastewater over longer periods, such as the ebbs and flows of transient populations
into regions (e.g., beach communities or college towns). If the sewer system is a combined

system, rainy seasons may also contribute dilubdhe wastewater.
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It is generally estimated that using-BAflow-composite sampling where small samples
are automatically taken proportionally to flow throughout theid&ya more accurate way to
measure the dayoés viral | oad mplealdietal. 208Xt r apol
recommends using a composite sample (<10% uncertainty) instead of a grab sample (30%
uncertainty), for reducing the daily fluctuation effects. However, Curtis et al. (2021) found
minimal variation when comparing grab sampling to 2#dw-weighted composite sampling

(Curtis et al., 2021)

Several collection variables are currently recognized by CDC N&& Dictionary

(CDC, 2023c)

Collection methodssample_type, composite_freq
Sample Type fieldggrab, (348)-hr flow-weighted composite, {48)-hr timeweighted
composite, (#48)hr manual composite, {48)-hr passive sample

Storage

Once samples are collected, they need to be transported to an appropriate laboratory for
analysis. The amount of time, as well as preservation techniques like chilling, may differ with

different collection methods.

Several storage variables are currently recognized by CDC NYé&SDictionary(CDC,

2023c)
Storagecollection_storage_time, collection_storage_tem, pretreatment, pretreatment_specify

Li et al. (2021) found that having a storage time under 72 hours, as well as keeping the
sample cool at% (without freezing and unfreezing) and without direct exposure to UV light, is

recommended to avoid RNA decay.
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3.4 Laboratory Analytical Methods

Laboratories have different methodologies for every step of their process, from sample
concentration to viral concentration calculatiohs.the APHL states in their public health
| aboratory guidance document-Covi2lestiegifoe i s no

wast ewat er (APHL, 2022ipl4l anc e o

Li et al. (2021) found thatifferentconcentration and extraction methods led to different
recovery efficiencies. The most efficient methods vpergethylene glycol PEQ precipitation
and aluminum hydroxide adsorptinecipitation (though still subject to intkxb differences).
Additionally, the wastewater matrix itself may play a role in the recovery efficiency. For
detection, the techniques and prirpeobe sets hawdifferences between them. Droplet digital
PCR (ddPCR) antkverse transcription droplet digital PCRTtddPCR weregeneally found
to have higher precision and sensitivity to SAR&V-2, as compared tguantitative PCR
(qPCR andreverse transcription gPCR (RJPCR. Using spikes of surrogate virus, or other
indicator viruses like pepper mild mottle virus (PMMoV), can be used to help establish
recoveries. Uncertainty for recovery procedures was identified-86%7 presuming best

practices (Li et al., 2021).

Processing

Several processing variables are currently recognized by CDC NM&@&Dictionary

(CDC, 2023c)

Processing variablesolids_separation, concentration_method, extraction_method,

pre_conc_storage_time, pre_conc_storage_temp, pre_ext_storage_time, pre_ext_storage_temp,

tot_conc_vol, ext_blank, rec_eff_target_name, rec_eff_spike_matrix, rec_eff_spike_conc,
pasteurized, equ_sewage_amt
Solids Separation fieldéiltration, centrifugation, gravity settling, none
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Concentration Method fieldsnembrane filtration with addition of mgcl2, membrane filtration

with sample acidification, membrane filtration with acidification and mgcl2, membrane filtration
with no amendment, membrane filtration with addition of mgcl2, membrane recombined with
sepaated solids, membrane filtration with sample acidification, membrane recombined with
separated solids, membrane filtration with acidification and mgcl2, membrane recombined with
separated solids, membrane filtration with no amesat, membrane recombined with separated
solids, peg precipitation, aloh3 precipitation, ultracentrifugation, skimmed milk flocculation, beef
extract flocculation, promega wastewater large volume tna capture kit, centricon ultrafiltration,
amicon ultrafiltation, hollow fiber dead end ultrafiltration, innovaprep ultrafiltration, no liquid
concentration, liquid recombined with separated saétss nanotrap, zymo environ water rna

kit/ zymo environ water rna kit (cat. r2042), membrane filtration with aafdidf mgcl3, none
Extraction Method fieldsgiagen allprep powerviral dna/rna kit, giagen allprep powerfecal
dna/rna kit, giagen allprep dna/rna kit, giagen rneasy powermicrobiome kit, giagen powerwater
kit, giagen rneasy kit, giagen ez1 virus mini kit v2.0, promega ht tna kit, promega autamaated t
kit, promega manual tna kit, promega wastewater large volume tna capture kit, nuclisens
automated magnetic bead extraction kit, nuclisens manual magnetic bead extraction kit, phenol
chloroform, chemagic viral dna/rna 300 kitztid, zymo mag beads w/ zymo clean and
concentrator, 4s methobt{ps://www.protocols.io/viewAd-direckwastewaterna-captureand
purificationbpdfmi3n, giagen giaamp buffers with epoch columns, zymo grriek

fungal/bacterial miniprep #r2014, thermo magmax microbiome ultra nucleic acid isolation Kit,
Zymo environ water rna kit/ zymo environ water rna kit (cat. r2042), luminultra wastewater
extraction i, giaamp viral rna kit, trizol and RNA purification kit, trizol, garnet bead beating,
alcohol precipitation, zymo quietna viral 96 kit #r1041, zymo quietkna viral kit #r1035, giagen
giaamp dsp viral rna mini kit

Quantification

Using the target probe identified (see Target section above), the amount of virus needs to

be quantified, and a concentration determined.

Several quantification variables are currently recognized by CDC NI&SDictionary

(CDC, 2023c)

Detecting Human Fecal Content variabllesm_frac_target _mic, hum_frac_target mic_ref,
hum_frac_target_chem, hum_frac_target_chem_ref, other_norm_name, other_norm_ref
Microbial Target for Estimating Human Fecal Content fiefuepper mild mottle virus,
crassphage, hf183, f+ rna coliphage, f+ dna coliphage, PMMoV@ital)

Chemical Target for Estimating Human Fecal Content fialdfeine, creatinine, sucralose,
ibuprofen

Other Targets for Estimating Human Fecal Content figldpper mild mottle virus, crassphage,
hf183, f+ rna coliphage, f+ dna coliphage, caffeine, creatinine, sucralose, ibuprofen, rnase p
Quantification Standards & Inhibition Methods variablgsant_stan_type, stan_ref,
inhibition_method, num_no_target_control
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Quantification Results
After human fecal content is identified, quantification can be performed.

Several quantification analysis results variables are currently recognized by CDC DBMSS

Dictionary (CDC, 2023c)

Target concentration/statistics variablest results_date, PCR_target_units,
PCR_target_avg_conc, PCR_target_std_error, PCR_target_cl_95 lo, PCR_target_cl_95 up,
PCR_target_below_lod, lod_sewage, quality_flag

PCR Target Units fieldsopies/L wastewater, l1og10 copies/L wastewater, copies/g wet sludge,
log10 copies/g wet sludge, copies/g dry sludge, 10g10 copies/g dry sludge, micrograms/L
wastewater, log10 micrograms/L wastewater, micrograms/g wet sludge, 1og10 micrograms/g wet
sludge micrograms/g dry sludge, log10 micrograms/g dry sludge

Amplification, Recoveries, Inhibition variabtestc _amplify, rec_eff percent, inhibition_detect,
inhibition_adjust

Human Fecal Content Concentration variabtesn frac_mic_conc, hum_frac_mic_unit,
hum_frac_chem_conc, hum_frac_chem_unit, other_norm_conc, other_norm_unit
Microbial/Chemical Units fieldscopies/L wastewater, log10 copies/L wastewater, copies/g wet
sludge, log10 copies/g wet sludge, copies/g dry sludge, log10 copies/g dry sludge, micrograms/L
wastewater, log10 micrograms/L wastewater, micrograms/g wet sludge, log10 micrograms/g wet
sludge micrograms/g dry sludge, log10 micrograms/g dry sludge

3.5 Interpretation & Data Analysis

Common analyses involve using the analyzed viral concentratiggdbyor using it to
calculate a viral load (+hormalization factors). The viral loddor amount of virus passing
through the collection point throughout the dagan be calculated by taking the analyzed viral
concentration, mul tihehmutigiedibya conktant taladjystfe unftsl o w,
This viral load can bpopulation normalizethy dividing the viral load by the population of the

sewershed.

Ultimately, one of the major goals of WWS is to get a clear picture of how many people
are actively shedding (i.e., infected) in a sewershed catchment area. Ideally, given a certain viral

concentration number and some other underlying known variables;aute like to calculate
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this metric. This is known as tipeevalence back estimatéwould require a consistent and

known population number, or failing that, a human fecal normaliz&GocC, 2023f)

Li et al. (2021) found that, to calculate the prevalence back estimate, the sum of
uncertainties included all those found in the viral load calculation, as well as several other
underlying variables. Overall, they found that the viral load calculatiorriaitiges included:
samplinguncertainty(5% for flow-proportional composite; 30% for grab), analytical uncertainty
(179%36%), and flow uncertainty (20% estimation). Other needed variables included the
catchment population size (16%, due to populatiortdattons) and water usage (10%,

observational).
3.6 Major Limitations

While Li et al. (2021) summed quantitatively the uncertainties associated with different
WWS method$ and defended its use as a supplemental surveillance strategy gentraily
exist several glaring limitations of WWS. Several of these are discussedmoroughly by the

expert panel in McClargutierrez et al. (2021).

Limitations:

1. Predicting Casesuncertainties currently restrict the abilityuse WWS taeliably
predict the number of COVH29 cases in a sewershed.

2. Off-grid: those persons, institutions, or communities not connected to (usually municipal
WWTP) sewersheds will not be captured by WWS.

3. Limit of Detection: low levels of virus in the wastewater may not be accurately picked
up by WWS. A small number of infected individuals may also be fairly variable in their
shedding presentation, adding to unreliability at low numf@erst al., 2021)

4. Lab & Collection Methods Differ Greatly: inter-lab and collection methodologies can
present dramatically differently, i mi ti
anot her 0s.
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5. Site Variability: not all WWTPs and sewersheds are created equally, and can vary
greatly in population factors (e.g., transients;gftl customers), sewer infrastructure
(e.g., insewer travel time, stormwater combined systems), and vgrigoutiation
dynamics (i.e., wlth variants are shedding in which populations). Site trend lines are
generally morecceptablehan the comparison of raw site concentrations or viral loads
between sites

6. Variant Shifts: as the pandemic continues and new variants arise, the accurate
identification and detection of variants for PCR analysis is imperative. Using older PCR
probes that do not capture current circulatimgses defeahe purpose of community
testing.

7. Data Underpinning: WWS concentrations are rarely preseritetependently and
usually require supporting data sources for proper visualization/analysis (e.g., flow data,
sewershed maps, population and numbers). If flow data or population estimates are not
reported accurately, viral load and normalization analytics will be lessatectf
COVID-19 case numbers (or change in) are not relialskey, due to the rise of take
home test kit$ case correlation metrics will become less reliable.

Additionally, there are currently several major human limitations when it comes to

interpreting and using WWS:

1 Privacy & Ethics: WWS exists in an interdisciplinary space between environmental
surveillance and public healtheach of which treat their data with different levels of
protectiongdMcClary-Gutierrez et al., 2021Beyond data ethics, there is a fundamental
privacy concern when it comes to unconsented population surveillance. Unequal
application of surveillance against already marginalized populations is a form of
oppression that can create further abjection adelgroupgMonahan, 2017)
Upstream/granular WWS testing should be undertaken with caution, as to not exacerbate
existing inequalitie§Thompson et al., 2020)

1 Novelty: WWSis a relatively new toalor public health. Introducing a new tool during a
pandemid while public health departments are already at capadtgates some
friction for epidemiologists, who may not have the time to understand and vet it
appropriately. At present, there is a comneation and comfort gap between producers
of WWS data and public health practition@#cClary-Gutierrez et al., 2021Yhe public
may alsostruggle with using and understanding WWS. Establishing public legitimacy is
paramount , el se the public may 6geotf WMMSat i v
(Thompson et al., 202@. 4.
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3.7 Major Advantages

WWS presents several uses and advantages over traditional metrics, especially during a

pandemic when public health departments are at capacity.
Advantages:

1 Community-Centered unlike traditional case monitoring, which relies on infected
individuals accessing healthcare (and subsequent reliable/timely reporting to public
health), WWS measuresmmunities A WWS sample can provide a snapshot viral
concentration of the sewershedébs service
of community infection.

1 Independent Metric: WWS does not rely on public health datasets, such as case
reporting or hospitalization data. While it can be used in tandem with such datasdts
is advocated as a supplemental tool for tH€mC, 2023d) it does not rely on existing
metrics. This is particularly important as case data becomes less reliable with the rise of
self takehometest kits.

1 Very Inexpensive WWS can test a community of hundreds of thousands with a single
sample.

1 Detects Deceptive Viral Burdensviral shedding occurs in those infected with SARS
CoV-2, even if they have mild or no sympto(Xa et al., 202Q) These are cases tlaae
unlikely to get flagged by healthcare systems, especially with the rise of unreported home
test kits. As variants evolve and populations become increasingly immunized, these
asymptomatic or mild cases may become even more prevalent. WWS detects community
viral shedding, irrespective of symptom severity or official case counts.

1 Early Warning : viral shedding can precede case presentation. Additionally, more
granular use of WWS, patrticularly in areas that have a lower disease burden, may help
public health detect and control outbreaks before they spféadnpson et al., 2020)

1 Variant Abundance & Sequencing WWS can be used to detect and sequence variants,

which can be useful for knowing the abundance of variants in a community, as well as
the ability to detect cryptic variants emerging strains.
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Chapter 4: Alert System Fundamentals

This chapter outlines the basis and reasoning behind alert systems generally, as well as
how they pertain to WWShe need for an alert system will be discuss¥#thpter 10 will
discuss how these principles were used to develbpi s d i AlereSydtemasiwellad s

how the developed system novelly contributes to \fidilic health practice
4.1 Why Developan Alert System?

Much of my intent here was practidal wanted my wastewater surveillance data to be
useful. Our program has used millions of dollars to create a surveillance system collecting data
on a weekly or biweekly cadence, which is entirely too much money aaddinot be able to
tell public health practitioners i f itdéds warn

and principles for what encompasses an alert system.

However, because state amationally basedVWS i s rel atively new, t
consensus on what system should be in place to display such collected data, let alone interpret it
for immediate public health action. A summary of current federal and state directions is listed

below.

Additionally, WWS is incredibly nuanced (speeviousChapter) and depends on
contextual handling and interpretation of its data. The most pressing issue regarding this is that
every sewershed is unique, with different geography, populations, and sewer systems. Some
sewer systems have substantial indusimailit, while others are open to rainwater and dilute
their human fecal content concentration with every passing storm. Collection, analysis, and
interpretation methods can all also vary with everysamples o compar abi |l ity wit

results may be wildly differeftoma not her | abés results for exact
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It is for this reason that the nature of the WWS surveillance system matters for any alert
system devel opment. What may work for one sta
Thisvariationmakes it extra difficult to develop a standard, universal alert system for
wastewatei &t | ea st o rcansidernherent vhrakilgias between collection sites and

laboratory methods.
4.2 What makes an Alert System?

AThe early warning of infectious diseases

technol ogies for early det ec(Yangp20l7a.8d war ni

According to Wei zhorkEglyWanng fordnfe@iOus Disedse xt b oo k ,
Outbreak Theory and Practican early warning system for infectious disease must have four

gualities:

1) Informationbased surveillance

2) Timely

3) Actionable &evidencebased

4) Exists in a space of blurry initial informatiodgng, 2017pp. 45)

In addition to their use as an aberration detector for infectious disease epidemics, Yang
further explains that the main purpose is to contrast the actual value with the expected value.
However, he notes that it is often unclear on how to determine @casedhe nce, and t hat
no strict guidelines o0 np 3)eHoweven be daes note that thése | d o
systems usually compare observed cases with expected cases, with historical surveillance data
encompassing & 5-yearperiodtoe st abl i sh a Al ong history basel

that to be a Ashort history -4)aseline comparis

Yang also emphasizes the need for simplicity in early warning:
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Aln theory, most prediction models can be
threshold values can be obtained from prediction models. By comparing the difference
between these two values, one can determine the need for early warning. However, in
pradice, early warning systems often use simple and clear models that do not have
complex parameters. The primary considerations for early warning models are their
stability; the availability, economic efficiency, and timeliness of data; and the simplicity

ofconstructing a system.o (Yang, 2017, p. 4

For the purposes of this dissertation, MfnEa
considered interchangeable terms, as well as
to approach this dissertation with the assertion that an early wagsitggrswhich generates an
actual alert conditioin to be able to be distributed to the necessary stakeholders, such as local
epidemiologists is the most direct way to handle a new public health surveillance early warning

system for wastewater surveillance

Yangbébs Conceptual Framewor k
Yang6s ¢ o0nc e pdumnaatizedfbel@avrimeFiguwe 48y an Early Warning
System consisted of 1) setting targets, 2) collecting data, 3) analyzing data, 4) disseminating

information, and 5) responding with action (Yang, 2q4¥. 67).

/\/

1. Target Setting

5. Response .
Evaluation 2. Data Collection

/

4. WamningRelease | 4mmmm | 3 pata Analysis

Figure42Summari zed version of Yangbds concep




Prediction Vs. Alerts

There are a |l ot of similarities between Ap
ficharacterizeh y specul ati on and the description of wu

same meaning as Yang,01lywwos).d oO6f orecastd (

There is currently work being performed by
Biocomplexity Institute to examine VDH SMP wastewater data as it pertains to the greater
landscape of infectious disease forecasting. Such an endeavor requires kadakziyand
skills far beyond mine to pursue. Instead, | will focus on taking what we do have and
establishing an evidendmsed framework to detect ré¢ahe aberrations with correlated

imminent case risésan alert system

Types of Early Warning Models

According to Yang, early warning functions
using models and statistical tools to provide aberration detection within surveillance systems
(Yang, 2017, p. 35). Commonly used models and algorithms intdnggora) spatial spatic
temporal regression andmultifactoranalysis tools. Proper evaluatifag.,sensitivity
specificity modglis required usually using the evaluation methods of sensitisfigcificity,
average run length, rcobeansquare error (RMSE), andean absolute percentage error

(MAPE) (Yang, 2017, pp. 386).

The focus of this dissertation is tBata Analysip art of Yanbydbs fr amewo
ascertaining the best model for aberration detection of the Sentinel Monitoring data,

implementing it, and then evaluating it.
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43 |s the SMP am\lert System?

With the abovedefinitionall ens, it can be stated that VDH
Program (SMP) is a surveillance system that captures many alb¢ive statequalities. It is
Informationbased surveillanceasi t i s Acontinuous, systematic c
interpretation of di seaseYawWR01Fp. 1 dhe sommunity t hei r
SARSCoV-2 wastewater viral load quantitative surveillance data is collected and analyzed with
consistent methodology every week. With this weekly testing and reportiegaadt is also
timely. Also, it exists in a space tlurry initial information, as clinical data relies on substantial
reporting efforts often taking weeks to trickle in. Eveareobfuscatingclinical case data may
go through changes tase definitions, collection methods, ardeporting shifts. For instance,
when takehome diagnostic tests became available, many Virginians no longer needed to go to a

clinic to get tested, thus reducingerall COVID-19 reporting.

Where the current SMP falls short, however, isatigonable & evidencbasedcriteria.
There are currently nevidencebasedhresholds for initiating action with the SMP datéhile
the SMP dashboard includes percentiles for historical highs and ks areno warnings,
alerts, or other metrics to indicate when an aberration has octusredivhich might result in

imminent community outbreak.

As the VDH WWSP Data Manager, | try to compensatehisrdeficit by visually
inspecting each siteds trend |line as it is re
local district epidemiologists whose site spiked up noticeably. However, this is currently done
merely on my best guess as someone who works witthettaeand is hardly evidentased. Or

reproducible, should anyone else perform my work.
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By Yangds Conceptual Framewor k

Using Yangos concept upp.le7)fhe ecurreat\BbIP dolleqtsY ang, 2
specific and agreedpon targets for upload into CDC NWSS DCIPHHERTarget Setting),
which is then collected by the utilitie®. Data Collection), shipped to DCLS for analysi8.(
Data Analysig andultimately cleaned and wrangled by the SMP for delivery to appropriate
stakeholders. What is missing, howevethe specificearlywarning model 3Data Analysis4.
Warning Releaseand5. Response

Assuming that the target a public health lert system should be tladfected public
health practitioners (i.e., local epidemiologists), an appropriate warning metric needs to be
assessed and then appropriately distribuPed.e coul d assume that what 6:s
health practitioner is also relevant to the public, however, this dissertation does not examine the
nuanced perspective that is public interpretation and messaging. | leave that perspective to all

healthdepartments and their own respective communities.

Once a warning has been released to the appropriate targets, they can decide on the
appropriate response to that information, depending on their needs and abilities. Some examples

of possible actions could include:

9 distribution of that information to affected stakeholders (e.g., hospital staffing)
1 increased public health personnel for case tracking and other related tasks
1 public messaging & mitigation (e.g., mask recommendations)

The real, practical information relayed by an SMP warning is to alert practitioners that an
imminent rise in cases highly probable. This dissertation seeks to ascertain what metrics are
required to properly assess that question, how they can be evalsiatgthe surveillance data
available, and what are the appropriate triggers to initiate those alerts. It assesses what analysis is
required and establishes a framework for generating that warning consistently. The framework
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should, theoretically, be applicable to any WWS jurisdiction looking to create their own warning

system.

This dssertatiod target ofYangd ameworkis Step 3thedataanalysis stepSpecifically,
this dissertation will include the necessary steps, according to Yang, for the building of early

warning data analysi&'ang, 2017p. 9)

1. early warning model building
2. threshold setting
3. signal alert generation

By establishing this piece, WWS jurisdictions can apply the model to their systems to
generate appropriate data analysis. Then they can use that to generate their own warning releases

and responses.
4.4 Histoy of Infectious DiseasEarly Warning

Yang(2017)states that the concept of early warning marked a stark shift in public health
surveillance attri buting the global shift to an Apr.
using thenational notifiable infectious disease surveillance systathahistorical limit statistic
metric. It was published in the Morbidity and Mortality Weekly Report (MMWR)ereseveral

other countries followed suit soon after (Yang, 2qil71.6).

Yang (2017 pp. 1618) goes on to cite several major developments in international

cooperation and global approaches to disease surveillance, indlneling

T Federation of Amer i tn@ematidha Soeietytof Iifetictous( FAS) 6 s
Di seases (| Snaibntetnst reporting EysStBm in 1994

T WHOG6s GI obal Public Health Intelligence Ne

WH O &G$obal Outbreak Alert and Response Network (GOARN) in 2000

! USCanadaMe xi cob6s joint Early Warning Infectio
2004

=
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T CDC6s National Syndr omi ¢ @B%Sense glatférrhian20t7e Pr og

Some of the possible motivating factors they suggest behind these advances included post
9/11 terrorism concerns, internet technology facilitation, and international cooperation efforts.
Syndromicsurveillance the public health data gathering which relies on clinical case features
instead of actual case diagnosis (e.g., looking for influékeallness symptoms within hospital
admissions for potential bioterrorismnthraxattack$ i became a new discipline following the

wake ofthe September 11(Mandl et al., 2004).

For Chinads hivang (@0l¥memstiprethati in regpankel toythe rampant
infectious diseasm the 19503 the government established epidengiporting in1953 where
it has since grown over the decadesl99(Q the Public Health Information System was
establishedHowever after China experienced their SARS outbreak in 2003, infrastructure and
building capacity wregreatly improved, spurring the Prevention and Treatment of Infectious
Di seases of the Peopleds Republic of China, a
Reporting Information Syt em i n 2004. In 2007, the Emergenc
Republic of China was created, and2908 the China Infectious Diseases Automated Alert and

Response System was releaféang, 2017, pp. 125).

Historically, in both the U.S. and China, it seems as thaugbmbination ofechnology (i.e.,
interne) feasibility and bioterrorism/outbreak concern spurred major public health investments
in infectious disease surveillandéhe modern parallel to the building of NWSS and wastewater
surveillance, in the wake of the SAR®V-2 pandemic, seems very much in line with this

historical concept.
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4.5 Summary oExisting U.S Alert Systems

While WWS is relatively new, and therefore limited in alert surveillance application,
other systems exist for other public health ditgarticular, the use of Control Chésee Ch.

10.2 for more about public health Control Charts).

A particular subset of public health alerts includgsdromic data, which is designed to

pick up indirect indicatorsrhich might portend increased incidencediseaseasesHowever,

much of the reasoning behind the syndromic systems (as described in the above section) is to

detect early cases of bioterrorism ag€Bisrkom, 2003) It is important to tailor a surveillance

system to the nature of the data collected, as well as the goals of the program.

VDH does not currently have a WWS alert system in place, but ptidic health

surveillancesystems may offer insight into possilolgtions.

Early Aberration Reporting System (EARS)

Developed and supported by the National Center for Infecbous e 8isterrsrid@m
Preparedness and Response Program, CDCO&s
syndromic public health data (Hutwagner let 2003).Their recommendations include the

following long-term implementatiomberration detection methods:

1 For3+ yearsof baseline data
0 Historical Limits
0 Log-Linear Regression
0 Quality Control Cumulative Sums
0 Quality Control Compound Smoothing Technique
o0 Cyclical Regression Models
1 For limited baseline data:
o C1-MILD (CUSUM with flag for baseline mean +3SD; baseline lagtdays)
o C2-MEDIUM (CUSUM with flag for baseline mean +3SD; baseline 1aSt 3
days)
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0 C3-ULTRA (CUSUM with flag for baseline mean +3SD; baseline la8tdays)
1 For dropin surveillance (about 30 days run length):

0 Quality Control Methods (e.g., P Chart, moving average, CUSUM)

0 2x2 tables, chi square summary statistics

ESSENCET hospital syndromic surveillance

C D C dlational Syndromic Surveillance Program (NSS&)ports the secure integrated
electronic health information system, BioSense Platf@mM(, 2024). Theinternetbased
BioSense Platform collectiatafor detecton and monitoing of public health issuesuchas
injuries, environmental disasters, and emerging disedbeBioSense Platform regularly
collects data from nearly seven thousand health care facilities across all U.S. states, including

80% of all U.S. emergency departments (CDC, 2024b).

In Virginia, ESSENCE pulls in data from over 170 emergency departments and urgent
care centers. Some examples of pulled data categories include gastrointestinal illness,-influenza

like-illness, and disasteelated health events (VDH, 2023e).

Public health professionaisith appropriate accessay visualize and monitor the data
through the Electronic Surveillance System for the Early Notification of Commbasggd
Epidemics (ESSENCHDC, 2017) ESSENCEcan examine specific data elements, of pre

generated commonly used queries.

Part of ESSENCEOGs vVvi s u adispedfiatime seres,iusing! ude s
colored data points indicating the following data point statuses: Normal (blue), Warning

(yellow), and Alert (red)

A screenshot dESSENCB datawarnings &aerts, captured from a training video

(CDC, 2024a), is shown below in Figure 4.4.1.

44

r



Daily Data Counts

85
80
75

= AT A
U
zs %

10

=) % S 2 % 2% % e % -
% % % % % £y oy ey
% % % N N N U N 3 % % %
W Data Normal  Datar Warning M Data: Alert
Total Count: 6064 [ Average: 66.6
(Graph Optians) [Download) (Add Event]

Qaé)‘v
&

|Add Overlay| [Edit Overlay| (Create Intersecting Time Series| Integrate Data Quality Metrics|

Figure 4.5 Screenshot within NSSP ESSENCE 101 Training (CDC, 2024a). Accessed Nov 17, 2024.

For the temporalisualizations baseline igalculatedrom the last 30 days of data. The

alertuses PoissorRegression/Exponentially/Weight Moving Average switch algorithm to

determine and calculate the best anal¢GBC, 2017).

ESSENCEOGs al gaverdestribechwitmo theeVDHH ishet (VDH, 2024) and

summarized below

Adaptive Multiple Regression

T

=

Baseline: last 30 days of counts in time series (not counting most recent two days) with
outlier correctionto increase sensitivity, adjust for data problems or outbreaks)

Trend Analysisuses multiple leastquares regressions that account for systematic
behavior in time series (e.g., Monday bumps)

Aberration detectiorregression multipliers calculated daily for expected versus observed
countswith differences subtracted and scaled by the standard error of regression

Alert statistic:St u d e-tedt dissribufion significance (1% for red alerts; 5% for yellow
alerts)

SourceBrillman, et al. (2005and Burkom (2003)

Pros:seasonal and daily/weekly expected behaviors are accounted for

Cons:must have baseline weekly and seasonal behavior

Adaptive Control Chat EWMA

Baseline: last 30 days of counts in time series (not counting most recent two days)

Trend Analysis: exponential weighting to most recent values (e.g., within 3 days or other
cutoff) and smoothing coefficients
Aberration detection: weighted average of recent data to baseline expectation
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1 Alertstatistic:St u d e-test dissribufion significance (1% for red alerts; 5% for yellow
alerts)

1 SourceMorton (2001)

Pros: sensitivity to recent sudden outbreaks, as well as gradual outbreaks

1 Cons:does not account for expectedseasonal behavior

=

Adaptive Switch Between Data Model & Control CHaRoisson/Regression/EWMA

1 Default algorithm

1 Starts with regression (usually default for common respiratory/gastrointestinal iliness),
then flips to EWMA if test fails (usually for more rare illnesses)

1 Poisson detection is used where there is less than a week of recent baseline data

Regressiomest:adjusted R2 coefficient from datkerived threshold

Poisson test: when there is less than a week of recent data, when mean and variance are

equal to the mean

Alert statistic:Poissordistribution significance (1% for red alerts; 5% for yellow alerts)

SourceBurkom (2008)

Pros:adjusts method to data

Cons:occasional misclassification

AdaptiveControl Chart Algorithms C1, C2, and C3 (EARS)

T Uses EARS6s C1, C2, and C3 algorithms (all
alert flag)

C1: moving baseline (ending previous day)

C2: moving baseline (ending 3 days previously)

C3: moving baseline (ending 3 days previously), but #uelprevious wo daysd val u
Unlike EARS, the fday baseline is replaced witl2&daybaseline

Source: Hutwagner et al. (199Mokars (2009)

Pros:easy to understand

1 Cons:no accounting for systematic data; only C3 has sensitivity to gradual outbreaks

= =4

= =4 4 2

= =4 =4 4 A4 -

Temporal Scan StatisticGStat

1 Like moving average chart, tests sum of cases in most recent time window (e.g., last 7
days)

Test statistic: generalized likelihood ratio test (different from moving average statistic)
SourceWallenstein & Nause (2004)Yallenstein & Nause (200B)

Pros:sensitive to brief signals/sparse cases

Cons:complicated

= =4 4 A
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CDC6 8WWS Mapping

CDC6és Data Tracker for WWS (CDC, 2025) wuse
public Wastewater Metric: 1) current virus levels by site, 2) percent change in last 15 days, and
3) percent of samples with detectable virus (CDC, 20R%¢cent addition to their sifE€DC,

2025a)in late 2023 included Viral Activity Level.

All data is provisional and subject to change, with instituspacific and small sites
(<3,000 people) suppressedl data is lab method specifiblone are alerts, per se, but each

metric does confer relevant information about the state of the data.

Current Virus Leveldy Site

1 Normalized SARSCoV-2 concentration

91 Color-coded historical quintiles (collected after 12/1/12021)

T ANew Siteso are for most recent 10 sampl es
1 Most recent lab method only

1 By-site selection: smoothed spline fit (last 4 months)

Percent Change in Last 15 Days

1 Normalized SARSCoV-2 concentration

1 % change inthe lastl5 days (past to current data; at least 2 samplb®iperiod
required)

1 Linear regression of letransformed levels

91 Does not show overall levels or history (after 15 days)

Percent of Samples with Detectable Virus

1 % of positive samplewithin each site fothe lastl5 days (at least 1 sample)
91 Does not show overall levels or history

Viral Activity Level

1 Flow-population wrmalized SARSCoV-2 concentration, logransformed

1 Samples with Zcores above 4 dropped as outliers

{ Baselines aree-calculatecevery 6 monthgJan £ and July ¥) usingthe lastl2 months
of data (for sites with less history than 6 months, baselines-aedadated weekly

1 Number of standard deviations per site/method calculate with every concentration value
calculated against baselirteen converted back to linear scal§ (e
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1 By-site weekly averaging
1 National, regional, and state aggregation

None of the above metrics provide fAalertso a
actionable level, nor do any of the metrics consider contextual disease burden information like
case or hospitalization data. The percentage change does mdtethgr large jumps in values
are Anormal o for a given site, though the WVA
aggregated levels are high compared to baselines. However, even WVAL does not specify an
actionable level, nor bring remlorld context(e.g., case and hospitalization correlation) into the
metric. The WVAL also does not specify if those values have been increasing recently, or just at

a seasonal high.

VDH WWS

Public Dashboard

The VDH WWS public dashboard (VDH, 2025) presents three major visualizations:

9 Viral Load Trenddg simplesiteincrease/plateau/decrease/below detection/no trend linear
regression trends from last53site data points (based on weekly or twiaekly
sampling)

1 Percentiles historical site percentiles divided into 5 categories

9 Viral Loadi by site historical plots for viral loads

None of the above metrics provide fAalertso a
actionable level, nor do any of the metrics consider contextual disease burden information like
case or hospitalization data. TWieal trends danot say whether large jumps in values are
Anor mal 0 f or a percenBlexansact tisea snapsimodbtaigtdrpret whesiter
levels arehistoricallyhigh. The most descriptive visualization, the viral loads, can plot the by

site rises and falls of viral &mls However this metricdoes not specify whether a recent rise is
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Ahi gh enougho to warrant attenti on. None of t

normal variance jump versus one which porteardse in cases.

Current Alert System

Since 1 6m the one who sends out alerts to
WWS viral loadseach weekl can say with certainty thatnlys y st emé i s si mpl y:
high, | sencbutan alert | send emadlto the local epidemiologis{and occasionally the regional
epidemiologis$) of whateverjurisdictionthe unduly higtsitebelongs toNo science, just
opinion.When | eventually leave the program, my replacement will have to maksathat

guessimprovementshould be made.
4.6 On Selecting an Alert System Model

While Chapters -B deal with the details of exploring the SMP surveillance data, the underlying
nature of the data can already be used to | ea

over another.

Yangbés Ear | y Twesfrang, 2047, p185d3: |

1 Temporal time distribution of a specific region to detect significant increases or
clustering

1 Spatial location distributions at one time point, or all time points, to detect clustering

1 SpatieTemporal both temporal and spatial indicator analysis

1 Statistical Analysis Theorieas defined by the analysis type (e.ggressionstatistical
process control, and time series)

1 Multifactorial: includes elements from multiple types

Yangds Early War niypeg(Yahgy2017upa3b43lo n Mo d e |

1 SensitivitySpecificity Systenuses indicators such as false positive rates, agreement rates,
predictive value of positive and negative tests, receiver operating characteristic curve,
area under the receiver curve, timeliness, active monitor operating characteristics,
average run lertg, rootmeansquare error, and mean absolute percentage error
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The following chapters will demonstrate how ssfgecific the SMP data i include the
fact that each site isniquein its sewage system/populati@nd as such, sites should not be
compared to each othékdditionally, there are only a handful of pdetermined SMP sites
across the statés such, hese static points are far less helpful than case data (with associated
time and location marker#) identifying complex spatial or spattemporal patterning.

Therefore, all spatial analyses comparingdites are notideal.

As for statistical analyses approaches, many of these techniques lean into more advanced
predictive modeling and go beyond the bounds of this dissertation. For example, the Serfling
method(Serfling, 1963)a common regressidrmased techniquestablishes baseline seasonality
effects firstto gauge disease severity. Seasonality effects extend beyond the bounds of this
dissertation, as they do not directly answer the question of whether, specifically, current
wastewater levels indicate imminent rises inesaélso, and perhaps more importantly, WWS is
a relatively new tool and usually does not come into the picture with multiple years of data to

draw upon.

As for multifactorial approachde developanintegratel wastewateprediction tool using
otherdata input stream$ hat i s beyond this dissertationds
WWS is to a user for predicting imminent disease burden only. There are other researchers

attempting to integrate WWS generally into a holistic, predictive algorithm.

This leavesemporalanalysis, within each site specifically, incorporating historical trends.
This kind of warning would do well for local district epidemiologists, who wish to know if thei

regiord wastewater igndicating animminentincrease irCOVID-19 cases.

Temporalanalysis nodelsinclude (Yang, 2017, pp. 35):
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1 Classic Time Serieseries changes and forecasting
i Stationary Time SerigRkepresentative): specific trend moving average and weighted
moving average

1 Stochastic Time Seriegutoregressive and autoregressive integrated moving average
models

Time seriesin generaluses statistical process controls to detect aberrant data jbiese
typically include control charts, moving average control charts, and moving percentile methods.
Syndromic surveillance also leans into cumulative sums and exponentially weighted moving
averages (Yang, 2017, pp.-38). Using the classic control chart with cumulative sums and
exponentially weighted moving averages also has a history in hespapaired infections

detection (Morton, 2001).
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Chapters: Ethics

With consideration to howewly popularizedVWS is to public health, a special section
on ethical use is warranted. As with any surveillance system, especially one in which the public
is opted inwithout informed consent, efforts must be maintained to balance privacy concerns
with public good. This is especially true in the current political climate, where the Virginia
Governor, on May 9th, 2023, mandated wastewater drug surveillance asipsifieotanylaw

enforcement initiativ€Youngkin, 2023)
5.1 PracticalConsiderations

WWS bears practical consideratipespeciallyegardingthe amount of variability
involved in the collection and interpretation of WWS d&th. 3 explored these issues in greater
detail, with the key points that WWS data collection is nuanced with many inherent variabilities.
It is often difficult to get standardized, clear, and meaningful results from WWS, without a

significant amount of resarch and experience first.
5.2 Applications

Current and future applications provide additional context to the directions and use of
WWS. While only drug surveillance will be explored in more detail later in this chapter, some of
the other applications, such as antibiotic resistance, are certairityagreaterethical

exploration.

Current & Future Applications

Beyond the pandemic SARSoV-2 use WWS has garneredrgcent yearghere has been

some research into a myriad of other applications. One comprehensive literaturg Ghoeet
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al., 2018)explored current use and potential future applications for WWS, narréengdown

into several categories:

1 Licit Drugs (e.g., caffeine, alcohol, nicotine)

lllicit Drugs (e.g., psychoactive substances, performance enhancers)
Pharmaceuticals and Personal Care Products (e.g., antihistamines, microplastics, UV
filters)

Population Markers (e.g., exogenous markers, endogenous markers)

Industrial Chemical Markers (e.qg., pesticides, flame retardalaistjcizer$

Stress, Food, and Diet Markers (e.g., oxidative stress markers)

Biologicals (e.g., pathogens, antibiotic resistance markers)

= =

= =4 4 A

Generally, anything that could be measured by a urinalysis or stool sample could, most
likely, be tested as a pooled WWS sample. The historical use section earlier qualified some of
these options, but the practical understanding for what makes a goddgatyéaboratories
must have adequate PCR probes and a competent understanding in their methodology (which can
take some time to develop, especially for novel pathogens), 2) there must be interest in testing

for that target, and 3) the funding must bbegent for testing.

For example, polio has been of public interest lately, but WEF and CDC have advised against
generalized WWS testing for polio. Since they will not support testing with their funds, and most
labs themselves are not competent to perform polio testing,witllimost likely not be a target
for testingsoon However MPOX has public interest, adequate laboratory methods, and CDC

funding available for ELC recipients.

Pushing through Barriers

McClary-Gutierrez et al. (2021) summarized the results of their WWS/public health

expert panel into 4 major barriers that need addressimoyvn below in Table 5.2.
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Table 5.2 Barriers to WWS (McClargGutierrez et al., 2021)

Barrier

Recommended Best Practices

Future Needs/Strategies

Public health lack of comfort
with WWS interpretation

Clear communication &
collaboration with all parties

Research on WWS variability
& uncertainties

Public health applications for
increased confidence

Provide more case studies &
retrospective analyses w/ data

Research, communication, ar]
documentation

WWS systems require new
knowledge & investment

Sharing of methods and o
developed programs

Investment in structure (lab,
frameworks, etc.)

WWS ethics not yet
established

Sample anonymity considerationg
& public engagement

Develop data use standards
(policy & research)

These barriers summarized by McChasutierrez et al. (2021) are very similar to the

barriers we have been experiencing in the VDH WWS program. To move forward in WWS,

public health practitioners will need to become more comfortable with WWS data genénally

addition to continued financial and methodological support from CDC

5.3 Ethical Frameworks

The root principles of WWS ethics, though not well established per se, could be

interpreted to derive from some of the disciplines which utilize it as 4 toamely, medical and

public health, data governance, and federal/state laws and regulations.

Medical Ethics

The Afour principles plus

scopeodo i s an

(Gillon, 1994 pp. 184188). It provides a common set of four moral commitments:

1 Autonomyi respect fothe ability to deliberate and make our own decisions (e.g.,
informedconsent, confidentiality)

1 Beneficencé the intent to provide benefits to people

1 Nonmaleficencé the intent to not harm people
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1 Justice(i.e., fairness) the imperative to act fairly between competing claims;
distributive justice (i.e., fair distribution of resources), righdsed justiceandlegal
justice
1 Scope deciding who/what we have moral duty(tee . g. , onedés patients)

From this lens, one could argue that WWS treads within several of these principles. The
concept ofautonomywould argue for all participants of a study or surveillance to have informed
consent, which is very much not the case with WWS. Participants need only be hooked up to a
participating muni ci-ipa®o awat tedr, uan liind/i viod el Ov
be competently informed and then remove themselves from the municipal sewage grid.

Obviously, this would incur significant personal castinclude potentially moving residences.

The concepts dieneficencandnon-maleficencevould argue for providing more benefits than
harm to the WWS participants. The perceived benefits is probably one of the most convincing
advocates for WWS, as there is a lot of potential public health gain to surveilling large
community sewershedsWWS represents a neinvasive, coseffective, and relatively

objective insight into the health of a community, absent of other limitations that typically affect
population health data (e.g., survey bias, healéhaacess, reporting issues). However, the harm
risk potentially increases as one reduces the sewershed popsiati@mdhusly diminishes the
protections of anonymity. When anonymity is removed, WWS seeking stigmatized or punitive
behaviors/conditions (e.g., illicit drug surveillance) could affect individuals or local

communities.

The concept gjusticeis certainly interesting as well, since the idea of who benefits or is
harmed by surveillance should be considered, especigiardingalready disenfranchised
populations. For example, WWS targeting a minority population runs the risk of further

stigmatizing, or otherwise penalizing, this group.
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Public Health Ethics

Thetwelve Principles of the Ethical Practice of Public Healfihomas et al., 2002yere
originally created and drawn from other known ethical concepts, including individual human

rights, distributive justice, duty, human interdependeandautonomy The principles include:

APrinciples of the Ethical Practice of Publi

1. Public health should address principally the fundamental causes of disease and
requirements for health, aiming to prevent adverse health outcomes.

2. Public health should achieve community health in a way that respects the rights of
individuals in the community.

3. Public health policies, programs, and priorities should be developed and evaluated
through processes that ensure an opportunity for input from community members.

4. Public health should advocate for, or work for the empowerment of, disenfranchised
community members, ensuring that the basic resources and conditions necessary for
health are accessible to all people in the community.

5. Public health should seek the information needed to implement effective policies and
programs that protect and promote health.

6. Public health institutions should provide communities with the information they have
that is needed for decisions on policies or programs and should obtain the
communitydéds consent for their i mplementat

7. Public health institutions should act in a timely manner on the information they have
within the resources and the mandate given to them by the public.

8. Public health programs and policies should incorporate a variety of approaches that
anticipate and respect diverse values, beliefs, and cultures in the community.

9. Public health programs and policies should be implemented in a manner that most
enhances the physical and social environment.

10. Public health institutions should protect the confidentiality of information that can
bring harm to an individual or community if made public. Exceptions must be
justified on the basis of the high likelihood of significant harm to the individual or

others.

11.Public health institutions should ensure the professional competence of their
employees.

12.Public health institutions and their employees should engage in collaborations and
affiliations in ways that build the publi

(Thomas et al., 200p. 10571059
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WWS playswithin several of these principles. Like Principle #2, WWS assesses
community health without having to rely on datasets contributed from indivieusidong as
the sewersheds selected are not so granular as to invade individual privacy (i.e., populations less
than 3,000). Principle #4 may be served by assessing communities that may not typically get
served so long as the information gathered does not stigmatize or penalize those communities
disproportionatelyPrinciple #10 deals with protecting the informatof individuals and
communitiespecomingespecially relevant if surveilling for stigmatizing or punitive health
behaviors/conditions. Efforts in data collection, to include assuring anonymity by selecting large
communities and targeting natentifying information, aressentiato mitigating individual
harms. Communitharmmust also be addressed, as information can be harmful to reputation.
For example, if a beach commungigtwa spike in SARSCoV-2 viral loads on the state or

national dashboard, thatay adversely affect their tourism business.

Several of th@ther principles involve gathering and using information for the betterment
of programs/policies, of which WWS could participate as an additional metric for assessing

community healthldeally, programs and policies would use this information appropriately.

Data Governance

Data ethics are also often regulated by higher institutions, including the state and federal
government with laws including HIPAA and FOIA. Public health is often very reticent to release
information to the public that could identify or harm an individmatommunity. Institutions
such as the Department of Health have additional governance rules and responsibilities that must

be followed by their employees and contractors.
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Legal Issues

| am not dawyer andwill not provide a detailed analysis of legal issues involving WWS.
One would expect, however, certégtate, federal, and localpnstitutional and regulatory
complications regarding WWS. The Fourth Amendment to the U.S. Constitutioits applied
expectations of privactp unwarranted search and seizure, may argue for or against WWS at the
more granular level. Much of the argument may fall onto whether there is a societal expectation

of privacy when flushing a toilet on municigdwage.
5.4 Drug Surveillance

Even though WWS was not a public health staple decades ago, the inference of WWS as
a potential (theoretical) tool for drug surveillance was present. Some aca@eqit¢sall et al.,
2012)argued that, by examining drug WWS through the ethical lens of autonomy, non
maleficence, beneficence, and distributive justice, there was likely low pofenti@rmi when
anonymity is safely guaranteed by | arge <catch
presumed to be at least 10,000 people. When examining smaller comn{ergtisshools and
prisong, they argued thdherisk of harms, such as stigmatization or punitive measures,

increases and should be mitigatetall et al., 2012)

Additionally, ome legal revieers(Hering, 2009have broached concerns about how

wastewater drug surveillance could potentially challenge Fourth Amendment rights to privacy:

AAl't hough scientists point out that techni
civil libertarians harbor a far more ominous concern: that community urinalysis could be
used by | aw enforcement to Ot apdonelinesmbi ng
Law enforcement could use the principles behind community urinalysis to test individual
nei ghbor hoods, or even individual homes, f
analyzes the possible Fourth Amendment implications of community uisalyd
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sewer epidemiology. It argues that the use of community urinalysis technology on an
individual home is a search, req\Henng,ng a w

2009 p. 749

5.5 Virginia Executive Order 26

On May 9", 2023, Virginia Governor Glenn Youngkin signed Executive OR@efEC
26) mandating wastewater drug surveillance in his fentanyl law enforcement init@tushing
the Fentanyl Epidemic: Strengthening Virginia
Fentanyl CrisigYoungkin, 2023) The Executive Order outlines 10 directives, with the

purported intention of reducing fentanyl overdoses and deatmaté&b WWS directives 3 and

9:
Directive 3:
Al direct the Depart meffedtive plan toHiizelanndiiundt o de v e
wastewater surveillance to detect the frequency, potency, and occurrences of fentanyl use
in specific locations. This plan shall include a response strategy thataachmteased
naloxone distribution, targeted public awareness campaigns, and otheffeciste
strategies to reduce fentanyl 6s preval ence
warrants increased response. The plan shall be sent to the SecretargroaihtbBluman
Resources within 120 dyoyngkin®023g.D.e date of t
Directive 9:
Al direct the agencies |isted below to sen
federal and state | aw, their data to and w

and to participate in the Framework for Addiction Analysis and Community
Transformation (FAACT), a secure dagharing project led by the Department of
Criminal Justice Services (DCJS) in collaboration with the Office of Data Governance
and Analytics (ODGA), within 120 days of the date of this order. This effort will create

the mast cohesive and timely data on fatal and-fedal overdoses in the Commonwealth
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to allow for immediate interdiction, education, and abatement efforts in the

neighborhoods where spikes in overdoses are observed.

A Department of Health

A Department of Health Professions

A Department of Soci al Services

A Department of Medical Assistance Service
A Department of Behavior al (Yengkint2023gpnd Dev e
3-4).

These directives mandate fentanyl drug WWS and require multiple agencies to
participate and data share with Virginia State Police, the Department of Criminal Justice
Services, and the Office of Data Governance and Analficgrivacyor ethical issues
regarding WWS are addressed, to include minimum population startartieranonymity
protectiors. The only indication to the intended WWS target population size are the keywords
Aspeci fi ¢Youngkio, 2023, p.Basnod fAnei ghbor hoovdrdosewdreer e s pi
0 b s e r(Xoendkin, 2023, p. 3)These keywords suggest a more targeted approach than the

general minimum population standards of around 3,000 people.

However, the Executive Order does, in fact, specify the intended target demographic, in

its third paragraph:

AThe scope of the problem has not only gro
hit hardeshave also changed. Historically, white males regularly had the highest rates of

fatal opioidoverdoses in Virginia. In 2019, however, black males had the highest rate of

fatal opioid overdoseis the Commonwealth. From the latest available data, in 2022

black males fatally overdosed tantanyl 1.9 times as often as white males (rate of 60.4

and 31.4 per 100,000, respectively). Morest be done to reach thessmmunities and

connect them to a pat h(Moangkint2023p.dcovery and
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Itisreasonabletoinfdarhat t he targeted fAspecific | ocat
drug surveillance will disproporti,oamelyely dr a
black malesAs EO-26, even in its title, identifies primarily as an interdiction and enforcement
order, pause should be taken when any kind of surveillance is adatetiused for law

enforcement against an already marginalized demographic group.

5.6 EOQ26 Ethical Issues

With consideration to the ethical lens of autonomy,-maieficence, beneficence, and
distributive justice, several red flags appear inZEOAImost all these flags stem from ED6 6 s

lack of commitment to anonymization.

The first isAutonomy-- the respect and neinterference of rational persons. With an
executive mandate being what itpgiblic health employees and other agency staff may be
coerced into performing research ttregy may not feel comfortable conducting. Or feel
comfortable reporting directly to law enforcemddf.course, most importantly, WWS is
generally an automatic ot process, which means that all observed subjects withealble to

give proper consetibr monitoring.

Second is NoitMaleficencea the avoidance of causing harm. When anonymity is not
guaranteed, conducting drug surveillance has the risk of stigmatizing the studied populations, or
worse, can lead to law enforcement punitive harms. This is even more pronounced in gontext t
the recent Virginia terrorism definition chan@B 1682, 2023 charging all those found

manufacturing or distributing fentanyl with a Class 4 felony

Third is Beneficencé thereasonable assumption of the study benefiting the subjects

One could argue that, from a public health standpoint, gaining insights into community drug use
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could help support public health practitioners to better serve their communities. However, there
is also a risk of stigmatization or punitive harms on those populations specifically, especially if

efforts are not taken to protect the identities of thoseas.

Fourth is Distributive Justicethe fair distribution of risks/benefite the subjectEO-
26 does not specify how the fAspecific | ocatio
anonymization andemographically representatisampling to the greater community.
However, EG26 did mention, ints third paragraph, who the users of fentanyli astack males.
It stands to reason that black males will be disproportionately targeted for fesuargillance

andwill be disproportionately subject tts interdiction and enforcementeasures
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Chapter6: Data & AnalysisMethods

6.1 IRB Determination

| submitted a protocol of this research project to the Virginia Tech Institutional Review
Board (I RB) before data collection. The <cl ass

Human Subjects Research. o
IRB Number: 23282
6.2 Data Sources

Multiple data sets were used, many from VDH. It is important to note that all data,
especially COVIB19 health department data, is provisional and subject to changel ©héess n 6 t
just include lags in dateporting butalso includes thingske case definitions and collection
methodschangs The population podhedataset drew fromalso changd aspeople were
either born or died over theears orchanged their susceptibility status (via vaccination or
actually acquiring COVIB19).COVID-1 9 6écasesd may, therefore, me
different in 203, as compared to 2020. It is important to keep in mind the nuances of the
datasets anthke each ithe context of a greater picture. This is true with WWS data, as it is

with case or hospitalation data.

WWS data

VDH WWS Sentinel Monitoring Program data was requested through the VDH FOIA

NextRequest systemifps://vdh.nextrequest.cnData requested from the WWS Sentinel

Monitoring Progran{VDH, 2023} Sentinel Monitoring WWS data, case counts, sewershed

shapefiles, and miscellaneous dashboard/GIS screenshots.
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FOIA request #: 23886 and 23.888.

A VDH Single Researcher Agreeména Data Sharing Agreement (DSA)was signed
and submitted to VDH Data Governance on March 21, 2023. Terms of the data use were
stipulated, to include only using the data for the expressed purpose and for the shasolfjsof
with VDH. Data was shared periodically over the next few weeks, with the final datasets dated

April 25", 2023.

Variant Proportions

Two sources of informatiowere used to determine SAR®V-2 variant proportions
over time(see Initial Data Exploration chaptefhe firstdatasetvas the FDA WWS Variant
Proportionsvisualization found on their dashboard main pg§®A, 2023) Thisdatasetvas
used to estimate genetdlS. WW trends across tim&he secondariant proportion dataset used
was a VDH public use dataset 8ARS CoV-2 Variants of Concer{VDH, 2023c) It included
weekly cumulative numbers fdrirginia COVID-19 infections, hospitalizationanddeahsfor

different COVID-19 Variants of Concerrit was last updated April 11, 2023.

VDH Case Data

While the VDH WWS data above does include spatilatiiged case counts to
sewersheds, VDH COVI9 case data was also downloaded from a public use dat&xét
2023b) It includeddaily cumulative numbers of COVHD9 cases, hospitalizations, and deaths
by locality. It was lasupdated orOctoberl0, 2023.In order to examine this VDH public use
dataset by sitesites were bound to the closest local health disfFiuits was done using the VDH
Locality to health district chart, found at:

https://www.vdh.virginia.gov/content/uploads/2020/05/LocaliyHD-to-HPR.pdf
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6.3 Aboutthe WWSData

Sentinel Monitoring Program

VDH6s WWSP is funded by CDCbs ELC grant . F
Virginia by paying the salaries of tMDH WWSP core team, building WWS networks,
supporting CDC NWSS data upload, funding WWS testing, and facilitating
localized/collaborative projects. The main testing avenue of the WWSP is its Sentinel
Monitoring Program(SMP), a WWS program collecting samples from partnered utilities across
the state. Sampling started Septemb&}, 2821, with an original 25 utility partners, and is still

running to date.

SMP Data

SMP wastewater samples are collected by utility partners onte@iceweekly at each
of the WWTPG6s influents. The samples are coll
either grab or 24r composite sample techniques, and then shipped to statettaly partners at
the Division of Consolidated Laboratory Services (DCLS) (VDGS, 2023). DCLS analyzes the
samples using PCR SARS0V-2 N and E gentargets andhen combines their analytical data
with submitted sample collection metadata (e.g., samfllecttime, flow rate). Results are then
submitted to the VDH WWSP for additional cleaning, analytics, and upload into CDC NWSS by

the VDH WWSP Data Manager.

The WWS datasheet received from YHeH WWSP contains thEMP WWS submitted
to CDC NWSS' specifically, through the NWSS Data Collation and Integration for Public

Health Event Response (DCIPHER) portal. A suppressed version of this dataset is used for
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CDCb6s COVI D Dat a T A aceeknshot of(theiDpGhliacidgddasBlegrd can

be seen below in Figure 6.3:

Guam

US Virgin Islands *

Puerto Rico

Figure 6.3 Screenshot of Wastewater Metric Map on CDC COVID Data Tracker (CDC, 2!

It is practice in NWSS to suppress WWS data with populations less than 3,000. This is
done to enhance anonymity of caséswever, the VDH public dashboafdDH, 2023a)does

show a few participating sites below this threshold (with cases indhaidge suppressed to 2).

Dataset Adjustments

Several data elements from the original dataset have been dropped, due to not being

applicable to answer the dissertationds main

Dropped elements

1 Any twice/weekly sampling afew sites participated in twice/weekly sampling, and

those that did tended to only do so only after about 45 weeks into the program.
1 E gene analysis confirmatory gene target only. N gene is considered the more

appropriate standard for analy§donzalez et al., 2020)

Sites not included at the start of the SM program in September 2021.

Sites which changed their service ardasngthe prograni specifically, the Atlantic

and Chesapeake Elizabeth sites, which combined their serviceraBEsember 2021

Created variables
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9 Viral Load (copies per day)the number of viral copies passing through a WWTP that
day. Requires a calculation multiplying the recorded WWTP flow rate, the PCR target

concentration, and a constant to adjust the units.

Viral Load Calculation

Viral Load (copies per day) = flow_rate (million gallons per day) x pcr_target _avg_conc

(copies per liter) x 3,785,411.8 (liters per day / million gallons per day)

DCLS Lab Analysis Data Descriptors

The following laboratory variable fields remained relatively consistent throughout the

receiveddataset antiave thus been removed from the dissertation analyses.

Table 6.3.1 DCLS Lab Analysis Data Descriptors

Variable Field(s)
concentration_method innovaprep ultrafiltration
ext_blank yes

extraction_method zymo quickrna viral kit #r1035
inhibition_detect not tested

inhibition_method https://doi.org/10.1016/j.watres.2020.116296
https://doi.org/10.1016/j.scitotenv.2020.13996(
https://doi.org/10.1016/j.scitotenv.2020.139961

lod_ref https://doi.org/10.1101/2021.03.02.21252754
ntc_amplify no

num_no_target_contrq 1; 2

pasteurized no

pcr_gene_target ddcov_n, ddcov_e

pcr_gene_target_nam| Bcov vaccine; murine coronavirus
pcr_gene_target ref | https://doi.org/10.1101/2021.03.02.21252754

pcr_target sarscov-2

pcr_target units copies/L wastewater

pcr_type ddpcr

quant_stan_type rna

rec_eff_spike_matrix | raw sample

solids_separation centrifugation

stan_ref https://doi.org/10.1016/j.watres.2020.116296
https://doi.org/10.1016/j.watres.2020.116297

tot_con_vol 40
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Table 6.3.2 VDH WWS SM Dataset Descriptors

Sources

Utility partners (samples and metadata), DCLS (laboratory analysis, metg
collation), VDH WWSP cleaning/adjustments

VDH WWSP program

Sentinel Monitoring Program

Collection Start Date

September 13, 2021 (Week 1)

Last Collection Date

April 187, 2023 (Week 84)

Dropped Variables &
Rows

E gene targets;

the above consistent variables and otheregsential variables;
Twicewe ekl y sampl es (6B6 sampl es; 4
Merged sitesAtlantic, ChesapeakElizabeth;

Late-Joining SM sitesGalax, Halifax, Henrico, Army Base, Boat Harbor,
James River, York River, Independence, Low Moor, Lower Jackson,
Richlands, Tazewell, Lebanon, Rocky Mount, Wytheville, Broad Run,
Clintwood

Variables Kept (17)

sample_id, wwtp_name, zipcode, capacity_mgd, population_served,
sample_type, sample_matrix, sample_collect_date, sample_collect_time
flow_rate, tset_result_date, pcr_target_avg_conc pcr_target_below_lod,
lod_sewage, rec_eff_percent, quality flag

Added Variables Viral Load

Number of Rows 1,835 (samples)

Unigue Sites 24

Site Name Alexandria Renew Enterprises / AlexRenew

(wwtp_name) /
Shortened Name

Aquia Wastewater Treatment Plant / Aquia

Basham Simms Wastewater Treatment Facili / Basham
BlacksburgVPI Sanitation Authority / Blacksburg

City of Danville Northside Wastewater Tr / Danville
Coeburn Norton Wise (CNW) Regional Waste / Coeburn
H.L. Mooney Advanced Water Reclamation F / HLM
HRSD: Nansemond / NA

HRSD: Onancock / ON

HRSD: Virginia Initiative Plant / VIP

HRSD: Williamsburg / WB

Little Falls Run Wastewater Treatment Fa / LFR
Lynchburg Water Resource Recovery Facili/ LB
Moores Creek Advanced Water Resource Rec / Moores
North River Wastewater Treatment Facilit / NorthRiver
Parkins Mill Wastewater Treatment Facili / Parkins
Pepper's Ferry Regional Wastewater Treat / Peppers
Pound Wastewater Treatment Plant / Pound

Richmond Wastewater Treatment Plant / Richmond
Roanoke Regional Water Pollution Control / Roanoke
Rutledge Creek Wastewater Treatment Plan / Rutledge
Town of Christiansburg Wastewater Treatm / CB

Upper Occoquan Service Authority Regiona / UOSA
Wolf Creek Water Reclamation Facility / Wolf
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While the datasaised for this dissertation wesceived on April 28, 2023, the VDH
WWSP continues to collect Sentinel Monitoring data to date. Several more sites outside of the

original 25 have since been added into the SM program.

Sewershed data

The WWSP has receivedor created, by the WWSP Data Manageewershed spatial
files for each participating site. This GIS shapefile shows the service region (e.g., the population
feeding into) of each of the WWS collection points. The GIS shapefilkagaaeceived on April
25,2023contained the sewershed boundaries of 39 sites in the Sentinel Monitoring Program.
While 24 ofthe original 25 sites had a corresponding boundary shapefile, a few of the newer
additions have yet to provide (or work with iBH WWSP Data Manager to create) a shapefile

of their service region.

It is practicein both the VDH WWSP and NWS® suppress sewershed shapefile
boundariegrom public releaseThis is die to the proprietary nature of the shapefiles, as well as

enhance anonymity for smaller sewersheds

Case data

Using the sewershed shapefiles, the WWSP Technical Specialist then downloads VDH
case data from the VDESS system. The case dapaimlly linkedto the appropriate
sewersheds, and case count metrics are generated for each site. The case CSV dataset received
on April 25,2023 contained 4 variables: the datent_datéranging from September 10, 2021
April 23, 2023), site namgewershedcase countount and the suppressed count
suppressed_counAs all dates with a case count greater than 0 for each sewershed were given a
row, there were 23,830 rows in tofedm 44 unique sites. It is practice in both the VDH WWSP
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and in NWSS to supprepsiblicly availablevisualizations with case counts in th& Tange

(suppressed to 2). This is done to enhance anonymity of cases.
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Chapter7: Initial Data Exploration
7.1 Variant Dominance

The WWS data analysis plan includes training a theoretical alert system on the premise of
abaseline Determining periods across the VDH Sentinel Monitoring Program collection period
in which variables are as controlled as possithiecluding the SARSCoV-2 circulating variant

straini will be necessary to establish normal, baseline variance within each sewershed.

Two sources of information were used to determine S&RS-2 variant proportions
over time. The first was the FDA WWS Variant Proportions visualization, found on their
dashboard main pageDA, 2023) The second was théDH public use dataset for SARSoV-

2 Variants of Concer(VDH, 2023c) See Methods chapter for details.

The FDA data was used to identify general U.S. WW trends across time, while the VDH
data was used to identify the exact proportion®lgvantvariants in Virginiaclinical cases

over time.

General WWS Trends

The FDA WWS Variant Proportions visualization, found on their dashboard main page
(FDA, 2023)ands e en b e f or eFigure2.4@ lowlipes generalVd\Bitrends across
time. According to the FDA infographi@=DA, 2023) at the start of the VDH SM Program
(September 2021), the overwhelming dominant variant abundances were the Delta sublineages.
The week of December 12, 2021 marked the introduction of the BA.1 Omicron (6%) and X
Recombinants (5%) to the Delta lineagesA38Two weeks later (January 2, 2022), BA.1
Omicron stood at 77%. One week later, BA.1 Omicron was at 94%, and stayed there for the next

two months.
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BA.2 Omicron was introduced during the week of March 13, 2022 (21%). One month
later (April 10, 2022), BA.2 Omicron stood at 87%. On May 22,2022, BA.5 Omicron was
introduced (6%), and seven weeks later (July 10, 2022) stood at 83%. Omicron BQ.1 was
introduced on October 23, 2022 (5%), and peaked January 1, 2023 at 57%. Omicron XBB.1.5

was introduced on Januarl},8023 (9%) and peaked March 23, 2023 (83%).

Simplified FDA Dominant Variant Timeline

To assess which variant was dominant during the SM collection weeks, the above FDA
WWS Variant Abundances data was simplified to include only labels for weeks where a variant
reached a dominance of at least 65% abundance. The abundance of 65% was salected as
threshold because it allowed some abundance above a simple majority, without requiring the

variant to completely eclipse all others.

If a particular variant was indicated to be at least 65% in abundance, the variant was
identified and then scatter plotted in Excel overtifsee Figure 7.1.2 belovBoints connected
to adjacent weeks were drawn with a line between, indicating that the variant dominated during

that duration of time.

FDA WW Variant Abundances (>65%)

Delta Sublineages et Omicron BA.1 ‘Omicron BA.2 ‘Omicron BA.S ‘emlmmOmicron XBB.1.5

Figure 7.11: Excel summary of FDA WW variants containing over 65% relative abundance by week

The dominant variant timeline indicated above by the FDA WW simplified dominant
weekly abundance demonstrated a femansistent continued Delta sublineage dominance from
the start of early September through fidcember 2021, with the end week of Decenilier

2021.
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The dominant variants indicated abev®elta sublineages, Omicron BA.1, Omicron
BA.2, Omicron BA.5, and Omicron XBB.1:5represented the chosen targets for VDH Clinical

Variant Analysis (below).

VDH Clinical Variant Trends

The second variant proportion dataset used was a VDH public use dataset far SARS
CoV-2 Variants of Concer(VDH, 2023c) It included weekly cumulative numbers for Virginia

COVID-19 infections, hospitalizations, and deaths for different COWDVariants of Concern.

Each variant of VDH clinical variant case counts dataset was evaluated by exploring the
cowlineages.ordcov-lineages.org, 2023neage list for their Pango description and their CDC
variant listing(CDC, 2023efor WHO labels. If a WHO label (e.g., Omicron) was included in

the CDC description, it was noted in the tables below.

As seen below in Table 7.1.1| wariantsand associated descriptive statistieye

included in the VDH clinical dataset by first observed date

Table 7.1.1 All VDH clinical case variant descriptive statistics and WHO label

Variant I:otal Case Date Range WHO Label
ounts
Alpha 62 9/4/217 2/25/23 Alpha
Epsilon 43 9/4/217 2/25/23 Epsilon
NONE 2,547 9/4/217 3/18/23 -
[Blank] 420 9/4/217 12/31/22 -
Mu 11 9/4/217 7/23/22 Mu
Gamma 13 9/4/217 7/30/22 Gamma
Delta 23,058 9/4/217 9/10-22 Delta
Zeta 10 9/4/217 11/12/22 Zeta
Eta 3 9/18/21i 9/17/22 Eta
Beta 69 9/25/211 4/1/23 Beta
Omicron 6,024 10/2/21i 3/25/23 Omicron
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XBB.1.5.1 6 11/6/217 3/25/23 Omicron

BA.1.1 Omicron 12,289 11/27/2% 11/24/22 | Omicron (alias B.1.1.529.1.1)

lota 7 1/1/227 12/31/22 lota

BA.2 Omicron 16,025 1/8/221 2/18/23 Omicron (alias B.1.1.529.2)

XBB.1.5 2,902 1/15/22i 4/1/23 Omicron

BA.5 Omicron 16,113 1/22/227 3/18/23 Omicron (alias B.1.1.529.5.1)

BA.4 Omicron 3,139 4/16/22i 12/24/22 | Omicron (alias B.1.1.529.4)

BA.2.12.1 27 5/14/22i 8/6/22 Omicron (alias B.1.1.529.2.12.1)
BA.4.6 Omicron 1,903 5/14/22i 2/18/23 Omicron (alias B.1.1.529.4.6)

BA.5.2.6 Omicron | 164 6/25/221 2/18/23 Omicron (alias B.1.1.529.5.2.6)
BA.2.75 Omicron | 104 7121227 3/18/23 Omicron (alias B.1.1.529.2.75)

BF.11 117 7/16/22i1 2/11/23 Omicron (alias B.1.1.529.5.2.1.1)

BF.7 omicron 432 7/23/22i 2/18/23 Omicron (alias B.1.1.529.5.2.1.7)
BA.2.75.2 49 8/20/22i 2/25/23 Omicron (alias B.1.1.529.2.75.2)

BN.1 162 9/10/22i 3/4/23 Omicron (alias B.1.1.529.2.75.5.1)
BQ.1 850 9/10/22i 3/18/23 Omicron (alias B.1.1.529.5.3.1.1.1.1.1)
BQ.1.1 3,060 9/17/22i 3/25/23 Omicron (alias B.1.1.529.5.3.1.1.1.1.1.]
XBB 504 10/15/22i 4/1/23 Omicron

CH.1.1 149 10/29/22i 3/25/23 | Omicron (alias B.1.1.529.2.75.3.4.1.1.1
Kappa 1 12/17/2022 Kappa

XBB.1.9.1 13 1/28/23i 4/1/23 Omicron

Case counts wetbensubselected by the FDA WW dominant abundaribetta

sublineages, Omicron BA.1, Omicron BA.2, Omicron BA.5, and Omicron XBB.ds5)pted

abovein the Simplified FDA Dominant Variant TimelinAdditionally, Omicron (including all

sublineages) was viewed generally, with respect to Delta.

As seen below in Table 7.1.het VDH variant case count subselections included

sublineage and descriptive statistics
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Table 7.1.2:VDH variant case count subselections by sublineages, case counts, and

date ranges.

Total
Variant Variant Sublineages Case Date Range
Counts
Delta Delta 23,058 9/4/217 9/10/22
BA.1.1 Omicron, BA.2 Omicron, BA.2.12.1,
omicron BA.2.75, BA.2.75.2, BA.4 Omicron, BA4.6
(generally) Omicron, BA.5 Omicron, BA.5.2.6, BF.11, BF.7 10/2/21i 4/1/23
9 y omicron, BN.1, BQ.1, BQ.1.1, CH.1.1, Omicron,
XBB, XBB.1.5, XBB.1.5.1, XBB.1.9.1 64,032
OmicronBA.1 BA.1.1 Omicron 12,289 11/27/217 12/24/22
OmicronBA.2 BA.2 Omicron, BA.2.12.1, BA.2.75, BA.2.75.2 16,205 12/3/221 7/9/22
OmicronBA.5 BA.5 Omicron, BA.5.2.6 16,277 1/22/22i 3/18/23
OmicronXBB.1.5 | XBB.1.5, XBB.1.5.1 3,425 11/6/217 4/1/23

VDH Variants Over Time

In the following figures (Figure7.1.3i 7.1.8), Ine graphswere visualized in Excebr

each of theselected VDH variant case counts over time.

DEIta VDH Weekly Clinical Case Counts
of Delta over Time
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Figure 7.1.3 Weekly Delta variant clinical case counts over time

Omicron (generally):

VDH Weekly Clinical Case Counts
of Omicron over Time
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Figure 7.1.4 Weekly Omicron variant clinical case counts over time




BA.1:

BA.2:

BA.5:

XBB.1.5:

VDH Weekly Clinical Case Counts
of BA.1 over Time
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Figure 7.1.5 Weekly BA.1 variant clinical case counts over tim
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Figure 7.1.8 Weekly BA.2 variant clinical case counts over time
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Figure 7.1.7 Weekly BA.5 variant clinical case counts over til

VDH Weekly Clinical Case Counts
of XBB.1.5 over Time

Figure 7.1.8 Weekly BA.5 variant clinical case counts over tim
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Bar graphs were then generated in Excel to contrast the transitions between each of the

major dominant variant®s seen below in Figures 7.1.9.1.13.

Delta vs. Omicron (generally):

VDH Weekly Clinical Case Counts of
Delta and Omicron Variants over Time
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Figure 7.1.9 Weekly Delta and Omicron variant clinical case counts o

. VDH Weekly Clinical Case Counts of
Delta VS- BA- 1 . Delta and BA.1 Variants over Time
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Figure 7.1.10 Weekly Delta and BA.1 variant clinical case counts over tin

BA 1 VS BA 2 - VDH Weekly Clinical Case Counts of
. . - BA.1 and BA.2 Variants over Time
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Figure 7.1.11 Weekly BA.1 and BA.2 variant clinical case counts over

T
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BA.2 VS BA.S. VDH Weekly Clinical Case Counts of

BA.2 and BA.5 Variants over Time
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Figure 7.1.12 Weekly BA.2 and BA.5 variant clinical case counts over
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Figure 7.1.13 Weekily clinical BA.5 and XBB.1.5 variant clinical case counts over

SynthesizingVariant Dominance Timeline

As seen below in Figures 7.1.14 and 7.1.15y#re&ants isolated above in line and

column grapbwerevisualizal to showthe trends over time.

VDH Weekly Clinical Case Counts
by Variant over Time
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Figure 7.1.14:Weekly variant clinical case counts over time, line graph

78



VDH Weekly Clinical Case Counts
by Variant over Time

WDelta MDAl MBA.2 WBAS WXBB.15

Figure 7.1.15 Weekly variant clinical case counts over time, column grapt
By examining the VDH Clinical Variant trends above, through the frame of the FDA

WW Variant Abundances, the followingriant dominancémeline was deduce@ able 7.1.3)

Table 7.1.3 Synthesized dominant variant timeline

Dominant Variant

Start Date

End Date

Delta September 4, 202ktart date)| December 18, 2021
Omicroni BA.1 January 1, 2022 March12, 2022
Omicroni BA.2 April 2, 2022 June 18, 2022
Omicroni BA.5 July 16, 2022 December 10, 2022
Omicroni XBB.1.5 Jan 14, 2023 April 1, 2023 (end date)

In instances where the FDA WW Variant Abundances timeline disagreed with VDH
clinical data timeline, preference was given to VDH clinical data, as it should be a much better

indicator of Virginia variant infection prevalence than federal wastewater data.

7.2 Sewersheds

While the VDH WWS program does collect the boundaries of the utility partner

wastewater system service areas (i.e., sewersheds), the data is proprietary and not freely shared

79



for publication. It is for this reason that the actual boundaries files will not be visualized in this

dissertation

7.3 Case Counts

VDH COVID -19 Public Case Counts

VDH public use COVID19 case dat@/DH, 2023b)included cumulative daily COVID
19 case, hospitalization, and death counts by Virginia health district. All health districts were
compiled together for a single count per day, as shown beléwgures 7.3.1 7.3.3 The
7/5/2023 data point in all three sets was removed, due it being an obvious eortorts were
about10,000 times as high as adjacpaintsandver e not considered in t

cumulative counts.

VDH COVID-19 Daily Cases

Figure 7.3.1 Daily VDH public COVID19 case counts over time, stacked area graf

Figure 7.3.2 Daily VDH public COVID19 hospitalizations over time, stacked
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VDH COVID-19 Daily Deaths
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Figure 7.3.3 Daily VDH public COVID19 deaths over time, stacked area gra
VDH WWS Sewershed Case Counts

Using the VDH WWS Case count ddteen below in Figure 7.3,4he following23 SM
sewersheds were available to dravdaily case countffom Sept 10, 2021 to April 22, 2023
Alexandria Renew, Aquia, Basham Simms, Blacksburg, Christiansburg, Coeburn Norton Wise,
HL Mooney, Little Falls Run, Lynchburg, Moores Creek, Nansemond, North River, Onancock,
Parkins Mill, Pepperdéds Ferry, PouncoquaR,i c hmond
Virginia Initiative Plant, Williamsburg, Wolf Creel he only selected SM site without a

sewershed bourdy orlinked case counts was Danville.

VDH Daily Case Counts for 23
Sentinel Monitoring Sewersheds
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Figure 7.3.4:Daily VDH SMP case counts over time, column gré

When examining the above daily case count graph, it is important to know a key
contextual fact athome COVID19 tests became readily available to Virginians starting in the

Spring of 2022. Due to this, the number of clinical (reported) COY3Dnfectiors probably
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started to becomartificially suppressed, as Virginians no longer needed to visit a clinical
(reporting) facility to test themselves for COVAI®. In addition to this, case definitions at VDH
changed on January 1, 2023 to no longer include positireraé antigen tests as confirmatory.

The resulis that VDH case data is less reliable as a community indicator after Spring 2022.

Variant andsewershedases ovetime are shown below in Figure 7.3.5.

VDH Weekly Clinical Case Counts by Variant
and total SM Sewersheds Daily Case Counts
over Time
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Figure 7.3.5:VDH weekly variant clinical case counts and daily VDH SM sewershed case counts o
It is interesting to note that, for the weeks where daily case counts were comparatively
high, alsomarked periods where variartansitiored Summed weekly case counts were

preferred over daily counts, as this nullified weekend dip effects.

7.4 WWS Analysis Data

WWTP Information

The 24 SMP sites (shortened names) were assigned numbers for visualization
convenience. T h dealthiegioa, séwershédfpopllatient VEWITP Mddttsize
(in millions of gallons per day), and WWTP zip cae listed in Table 7.4elow. Theutility -
reportedpopulations were color coded by most populated (green) to least populateditie=d).

average number of peoiar all utilities was 108,343The cumulative total was 2,600,241
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people, approximatel$0.0%

(Bureau)

of

Virginiaods

2022

esti

Table 7.4.1 SMP Site Information including #, Name, Population, MGD, and ZIP

VDH Health
# SITE Locality Population | mgd | zip
1| AlexRenew Alexandria 300,000 54 | 22314
2 | Aquia Stafford 92,000| 10 | 22554
3 | Basham Loudoun 10,178 1.5 | 20132
4 | Blacksburg Montgomery 52,500 9 24060
5 | Danville Danville 47,0001 20 | 24540
6 | Coeburn Wise 14,000 6.5 | 24230
7 | HLM Prince William 165,901 24 | 22191
8 [ NA Suffolk 197,608 30 | 23435
9 ON Accomack 1,263 0.3 | 23417
10| VIP Norfolk 192,347 40 | 23508
11| wB Williamsburg 69,059| 22.5| 23185
12| LFR Fredericksburg 44,000 8 22405
13| LB Lynchburg 220,000| 22 | 24504
14 | Moores Charlottesville 118,266 15 | 22902
15 | NorthRiver Harrisonburg 81,000 23 | 22841
16 | Parkins Winchester 16,563 5 22602
17 | Peppers Montgomery 70,0001 9 24141
18 | Pound Wise 1,090 0.5 | 24279
19 | Richmond Richmond City 225,000 75 | 23224
20 | Roanoke Botetourt 300,000 55 | 24014
21 | Rutledge Amherst 2,166| 0.6 | 24521
22| CB Montgomery 23,000 6 24073
23| UOSA Fairfax 350,000] 54 | 20121
24 | Wolf Washington 7,300] 5.0 | 24211
AVG 108,343 | 20.7

It is of note that three SMP sites are below the population threshold for NWSS (3,000

person minimum). When this data is submitted to CDC DCIPHER, their data is automatically

mat ed

suppressed. However, VDH WWSP has discretion to sample and post WWS data of any

population size, electing to continue testing and publicly posting a few WWTPs in the 1,000

3,000 range.
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Sample Information

Much of the sampling and analytical methodology was controlled for, based upon needs
of DCLS, VDH WWSP, and CDC DCIPHER. However, some elements of sample collection did
differ between sites. The number of collected samples, the start and endeetidtbquality
control flags sample day, lab turnaround time, and the sample matrixigpe not always
consistent betweehand even withifi each siteas seen below in Table 7.4The highlighted

red fields represent the more divergent sites.

Table 7.4.2 SMP site collection and metadata statistics

Samples Collection Dates Q.Flags Sample Day Lab TAT Sample Matrix
Day of AVG 24-hr  Grab
# # Missed Start End # % Week SD | Days SD % %
1 84 0 2021-09-13 202304-17 3 4% 2.0 01| 6.0 [ 44 ] 100% | 0%
2 83 1 20210913 202304-17 4 5% 2.0 01| 56 | 42| 100% | 0%
3 44 40 2021-09-13 202207-18 4 9% 2.0 00| 59 | 2.7 | 100% | 0%
4 84 0 2021-09-13 202304-17 4 5% 2.0 01| 59 [ 43| 100% | 0%
5 46 38 20210913 202207-25 3 7% 2.0 00| 53 | 24| 100% | 0%
6 84 0 2021-09-13 202304-17 4 5% 2.0 02| 57 [ 43 ]| 100% | 0%
7 84 0 2021-09-13 202304-17 3 4% 2.0 00| 56 [ 42 ] 100% | 0%
8 81 3 2021:09-14 202304-17 2 2% 23 06| 55 [ 42 0% 100%
9 80 4 2021-09-14 202304-21 1 1% 3.0 02| 52 | 45 0% 100%
10 80 4 2021-09-13 202304-17 2 3% 2.2 05| 56 | 42 6% 94%
11 80 4 2021:09-14 202304-17 3 4% 23 06 | 55 | 43 0% 100%
12 82 2 2021-09-13 202304-17 4 5% 2.0 02| 56 | 42| 100% | 0%
13 83 1 2021-09-12 202304-16 4 5% 1.1 04 | 65 [ 41 ] 100% | 0%
14 84 0 20210913 202304-17 3 4% 2.0 00| 57 | 42| 100% | 0%
15 83 1 2021-09-13 202304-17 4 5% 2.0 00| 58 [ 43| 100% | 0%
16 82 2 2021-09-13 202304-17 3 4% 2.0 02| 56 [ 42 ] 100% | 0%
17 84 0 20210913 202304-17 4 5% 2.1 03| 56 | 42| 93% 7%
18 81 3 2021-09-14 202304-18 4 5% 3.1 03| 49 | 42 0% 100%
19 82 2 2021-09-13 202304-17 4 5% 2.1 03| 55 [ 44| 93% 7%
20 84 0 20210913 202304-17 3 4% 2.0 01| 58 | 44| 100% | 0%
21 45 39 2021-09-14 202207-26 3 7% 3.0 00| 48 | 28 0% 100%
22 44 40 2021-09-13 202207-25 4 9% 2.0 00| 53 | 2.3 ] 100% | 0%
23 82 2 20210913 202304-17 2 2% 2.0 01| 56 | 42| 100% | 0%
24 84 0 2021-09-13 202304-17 4 5% 2.0 00| 56 | 42| 100% | 0%
AVG | 76.3 7.8 3.3 5% 2.1 02| 56 4.0 | 75% 25%
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SampleNumbers & Dates

While all SMP sites started sampling at the same time, not all sites stayed in the program
until April 18", 2023 (the request date of this dataset, Week #8#)Sampls6 # 6 r ef er s t o
tot al number of samples taken, while the &éMis
collected inthose 84 weekB.h e f our dar k r ed O Massosfenedbysi t es w

their 6Collection Datesd columns to their rig

The other sitesd missed numbers were due t
failures to collect (e.g., holiday or staffing issues), courier failures, or DCLS laboratory failures.
Considering the lengthy collection duration of 84 weeks total, @l&ively impressive that of
the 20 sites which stayed in the programach site missed, at most, only 4 samplée. site

average overall was 76 samples with 7.8 missed samples.

Note: most caspaired analyses in this dissertation used the cutoff point of SMP WKk53. This

was due to several reasons, including that this is when many of the SMP sites started testing
twice-weekly instead of oneeeekly, and around the time that sevethlers dropped out of the
program. Additionally, case data | ags for wup

slice of WWS data anyway. It seemed like a clean breaking point for cleaner analysis.

Quality Flags:

Occasionally thereveresamples that DCLS masekwith a quality flag. Thisvasto
indicate that the laboratory results may not be reflective of an intact sample. This could be due to
issues with sample collection, shipping, or analyli® average site had 3.3 quality flags,

representing about 5% of théatal samples.
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Sampling Day:

Depending on several factors, including whether the sample matrix type was a grab
sample (instantaneous collection) or ai24&omposite collection (table date determined by the
startdate ofthe2hr process), t he sampl i niftererd\lithiyand f We e |
between sites. The average start date for the sites was 2.1, representing Monday, with a standard

deviation averaging 0.2 days.

Lab Turn-Around-Time:

The time between the sample collection and DCLS performing their analysis on the
sample also varied. This is usually due to delays in either sample collection or laboratory
analysis. The average tuamoundtime (TAT) was 5.6 days, though the standard deviation was

4.0 days.

Of note: the 4 sites with lowest TAT were also the ones who cut early from the SMP, indicating

a probable confounder.

Sampling Matrix :

On average, 75% of the sites useeh®dir composite sampling, as compared to the 25%
using grab sampling. Most of the time the sites stayed consistent with their preferred method,

though 3 sites switched around/%o of the time.

Flow & Analysis Information

The WWTP flow reported in millions of gallons of sewage per day (mfgd)the sample
collection day is reported to DCLS by the utility. However, not all utility sewer networks are

createcequal Some sewage systems are subject to more 1&l, responding with increased flow
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during heavy rain periods. Some may have commercial sewage dumps periotieaflpw

may therefore changadicallybetween samplings and between sites.

Flow indirectly influences sample Viral Concentration and directly affects Viral Load
calculationsAs seen below in Table 4.4.8¢et colored categories of Flow, Viral Concentration,
and Viral Load indicate which sites have a higher (cedpwer (greenyariance, indicated by

the Standard DeviatiofED) as a percentage of the tosite average.

The Less Than Limit of DetectiqhOD) columns indicate the site numbers and
percentages of samples that did not meet minimum viral concentration quantities needed for
analysis. When this happens, the sample viral concentration quantities are not high enough to be
reliably interpretedThe higher values are indicated by the red color gradiénile this is good
for the sewershed communities having a reduced viral load burden, it is bad for reliable analysis

interpretation.

Of note: confounding may occur with site #s 3, 5, 21, and 22, as they spent a longer relative

duration in the Omicron case explosion beginning December 2021, due to leaving the SMP early.

Table 7.4.3 SMP site analytic statistics and flow metaddtaver (green) versus higher (red) vaniee

Flow Viral Concentration EOD Viral Load
AVG SD/AVG SD/AVG SD/AVG
# Rate SD % AVG SD % # % AVG SD %
1 35.6 34 10% 6.7E+04 7.7E+04 116% 3 4% 8.9E+12 1.0E+13 115%
2 5.6 0.7 13% 8.9E+04 1.1E+05 122% 4 5% 1.9E+12 2.5E+12 130%
3 0.6 0.1 17% 6.4E+04 7.1E+04 111% 7 16% 1.4E+11 1.5E+11 107%
4 6.8 1.2 18% 4.5E+04 4.1E+04 90% 8 10% 1.2E+12 1.1E+12 98%
5 6.1 1.4 24% 1.5E+04 3.2E+04 216% 23 50% 3.1E+11 6.0E+11 196%
6 3.6 1.9 54% 1.8E+04 1.9E+04 103% 28 | 33% 2.1E+11 2.0E+11 95%
7 15.2 15 10% 9.0E+04 1.2E+05 134% 6 7% 5.2E+12 6.9E+12 134%
8 16.0 3.0 19% 5.7E+04 1.4E+05 242% 7 9% 3.5E+12 8.0E+12 229%
9 0.2 0.1 60% 7.1E+04 2.5E+05 345% 33| 41% 7.1E+10 2.4E+11 345%
10 25.0 4.9 20% 3.9E+04 7.9E+04 203% 12 15% 3.5E+12 6.5E+12 187%
11 10.6 2.0 19% 4.2E+04 5.8E+04 140% 11 14% 1.7E+12 2.4E+12 143%
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12 3.7 0.6 15% 7.0E+04 8.2E+04 117% 3 4% 9.7E+11 1.1E+12 112%
13 13.5 3.0 22% 3.4E+04 4.1E+04 120% 17| 20% 1.8E+12 2.3E+12 129%
14 10.3 11 11% 4.3E+04 4.9E+04 114% 3 4% 1.6E+12 1.8E+12 110%
15 14.1 2.0 14% 1.7E+04 2.6E+04 148% 32 | 39% 8.8E+11 1.2E+12 140%
16 3.3 1.0 31% 2.6E+04 4.4E+04 166% 27 | 33% 3.3E+11 5.8E+11 173%
17 3.6 1.3 36% 3.8E+04 4.2E+04 111% 6 7% 4.9E+11 5.4E+11 111%
18 1.2 0.7 53% 4.9E+04 1.3E+05 261% 35| 43% 1.8E+11 5.8E+11 316%
19 56.8 16.0 28% 2.1E+04 3.0E+04 143% 24 | 29% 4.7E+12 6.6E+12 140%
20 41.8 12.3 29% 3.1E+04 3.4E+04 110% 15 18% 4.7E+12 5.7E+12 121%
21 0.2 0.0 22% 2.4E+04 4.5E+04 187% 21 | 47% 1.9E+10 3.5E+10 179%
22 2.6 0.7 27% 6.1E+04 5.5E+04 90% 6 14% 6.0E+11 5.4E+11 91%
23 32.9 4.4 13% 6.9E+04 1.0E+05 149% 3 4% 8.9E+12 1.4E+13 157%
24 2.1 0.6 31% 6.8E+04 6.9E+04 101% 6 7% 4.9E+11 4.6E+11 94%
AVG 13.0 2.7 25% 4.8E+04 7.2E+04 152% 14.2 20% 2.2E+12 3.1E+12 152%

Flow:

The sites had very different reported flows, with averages ranging between 0.2 mgd to
56.8 mgd. This typically corresponds to service area population diffef¢heds2 mgd site
serviced 2,166 people, while the 56.8 mgd site serviced 225,000 péapénce calculated as
the SD divided by the average flow indicated that the most variable sites were the ones with the
smallest flow (i.e., the smallest service populations). However, this trend was not true in both
directions, as there were several drfialv sites with mid (or even low) tier variance. For

example, Site #2 had an average of 5.6 mgd, but their SD was only 0.7 (13%).

Viral Concentration:

Oddly, all sites reported average viral concentrations at the 10”4 factor level. However,
the calculated variances (SD divided by site average)wiedy distributed, with some sites

experiencing as little as 90% variance (green) to as much as 345% variance (red).
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Limit of Detection:

The percentage of site samples that were below the LOD ranged from 4% (white) to 50%
(red).While many ofthe reddessites corresponded to low service area populations, this was not

always the case.

Viral Load :

Sites reported average viral loads in the 10710 to the 10714 factor levels. However, the
calculated variances (SD divided by site average) wately distributed, with some sites

experiencing as little as 91% variance (green) to as much as 345% variance (red).

Identifying High & Low Variability Sites

Ranks were applied to the flow, viral concentration, and viral load variance categories,
with the smallest rank indicating the highest variab{ligd), as seen below in Table 7.4¥he
threescores for each site were then averaged, for an AVG RANK SCORE. The highest
variability sites had a lower score and red shading. The site numbers, population (also color

coded), and sample metrics were included on theldfte tableo give context.

Table 7.4.4 SMP site variance statistics and rankingmwer (green) versus higher (red) variance

Viral Conc Viral Load
Samples Flow Variance Variance Variance
AVG
Misse | SD/AVG SD/AVG SD/AVG RANK
# Population | mgd # d % RANK % RANK % RANK SCORE
1 300,000 54 84 0 10% 24 116% 16 115% 16 18.7
2 92,000 10 83 1 13% 20 122% 13 130% 13 15.3
3 10,178 15 44 40 17% 17 111% 18 107% 20 18.3
4 52,500 9 84 0 18% 16 90% 23 98% 21 20.0
5 47,000 20 46 38 24% 10 216% 4 196% 4 6.0
6 14,000 6.5 84 0 54% 2 103% 21 95% 22 15.0
7 165,901 24 84 0 10% 23 134% 12 134% 12 15.7
8 197,608 30 81 3 19% 15 242% 3 229% 3 7.0
9 1,263 0.3 80 4 60% 1 345% 1 345% 1 1.0
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10 192,347 40 80 4 20% 13 203% 5 187% 7.7
11 69,059 225 | 80 4 19% 14 140% 11 143% 11.3
12 44,000 8 82 2 15% 18 117% 15 112% 17 16.7
13 220,000 22 83 1 22% 11 120% 14 129% 14 13.0
14 118,266 15 84 0 11% 22 114% 17 110% 19 19.3
15 81,000 23 83 1 14% 19 148% 9 140% 10 12.7
16 16,563 5 82 2 31% 6 166% 7 173% 7 6.7
17 70,000 9 84 0 36% 4 111% 19 111% 18 13.7
18 1,090 0.5 81 3 53% 3 261% 2 316% 2 2.3
19 225,000 75 82 2 28% 8 143% 10 140% 11 9.7
20 300,000 55 84 0 29% 7 110% 20 121% 15 14.0
21 2,166 0.6 45 39 22% 12 187% 6 179% 6 8.0
22 23,000 6 44 40 27% 9 90% 24 91% 24 19.0
23 350,000 54 82 2 13% 21 149% 8 157% 8 12.3
24 7,300 5.0 84 0 31% 5 101% 22 94% 23 16.7
AVG 108,343 20.7 | 763 7.8 25% 152% 152%

The fivehighest variabilityranked sitesire seen below in Table 7.4.5.

Table 7.4.5 SMP 5 most variable sitebower (green) versus higher (red) variance

Samples
AVG
RANK
# Pop mgd | # | Missed SCORE
5 47,000 20 | 46 38 6.0
8 197,608 | 30 | 81 3 7.0
9 1,263 0.3 | 80 4 1.0
16 16,563 5 82 2 6.7
18 1,090 05| 81 3 2.3
SMP
AVG 108,343 | 20.7]| 76.3 7.8

Most sites in the top 5 highegariability ranks had relatively low populations, low
capacity mgd WWTPs, and low missed numbers of samples. Though there were some

exceptions.

The fivelowest variabilityranked sitesre seen below in Table 7.4.6.
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Table 7.4.86 SMP 5 least variable sitetower (green) versus higher (red) variance

Samples
AVG
RANK
# Pop mgd [ # | Missed SCORE
1] 300,000] 54 | 84 0 18.7
3 10,178 15 | 44 40 18.3
4 52,500 9 84 0 20.0
14| 118,266/ 15 | 84 0 19.3
22 23,000| 6 44 40 19.0
SMP
AVG | 108,343)| 20.7[76.3 7.8

Ironically, most sites in the top lBwest variabilityranksalso hadelatively low
populations, low capacity mgd WWTPs, and low missed numbers of samples. Though there were

some exceptions.

These resultsuggesthat the site variability scores are not strongly tied to population

service area size. Each site should be examined individoaNsariance

Viral Loads & CasesOver Time

The VDH WWS SM dataset has calculated viral loads for saciple analyzed'he
viral loads can therefore be graphed over time within each site. Tsisebgxploration, along

with cases site over time, will be explored more in the next chapter.

However, for context when viewing the next chapter, the aggregate of all viral loads over
time is presented beloww Figure 7.4.11t represents, in general, how much the overall viral load
changes across the collection period. It does not account for the change in status of the 4 sites
which dropped from the program about halfway through. Since those sites were relatively small,
aminimum drop in Aggregate Viral Loads should be expected at around th&adyagioint
through the end of the collection peridtisualization also does not account for missed samples,

or distinctions/reassignments for viral loads that were below the limit of detection.
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Aggregate VL For All SMP Sites Over Time
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Figure 7.4.1 Aggregateviral loads forall SMP sitesovertime
When compared to the VDH WWS SMP aggregate case count data for the same time
frame, with the appropriate dropping of theatly-withdrawsites around the halfway point, the

similarities are striking. To be explored further in the next chapter.

TheCase Count graph belaw Figure 7.4.Ziews cumulative daily cases counts for all
sites, excludindpanville; without a Danville service region shapef#patially linkedcase
countscould not be generatedhen viewing this cumulative representation of cases, keep in
mind that there i s some very minor case count
participation periods. This is due to the continuation of collecting case count data for anywhere
from a few days before the first collection date, 16 Weeks past the end of the last viral load
collection dateOften this is linked merelto the availability of count dataas well aghe
dissertatiorchoice to include several additional weeks of cotméexamine if there wreleading
indicator effects (see Ch.7 & Ch.8 for day shifts correlations measured a week before to 3 weeks
after). Whilemostsites generally tended to match the same dates for case count generation, the 3
early withdraw sites do represent a periadAugust 0f2022, where some case counts continued

to be counted for sites which had already stopped generating viral loads. However, those 3 sites
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represented very low populations and case counts genaraflynost likely had only very minor

effects on the aggregate case count visualizations.

Aggregate Daily Case Counts For 23 SMP Sites Over Time
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Figure 7.4.2 Aggregate daily cases for all SMP sites over time

When the aggregated cases and viral loads are placed tagetesn below in Figure
7.4.3 the visual similarity is uncanny. It is particularly interesting to examingértteewhen
state takehome testing kits became commonplace (Spring/Summer 2022). Between the
unreported takéaome tests- and the redefinition of cases to not include thkene tests in
January 2023- one might guess that cases started becoming wadertedaround this time. If
this is the case, it makes sense why the aggregated case counts stattaltyto drifbelow the

expected viral load data.

Aggregated SMP Daily Case Counts

and Weekly Viral Loads Over Time
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Figure 7.4.3 Aggregated SMP daily case counts and weekly viral loads over tim
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Chapter8: CaseCorrelation

Other studies have examined correlation between WWS viral loads and community infection
metrics(Hopkins et al., 2023However, VDH WWS has two unique advantages when
performing this research:
1. Only one lab is used, so no aggregation or adjustments are necessary to correct lab
methodological or analytic differences.

2. The SMP represents a fair number of utility partners (25 to start), with a lengthy program

duration covering several variant peaks over time (Sept 2021 to date).
The SMP dataset includspatially linkedcase count data f@4 SMP sites, as described in
Chapter 5. The SMP case count data was selected to compare against SMP viral load data, as
compared to the VDH Public Use case dataset, due to its very sgpaitially linked

relationship with the SMP sites.

Noteaboutiwe e k | 'y 6 :while alllvirallloads (k) are generated from oreeekly

WWS sampling (see Ch. 5) in this dissertation, it is important to note that the VLs taken at that
time represent a snapshot community view in that moment for grab samples, andvaeiv

for 24-hr composite sampleSo,while the VLs are from samples collected weekly, they do not
represent sampling for an entire week (i.e., sampling daily for 7 days straight). Such daily testing

is outside the scope of the VDH WWS, well as this dissertation.
8.1VL & Dalily Case (general)

In Chapter7, the aggregated SMP daily case counts and viral load data was visually
exploredand shown in Figure 7.4.8he aggregatéwisual similarities are strikingespecially
whenconsideringhe possibility of case suppression becoming a factor about halfway through

the dataset
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Using theExcel CORREL function(Microsoft, 2023, Pearsorcorrelation was explored
between the viral loads and daily casdst¢ +1 cefficient). Additionally, the daily casesere

shifted betweenrl4 days and 28 days,to explore if there were leading indicator effects.

As seen below in Table 8.1.1 and Figure 8.h&,dorrelation betweehe SMP
aggregated viral loade=82)and daily case counts was 0.&8&ero days shifp<0.001)
indicating avery strong relationship betweaggregat&/Ls andDaily Cases. Shifting the days

demonstrated very strong correlation of approximately 0.9 between days +4.

Table 8.1.1 Selected peak period for SM aggregated viral loads and daily cases correlatiopday shifts

SMP Agreggated Weekly Viral Loads

Day Corre!a!:ion and Daily Case Cc;t;né;?g;rﬁetlat\'on Coefficient
Shift  Coefficient ;

-3 0.832

-2 0.885

-1 0.868

0 0.890

1 0.896

2 0.899 :

3 0.906 ot

4 0.897 12 s 5 4 20 2 4 6 8 WL Moo o2 oM ow ow
5 0.784 Cases Day Shifts

*n=82 (weekly aggregated samples) p values < .B, except for +26 and +28 day shift

Figure 8.1.2 Aggregated viral loads and daily cases correlation coefficients with day shifts, line graph

8.2 VL & Weekly Cases (general)

While using viral loads and daily cases correlation gives us a snapshot moment of viral
load and daily cases, it may be more practical to think of case counts in weekly terms. Then one
(e.g.,alocal district epidemiologist) may view a onaeekly viral load value and ask how
related the nextv e e k s 0of ecagewvitl lie. However, it should still be noted that a weekly

viral load iseithera grab or 24hr composite sample, taken once a week. It is itself a snapshot
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analysis of @aommunity andloes not represent an entire week of testif@yvever, since viral
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viral load will have to suffice.
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For correlation analysis, the correlation coefficient was calculated for all sampling weeks

where there was both a viral load and cumulative case count(nai82) Then a day shift

betweenl 4

day to anywhere betweeh4 days to 28 days lateas seen below in Table 8.2.1 and Figure

8.2.2.
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Table 8.2.1 Selected peak period for SM aggregated viral loads and weekly cases corraladidiay shifts

Day Correlation SMP Agreggated Weekly Viral Loads and
Shift  Coefficient Weekly Case Counts Correlation Coefficient
by Day Shift

-7 0.870 »

6 0.885

-5 0.894 0s

4 0898

3 0.900 -

-2 0.896 E‘ii 12 -10 8 -6 -4 -33‘20 2 4 6 8 10 12 14 16 18 20 22 24 26 28
-1 0.887 = ‘0a

0 0.875 Iy

1 0.856 jj

2 0.830 Cases Day Shift

*n=82 (weekly aggregated samples) p values < .B, except for +2 to +28 day shif

Figure 8.2.2 SM Aggregated viral loads and weekly cases correlation coefficients with day shifts, line

The findings above indicate that a viral load, analyzed and interpreted the same day, is
strongly correlated to the followingdra y s 6 ofwases {with a correlation coefficient of
0.875 p<.00). Furthermore, a similar (or higher) correlation coefficient is noted for the week

preceding the viral load sample.

One could interpret this result to mean that there is a strong relationship between viral
|l oads and weekly case counts, especially 1in
week of, the viral load sample. For example, if a viral load sampletaleza on the 1%50f the
month, there is a high correlation to thaly cases ranginm the daydrom the 9" to the 22¢
This makes sense, as one would assume a direct relationship between the number of community
members with COVIBL9 and the amount of SARSoV-2 viral particles shed into the

wastewater.
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8.3 VL & Daily Casegqby variant)
Several factors could be contributory to a dynamic relationship between VL and cases over
time, to include:

1 Changing variants with different infectioplysiologicaleffects

1 Changing susceptibility within the host population (e.g., vaccination/exposure statuses,
deaths)

1 Case data collection changes (e.g., case definitionshtake tests)
1 WWS methodological changes (e.g., collection, courier, laboratory, analytic changes)

For this reason, the SMP aggregate viral loads and daily casebraleea up and analyzed

by variant timelines, as determined in Chapte

It is important to note here that daily case data does not smooth out natural variations found in
case reporting. For example, case reporting on the weekends may drop below work week levels.
Using a cumulative weekly summation, as seen in sections 7,2nd 4.6, willby default

smooth out work week fluctuations.

For each variant, the entire correlation coefficients forideto 28 day shift periodiere
graphed oubelow in Figures 8.3.1 to 8.3.&nd a relevant viewing subsection table placed

adjacentlyin Tables 8.3.1 to 8.3.5
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Delta (9/4/21i 12/18/21)

Table 8.3.1 Selected correlation period for SM aggregated viral loads for Delta variant and daily cases correlation

coefficients with day shifts

Day  Correlation and ally Cose Counts Coneaton oot
Shift Coefficient by Day Shift -- Delta Variant
-1 0.591
0 0.567
1 0.675 §
2 0.624 g ‘
3 0.657 gm A R A
4 0.672 Z:
5 0.620 o2
6 0.716 o Cases Day Shifts

*n=13 (weekly aggregated samplea)l p values < .B, except for2 to -14 day shifts

Figure 8.3.1:SMAggregated viral loads for Delta variant and daily cases correlation coefficients with day shifts

Omicron BA.1 (1/1/22i 3/12/22)

Table 8.3.2:Selected correlation period for SM aggregated viral loads for BA.1 variant and daily cases correlation

coefficients with day shifts

. SMP Agreggated Weekly Viral Loads
Day Correlanon and Daily Case Counts Correlation Coefficient
Shift Coefficient by Day Shift - BA.1 Variant
10

-2 0.979 0s

-1 0.927 o

0 0.953 ”

1 0.966 5 00

@4 12 0 8 6 4 2 0 2 4 6 8§ 10 12 14 16 18 20 22 24 26 28

2 0.978 g o

3 0.983 =

4 0.987 0

5 O . 920 0 Cases Day Shifts

*n=10 (weekly aggregated samplea)l p values < .B, except for10 to-14 day shifts

Figure 8.3.2 SM Aggregated viral loads for BA.1 variant and daily cases correlation coefficients with day shifts
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Omicron BA.2 (4/2/221 6/18/22)

Table 8.3.3 Selected correlation period for SM aggregated viral loads for BA.2 variant and daily cases correlation
coefficients with day shifts

Day Correlation and [S)I::IS ?ggigfgaiisvgifgra\tﬁil égzsf?cient
Shift Coefficient by Day Shift — BA.2 Variant

-4 0.814 -

-3 0.773 4

-2 0.651 _ o4

-1 0.814

0 0.653 h’;u A A A A A s 0 12w o1 om0 2 o 2
1 0.687 L

2 0.709 s

3 0.653 02

4 0.639 'm Cases Day Shifts

*n=11 (weekly aggregated samplea)l p values < .B, except for +5 to +28 day shifts

Figure 8.3.3 SMAggregated viral loads for BA.2 variant and daily cases correlation coefficients with day shifts

Omicron BA.5 (7/16/22i 12/10/22)

Table 8.3.4 Selected correlation period for SM aggregated viral loads for BA.5 variant and daily cases correlation
coefficients with day shifts

. SMP Agreggated Weekly Viral Loads
Day Correlatlon and Daily Case Counts Correlation Coefficient
Shift  Coefficient by Day Shift -- BA.5 Variant
-2 0.557
-1 0.641 WM
0 0.742 i
1 0.699
2 0.690 L“:fld 2w s 5 4 2220 204 6 % 1 R 1118 N 2R W % 2
3 0.717 2
4 0.712 Iy
5 0.614 8
6 0.696 e Cases Day Shifts

*n=21 (weekly aggregated samplea)l p values < .B, except for-26 day shift

Figure 8.3.4 SM Aggregated viral loads for BA.5 variant and daily cases correlation coefficients with day shifts
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Omicron XBB.1.5(1/14/23i 4/1/23)

Table 8.3.5:Selected correlation period for SM aggregated viral loads for XBB.1.5 variant and daily cases
correlation coefficients with day shifts

. SMP Agreggated Weekly Viral Loads
Da.y Correlation and Daily Case Counts Correlation Coefficient
Sh|ft Coefﬁcient “t)}y Day Shift — XBB.1.5 Variant
-2 0.873 I o T S S VS S T
1 0.930 -
0 0.940 o
1 0.907 ::;lll 12 10 8 B -4 'iizz 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
2 0.926 ’
3 0.925 o
4 0'874 e Cases Day shifts

n=11 (weekly aggregated samplga) p values < .B

Figure 8.3.5:SMAggregated viral loads for XBB.1.5 variant and daily cases correlation coefficientslaytkhifts

All Variants Summarized

Daily cases reached their peak correlation with viral loads durin@ ttee+4 day shift
period and specifically on the +3 peak d@y91 correlationn=82, p<0.00}, as seen below in
Table 8.3.6Additionally, each variantisually demonstrated different peak pericisl peak
days-- Delta (+20 to +26 dayseriod; +26 peak dayBA.1 (+2 to +9 daysperiod; +7 peak dgy
BA.2 (-7to-1days -7 peak day, BA.5 (+9to +17 days +13 peak day XBB.1.5(-1to +17
days +0 peak day Bolded values have p values under 0.05, while italicized values are above

0.05. Stronger correlation coefficients are in green, weaker ones in red.
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Table 8.3.8 VL - Daily Cases Correlation by Variant

Daily Case Correlation byVariant

Day Shift | All Delta BA.1 BA.2 | BA5 | XBB.1.5

-14| 0.524 | -0.243 | 0.516 0.832 [ 0.462| 0.784
-13| 0.561 | -0.180 | 0.582 0.823 [ 0.462| 0.810
-12( 0.592 | -0.355 | 0.625 0.832 | 0.475| 0.867
-11| 0.588 | -0.029 | 0.566 0.852 [ 0.561| 0.857
-10| 0.614 | 0.043 | 0.599 0.855 [ 0.518| 0.769
-91 0.750 [ 0.105 [ 0.904 0.679 | 0.446| 0.754
-8 0.726 | 0.177 | 0.821 0.606 | 0.542| 0.867
-7 0.779 | 0.159 | 0.879 0.874 [ 0.612| 0.911
-6 0.817 | 0.260 | 0.915 0.832 | 0.606| 0.922
-5]1 0.836 | 0.118 | 0.938 0.815 | 0.542| 0.897
-4 0.823 | 0.291 | 0.902 0.814 [ 0.647| 0.921
-3( 0.832 | 0.453 | 0.910 0.773 [ 0.644| 0.868
-2 0.885 | 0.449 | 0.979 0.651 | 0.557| 0.873
-1] 0.868 | 0.591 | 0.927 0.814 | 0.641| 0.930
0| 0.890 | 0.567 0.953 0.653 [ 0.742| 0.940
1 089 | 0.675 | 0.966 0.687 | 0.699| 0.907
21 0899 | 0.624 | 0.978 0.709 | 0.690| 0.926
3| 0.906 | 0.657 0.983 0.653 [ 0.717| 0.925
41 0897 | 0.672 0.987 0.639 [0.712] 0.874
5] 0.784 | 0.620 | 0.920 0.586 | 0.614| 0.920
6| 0.788 | 0.716 | 0.902 0.515 [ 0.696| 0.936
71 0.818 | 0.637 0.991 0.553 [ 0.713| 0.937
8| 0.788 | 0.633 | 0.986 0.499 | 0.708| 0.930
9] 0.762 | 0.653 | 0.980 0.493 | 0.750| 0.925
10| 0.791| 0.747 | 0.974 0.489 |[0.765| 0.922
11| 0.768 | 0.791 | 0.971 0.438 | 0.720| 0.870
12| 0.566 | 0.646 | 0.963 0.424 | 0.562| 0.904
13| 0.624 | 0.650 | 0.961 0.146 [0.783| 0.904
14| 0.618 | 0.698 | 0.957 0.533 [ 0.723| 0.906
15| 0.573| 0.737 | 0.972 0.428 | 0.743| 0.897
16| 0.528 | 0.748 | 0.961 0.327 [ 0.706| 0.919
17] 0.560 | 0.769 | 0.966 0.282 [ 0.742| 0.936
18| 0.528 | 0.810 | 0.951 0.275 | 0.658| 0.880
19| 0.368 | 0.842 | 0.966 0.336 | 0.614| 0.739
20| 0.439 | 0.900 | 0.972 -0.015 | 0.675| 0.854
211 0.399 | 0.890 | 0.968 0.234 [ 0.678| 0.854
221 0.354 | 0.891 | 0.949 0.109 | 0.680| 0.902
23| 0.315| 0.895 | 0.977 0.062 [ 0.656| 0.855
241 0.333| 0.885 | 0.971 0.137 [ 0.673| 0.880
25| 0.298 | 0.876 | 0.982 0.113 | 0.629| 0.762
26| 0.215| 0.894 | 0.983 0.192 | 0.390| 0.763
271 0.256 | 0.830 | 0.966 -0.434 | 0.587| 0.877
281 0.200| 0.870 | 0.959 0.062 [ 0.589| 0.816

AVG | 0.636 | 0.550 0.909 0.492 | 0.636| 0.877

*Strong correlations are green, weaker ones are red. Bolded values have p<0.05, italicized values are p>0.05.
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There could be many reasons why the-ddse correlation varied so readily between

variants, including:

)l
)l
T

Physiologicalinfectious differences between variants (e.g., changes in viral shedding,
symptoms)

Variants entering the population during different phases of infection waves (e.g., a
variant shift during a case lull versus a holiday exposure peak)

Case definitions and/or reporting changes

Shifting population susceptibility

Viral Load changes (e.g., warmer temperatures increasing degradation)

The lowest peak correlation by variant was still a moderatetyng 0.783 correlation

coefficient (BA.5 at 13 dayspiving good support to the relationship between VL daity

casesHowever, the range of peak correlation day shifts by variant gives pause to relying on the

immediate predictive powers of VL. For example, a Delta VL would be most predictive with

cases nearly 3 weeks later, while a BA.2 VL would be most predictive vaés oa the two

weeks leading up to VL collectio®ection8.5 examinesite-specific differencebetweerthese

daily case day shifts.

Exploringtheunderlying causes for day shift correla@bdifferences between the variants

in thesiteswould be an interesting followp to this dissertation.

8.4 VL & Weekly Cases (by variant)

weekbds time, this By&arantcorrelation betiveem\d al@MPe ss 7. 3

In the same way that section 7.2 reassessed daily cases for the sum of case counts for a

aggregated daily case courds aggregated weekly case counts
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Delta (9/4/21i 12/18/21)

Table 8.4.1 Selected correlation period for SM aggregated viral loads for Delta variant and weekly cases

correlation coefficients with day shifts

Day Correlation SMP Agreggated Weekly Viral Loads and
Shift _Coefficient el Coss St o Cotiin

-4 0.620

-3 0.645

-2 0.656 )

-1 0.680 :

0 0.682 A A NP S e e e s
1 0.667 "

2 0.662 I

3 0.674 08

4 0.688 e Cases Day Shifts

*n=13 (weekly aggregated samplea)l p values < .B, except for6 to-14 day shifts

Figure 8.4.1 SMAggregated viral loads for Delta variant and weekly cases correlation coefficients with day shifts

Omicron BA.1 (1/1/22i 3/12/22)

Table 8.4.2 Selected correlation period for SM aggregated viral loads for BA.1 variant and weekly cases

correlation coefficients with day shifts

Day Correlation oy oot Correltion Costieiont
Shift  Coefficient by Day Shift -- BA.1 Variant

4 0.973 M
-3 0.978 -

-2 0.975 ] »

1 0.966

0 0.971 P e e S O M S e e e s e
1 0.975 g

2 0.975 o

3 0.973

4 0.970 o Cases Day Shifts

*n=10 (weekly aggregated samplea)l p values < .B

Figure 8.4.2 SM Aggregated viral loads for BA.1 variant and weekly cases correlation coefficients with day shifts
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Omicron BA.2 (4/2/221 6/18/22)

Table 8.4.3 Selected correlation period for SM aggregated viral loads for BA.2 variant and weekly cases
correlation coefficients with day shifts

Day Correlation SMP Agreggated Weekly Viral Loads and
Shift Coefficient Weekly Case Counts Correlation Coefficient

-8 0.839 . by Day Shift -- BA.2 Variant

-7 0.802 '

-6 0.778

5 0.761 E

-4 0.738

-3 0.724 p |

-2 0.711 2

-1 0.655 06

0 0.637 08

1 0.607 - Cases Day Shifts

*n=11 (weekly aggregated samplea)l p values < .B, except for +2 to +28 day shifts

Figure 8.4.3 SMAggregated viral loads for BA.2 variant and weekly cases correlation coefficients with day ¢

Omicron BA.5 (7/16/22i 12/10/22)

Table 8.4.4 Selected correlation period for SM aggregated viral loads for BA.5 variant and weekly cases
correlation coefficients with day shifts

SMP Agreggated Weekly Viral Loads and

Day Correlation Weekly Case Counts Correlation Coefficient
Shift Coefficient by Day Shift -~ BA.5 Variant

-2 0.708 s
-1 0.723 ] ;

0 0.718

1 0718 | §e oo+ e« n0t et maunmnnuna
2 0.724 -

3 0.730 -

4 0.733

*n=21 (weekly aggregated samplea)l p values < .B

Figure 8.4.4 SM Aggregated viral loads for BA.5 variant and weekly cases correlation coefficients with da
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Omicron XBB.1.5 (1/14/23' 4/1/23)

Table 8.4.5 Selected correlation period for SM aggregated viral loads for XBB.1.5 variant and weekly cases
correlation coefficients with day shifts

. SMP Agreggated Weekly Viral Loads and
Day Correlation Weekly Case Counts Correlation Coefficient
Shift  Coefficient by Day Shift - XBB.1.5 Variant
2 0.930 O e
-1 0.931
0 0.931 . 0s
1 0.934
2 0.933 Rt EE R,
3 0.933
4 0.933 06
5 0.933 e
6 0.928 Cases Doy i

n=11 (weekly aggregated samplga) p values < .B

Figure 8.4.5 SMAggregated viral loads for XBB.1.5 variant and weekly cases correlation coefficients with day

All Variants Summarized

Weekly cases reached their peak correlation with viral loads during tioet1 day shift
period, and specifically on th8 peak day0.90 correlation n=82, p<0.00}, as seen below in
Table 8.4.6 Additionally, each variant visually demonstrated different peak periods and peak
days-- Delta (+16to +23 days period; 19 peak day), BA.1 (3to +12 days period; 6 peak
day), BA.2 (14to0 -5 days;-8 peak day), BA.5 (6to +12 days; 8 peak day), XBB.1.5-2to +5

days; 4 peak day).

Weekly cases are defined as YHeH WWS SMP SARSCoV-2 aggregatedase count
summation of the-day periodbeginning on the noted shift d&olded values have p values
under 0.05, while italicized values are above 0.05. Stronger correlation coefficients are in green,

weaker ones in red.
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Table 8.4.6Weekly Case Correlation by Variant and day shift

Weekly Case Correlation Coefficient by Variant

Day Shift All Delta | BA.1 BA.2 BA.5 | XBB.1.5

-14( 0.674 | 0.008 [ 0.741 | 0.817 | 0.536 | 0.859
-13| 0.722 | 0.101 | 0.804 | 0.818 | 0.557 | 0.875
-12| 0.762 | 0.139 | 0.856 | 0.814 | 0.564 | 0.879
-11| 0.787 | 0.184 | 0.887 | 0.812 | 0.579( 0.890
-10|( 0.803 | 0.228 | 0.905 | 0.802 | 0.593 | 0.898
-9 0.820 | 0.269 | 0.916 | 0.799 | 0.607 | 0.908
-8 0.847 | 0.361 | 0.929 | 0.839 | 0.627 | 0.918
-7 0.870 | 0.439 | 0.943 | 0.802 [ 0.647| 0.922
-6 0.885 | 0.522 | 0.954 | 0.778 | 0.660 | 0.922
-5 0.894 | 0.596 | 0.964 | 0.761 | 0.680 | 0.927
-4 0.898 | 0.620 [ 0.973 | 0.738 [ 0.690 | 0.927
-3 0.900 | 0.645 | 0.978 | 0.724 [ 0.700 | 0.929
-2| 0.896 | 0.656 | 0.975 | 0.711 | 0.708 | 0.930
-1| 0.887 | 0.680 | 0.966 [ 0.655 | 0.723| 0.931
0| 0.875 | 0.682 | 0.971 | 0.637 | 0.718 | 0.931
0.856 | 0.667 [ 0.975 | 0.607 | 0.718 | 0.934
2| 0830 | 0.662 | 0.975 | 0.569 | 0.724 | 0.933
3| 0.810 | 0.674 | 0.973 | 0.549 | 0.730 | 0.933
41 0.795 | 0.688 | 0.970 | 0.528 | 0.733 | 0.933
5| 0.778 | 0.684 | 0.975 | 0.517 | 0.732 | 0.933
6| 0.755 | 0.671 | 0.986 | 0.474 | 0.749| 0.928
7] 0.720 | 0.682 | 0.982 | 0.474 | 0.751| 0.924
8| 0.681 [ 0.700 | 0.980 | 0.462 | 0.756| 0.919
9| 0639 | 0.714 | 0.978 | 0.433 | 0.746| 0.917
10| 0.605 | 0.719 | 0.978 | 0.407 | 0.744| 0.917
11| 0581 | 0.724 | 0.977 | 0.391 | 0.741| 0.917
12| 0.564 | 0.747 | 0.974 | 0.373 | 0.752 | 0.904
13| 0.536 | 0.803 | 0.965 | 0.358 | 0.729 | 0.897
14| 0.497 | 0.840 | 0.967 | 0.302 | 0.720 | 0.889
15| 0.464 | 0.864 | 0.964 | 0.249 | 0.706 | 0.888
16| 0.427 | 0.882 | 0.966 | 0.200 | 0.698 | 0.876
17| 0.396 | 0.889 | 0.967 | 0.181 | 0.689 | 0.866
18| 0.374 | 0.891 | 0.970 | 0.162 | 0.689 | 0.856
19| 0.363 | 0.900 | 0.972 | 0.136 | 0.670  0.860
20| 0.331 | 0.896 | 0.971 | 0.047 | 0.662 | 0.862
21| 0.296 | 0.896 | 0.970 | 0.002 | 0.648 | 0.853
22| 0.263 | 0.892 | 0.973 | -0.060 | 0.619| 0.838
23| 0.234 | 0.882 | 0.970 | -0.141 | 0.612 | 0.815
241 0.210 | 0.874 | 0.968 | -0.172 | 0.604 [ 0.798
25( 0.194 | 0.869 | 0.964 | -0.215 | 0.600 | 0.802
26| 0.183 | 0.854 | 0.957 | -0.228 | 0.589 | 0.784
27| 0.155 | 0.838 | 0.951 | -0.047 | 0.572 | 0.768
28| 0.129 | 0.806 | 0.945 [ -0.135 | 0.556 | 0.767

AVG [ 0.609 | 0.659 | 0.952 [ 0.417 | 0.670| 0.887

*Strong correlations are green, weaker ones are red. Bolded values have p<0.05, italicized values are p>0.05.
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Overall, the weekly case correlations were very similar to the daily case correlations,
with similar averages and general trends. Even the lowest peak correlation of the weekly cases
(0.756 correlation of BA.5 at 8 days) mimicked that of the daily casé83@orrelation of BA.5
at 13 days). The main difference appears to be a general smoothing effect across the weekly

cases.
8.5 Site-SpecificVL & Daily Cases

Chapter 3 discussed inherent variability in any WWS system. VDH WWS offers a unique

opportunity, in that the SMP:

1 uses a single laboratory for all shipping and analysimoving crosdaboratory
variability)
1 has been supported by CDC NW&8Bancially and withgood practice guidance
1 has a wide network of participating utility partners, geographically covering much of
Virginia
1 has been collecting data with minimal changes to methodology/analysis for over 2 years
1 has a topotch Data Manager

While these factors are excellent for maintaining a proper dataset ovethgayelonot
eliminate the core differences between the utility sites themselves. Each wastewater system is
subject to different infrastructure, geography, population, and commercial factors which affect
the time and degradation of viral particles across distanddime. It is for this reason that

caution is heavily applied when discussing options for comparing sites.

As seen below in Table 8.5.13a@h SMP site was analyzed by viral load and case counts,
from the VDH WWS SMP datasetSee Appendix8.5 By Site Viral Loads and Daily Cases.
Note thatfour sites withdrew from the prograearly andare not included in the averaged sites
columns Bolded values have p values under 0.05, while italicized values are above 0.05.

Stronger correlation coefficients are in green, weaker ones in red.
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Table 8.5.1Daily Cases Correlation Coefficient by Site and Day Shift

Daily Cases Correlation Coefficient by Site
Da
ShiI?; AVG | 1 2 i 4 5™ 6 7 8 9 10 1 12 13 14 15 16 17 8 19 20 21 | 22~ | 23 24
-14| 036 | 0.46 | 0.55 | 0.57 | 0.35 038|050 | 025 | &7 | 0.38 | #47| 046 | 039|033 | 039 | 0.73 | 0.48| #27 | 0.54 | 0.25 | 457 | 0.42 | 0.47 | 0.22
-13| 0.40 | 0.44 | 0.56 | 0.43 | 0.37 042|054 |026| % |041| ## | 047 | 036|037 | 058 | 0.3 | 0.65 | #47 | 0.59 | 0.22 | 447 | 0.44 | 0.51 | 0.29
-12| 044 | 0.44 | 0.62 | 0.49 | 0.37 039|061|028| 0.26 | 0.47| ## | 0.54| 043 | 0.47| 0.60 | 0.73 | 0.68 | 7% | 0.64 | 0.26 5 | 053 | 0.57 | 0.29
-1 0.44 | 0.48 | 0.57 | 0.55 | 0.35 039|056 |030| #& |048| 7% | 0.56 | 0.46 | 0.54 | 0.61 | 0.72 | 0.71 | #47 | 0.65 | 0.25 | #5% | 0.55 | 0.59 | 0.32
-10| 0.45 | 0.42 | 0.58 | 0.35 | 0.46 033|064 | 031 | #&F | 048] 77 | 063|048 | 0.41| 056 | 0.6 | 0.69 | #57 | 0.65 | 0.29 | ¥4 | 0.52 | 0.55 | 0.33
-9] 047 | 0.41 ] 058 | 0.56 | 0.52 041|060 | 037 | &#45 | 061|038 |062| 051|044 )| 065|076 068) w&" | 0.70 | 027| 036 | 061 | 058 | 0.31
-8| 054 | 055 | 0.74 | 0.49] 0.39 046 | 0.74 |036| %7 |0.78| 027 | 0.65| 048 | 057 | 069 | 0.75| 060| 047 | 069 | 042 | 0.32 | 056 | 0.73 | 0.30
-7| 051 | 0.42| 0.41| 0.47 | 0.49 046 | 0.81 | 037 | &&% | 0.69| 0.35| 0.58 | 0.71 | 0.53 | 0.62 | 0.79 | 0.67 | ~#&7 | 0.67 | 0.44 | 0.54 | 053 | 0.75 | 0.35
-6| 0.55 | 0.49 | 0.43 | 0.57 | 0.57 049|086 | 039| 0.23 | 0.72| 0.37 | 0.60 | 066 | 0.58 | 0.73 | 0.83 | 0.73 | 447 | 0.74 | 046 | 447 | 0.61|0.78 | 0.35
-b| 0.57 | 0.55 | 0.71 | 0.52 | 0.55 042|088 | 043 | &4 |0.75| 0.41 | 0.72| 068 | 0.68 | 0.65 | 0.83 | 0.75| 447 | 0.78 | 0.46| 0.44 | 0.69 | 0.79 | 0.32
-4| 061|058 | 0.83| 0.62 | 0.61 049|085 | 046 | 0.22 |0.76 | 0.44 | 0.72 | 0.70 | 0.74 | 0.74 | 0.80 | 0.75 | /4" | 0.81 | 050 | %% | 0.71 | 0.80 | 0.40
-3| 0.64 | 0.60 | 0.80 | 0.58 | 0.61 046 | 087 |049| 0.73 |0.74| 049 | 0.75| 0.74 | 064 | 069 | 0.80| 080 | #% |0.79| 051 | 43 | 066 | 0.77 | 0.41
-2| 0.63 | 0.62 | 0.87 | 0.59 | 0.64 038|083 |064| £27 |092]| 074 | 075|073 | 066|069 |0.77|0.76| 74" | 0.81]| 0.51| 0.44 | 0.63 | 0.75 | 0.41
-1| 063 | 0.54 | 0.80 | 0.63 | 0.48 041|090 | 065| 027 | 094|072 | 073|076 | 0.77 | 0.72| 072|057 | #7% |082| 0.71| 0.49 | 0.64 | 0.81| 0.31
0| 063 | 0.55 | 0.87 | 0.65 | 0.53 048 | 0.70 | 062 | 0.26 | 0.91 | 0.63 | 0.79 | 0.70 | 0.62 | 0.62 | 0.78 | 0.76 | 74 | 0.87 | 0.71| 0.46 | 0.65 | 0.73 | 0.43
1| 0.65 | 0.60 | 0.83 | 0.56 | 061 042|080 | 063 | 0.45 | 093 | 0.64 | 0.81 | 0.68 | 0.76 | 0.66 | 0.67 | 0.73 | #4" | 0.87 | 0.72| 0.31 | 0.67 | 0.83 | 0.42
2| 066 | 0.59 | 0.86 | 0.72 | 0.62 040|081 |070| #% |093|075|081|080|075|065|0.75|075]| 0.24 | 0.86| 068| 0.36 | 0.68 | 0.84 | 0.35
3| 067 | 0.58 | 0.79 | 0.57 | 0.65 041|085 | 068| 060 |0.93| 075|080 0.78 | 0.76 | 0.67 | 0.68 | 0.77 | 747 | 0.84 | 0.69| £ | 0.69|0.84 | 0.39
4| 065 | 0.62 | 0.84 | 0.56 | 0.61 038|083 |062| & |0.87|073|081|082|078|072|0.75|078| 777 |0.84|069| 061 | 074|082 0.41
5| OEE | 0.96 | 0.78 | 0.68 | 0.57 028|080 |0.78| 0.45 | 0.91 | 0.84 | 0.75| 0.81 | 0.81 | 0.70 | 0.65 | 0.64 | &7 | 0.83 | 0.75 | %47 | 0.60 | 0.78 | 0.36
6| 0.ED | 0.54 | 0.71 | D67 | 0.52 033|069 |077]| &/ |090| 078 | 071|080 0.75| 061|056 058 % |0.77|059]| 030 |039| 0.71]| 0.46
7| 057 [ 062 | 0.53 | 0.51 | 0.51 040|068 | 077 | 4 |0.86| 083|063 | 062|064 | 049 062|056 /4 | 080|068 0.36 | 0.47 | 0.77 | 0.33
8| 061 [ 064 | 0.54 | .66 | 0.46 038|064 |074| 043 | 0.88| 0.85| 0.61| 066 | 0.78 | 0.63 | 0.62 | 0.74 | 7/ | 0.82 | 0.75| 0.49 | 0.69 | 0.72 | 0.30
9| 061 | 0.56 | 0.62 | 0.56 | 0.47 025|057 | 0.71| 063 |0.83 | 0.86 | 0.72| 069 | 0.73 | 0.66 | 0.59 | 0.72| 447 | 0.79 | 0.72| 0.34 | 0.66 | 0.65 | 0.36
10| 0.58 | 0.54 | 0.69 | 0.55 | 0.47 030|063 |070| 4 |0.75| 0.81 | 0.70| 0.72 | 0.66 | 0.58 | 0.69 | 0.71 | 47 | 0.75 | 0.74 | 0.36 | 0.58 | 0.62 | 0.41
11| 056 | 0.58 | 0.62 | 0.70 | 0.45 0.31| 061|059| #& |065|0.79( 069|068 |0.78| 062 | 062|063 | #& |077|0.77| 0.38 | 0.69 | 0.66 | 0.38
12| 055 | 0.51 | 0.67 | 0.43 | 0.43 @2 | 066 |073]| ##% | 067|077 | 070 |0.64|0.73| 062|064 053] #£47 | 0.77 | 0.67 | &7 | 0.59 | 0.60 [ 0.30
13| 045 | 0.50 | 0.48 | 0.45 | 0.36 @4 | 041 |079]| 042 | 075|082 | 0.61|0.62| 058|053 )| 044|038 | & | 058 |033| #4 | 058027026
14| 044 | 0.33 | 0.51| 0.52 | 0.35 026|043 | 061 | 0.24 | 0.62| 0.76 | 0.59 | 0.43 | 0.56 | 0.62 | 0.60 | 0.51 | 7 | 0.68 | 0.29| 0.36 | 0.53 | 0.26 | 0.30
15| 043 | 0.38 | 0.42 | 0.51 | 0.32 0.34| 0.41| 064 | 063 | 0.59| 0.74 | 0.54 | 0.53 | 0.64 | 0.52 | 0.62 | 0.57 | 4 | 0.62 | 0.55| 0.55 | 0.59 | 0.29 | 0.33
16| 0.44 | 0.41 | 0.47 | 0.63 | 0.29 @ [ 035|056 0.25 | 0.51|0.74 | 056 | 0.51 | 0.59| 0.61)| 0.59 | 0.56 | ~F&F | 0.57 | 0.57 | 0.45 | 0.49 | 0.23 [ 0.39
17| 0.43 | 0.36 | 0.40 | 0.41 | 0.33 0.21|0.33| 057 | 051 |0.40| 056 | 0.56| 0.51| 0.51 | 0.50 | 0.63 | 0.49 | ## | 0.53 | 0.62 | 0.30 | 0.51 | 0.23 | 0.27
18| 042 | 0.44 | 0.46 | 0.51 | 0.33 0.26 | 0.37 | 040 | 0.41 | 039|052 | 054 | 042|058 | 053|057|049| @4 | 0.51|062| ¥4 | 048|027 | 0.30
19| 033 | 0.42 | 0.43 | 0.47 | 0.32 &7 039(040]| 0.29 | 0.35| 0.50 | 0.62 | 0.40 | 0.50 | 0.50 | 0.50 | 0.50 | &% | 052 | 0.52 | &/ | 0.48 | 0.27 [ 0.27
20| 036 | 025|033 | 0.38 | 0.24 032| £ | 055| 0.38 | 050 | 0.73 | 0.47| 035|044 | 0.44 | 0.54 | 0.38 | 4% | 038 | 0.26 | &4 | 049 | &7 | 0.32
21 037 | 0.25 | D36 =7 | 0.25 028|026 | 042 052 |035| 053 (053|043 | 050|046 | 053|047 | &4 |052|039| 047 | 0562 | 22 | 0.28
22| 033 77| 0.40| 0.35 | 0.24 023| #£77 | 039| 0.26 | 0.30| 052 | 0.51 | 0.42 | 0.44 | 0.43 | 0.53 | 0.42 | #47 | 0.46 | 0.33 | 0.45 | 0.46 | 445 | 0.27
23| 027 | £47 | 0.26 | 0.35 | 0.24 022| #27 | 027 | & | 0.23| 043 | 046 | 0.29 | 0.40 | 0.45 | 0.55| 0.39 | #4% | 0.38 | 0.37 | 052 | 0.40 | 447 | 0.27
24| 026 | 47| 028 | £57)| 0.24 026 | 47 | &% | 67| 747|033 | 044 | 030|039 | 0.43| 052|037 | 447 | 0.33 | 035 | 427 | 0.47 | 445 | 0.33
25| 024 | 0.24 | 0.28 | 0.49 | 0.22 S| &5 &% | G4 | f65| 024 (050023 |0.38| 039 051|034 | 445 | 0.33 | 0.40 | 454 | 0.42 | 48 | 47
26) 026 | 74| 025|032 | 2% 023| #& |028| 033 | 74| 032|047 022| 0.31| 0.31| 0,40 | 0.27 | 247 | 0.36 | 0.42 | #17 | 0.38 | #4457 | 257
27| 025 | asF | &7 | faE | A58 026 | #4 |039| £ |0.30| 064 | 0.42| #% | 035|032 0.48| 0.27 | #47 | 0.24 | 0.35| 032 | 0.30 | #47 | 0.34
28] 022 | a8F| A | &7 & 028 | £ | #47 | &F | #47]| 024 | 042|027 | 039|038 | 046)] #57| 447 | 029|030 F47 | #7557 | 447 0.24
AVG| 045 | 044 | 056 | 050 | 0.41 033 ] 055 | 050 024 | 060 | 055 )| 062 ) 0.55 | 058 | 057 | OB5 | 0.58 | 001 | O65) 050 | 028 | 055 ( 050 ] 0.33

*early withdrawn sites not included in AVG in columns2rong correlations are green, weaker ones are red; bolded values have p<0.05,

italicized values are p>0.06=84 maximum.

8.6 SiteSpecific VL & Weekly Cases

As discussed iB.2 and8.4, weekly cases may provide a more practical, cumulative
interpretatiorof the imminent case correlatioBee Appendi8.6 By Site Viral Loads and
Weekly Cased\ote thatfour sites withdrew from the progragarly andare not included in the
averaged sites columrBolded values have p values under 0.05, while italicized values are

above 0.05. Stronger correlation coefficients are in green, weaker ones in red.
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Table 8.6.1Weekly Cases Correlation by Site and Day Shift

Weekly Cases Correlation Coefficient by Site
Day ShiftjAvG| 1 2 3 4 |5%] 6 7 3 9 10 11 12 13 14 ] 15 | 16 17 18 19 20 | 21% | 22% 23 24
-14] 0.45] 0.47 | 0.62 | 0.56 | 0.44 0.45 | 0.66 | 0.33 | 0.15 | 0.59 | 0.23 | 0.61| 0.49 | 0.49| 0.63| 0.80| 0.71 | 0.21 | 0.66 | 0.31| 0.34 | 0.57| 0.62 | 0.34

-13| 0.52]| 0.48 | 0.60 | 0.59 | 0.49 046 | 0.72 | 0.35| 0.15 | 0.64 | 0.27 | 0.63| 0.54 | 0.54| 0.67| 0.83| 0.73 | 0.24 | 0.69 | 0.36| 0.35 | 0.61| 0.67 | 0.35

-12] 0.55] 0.50 | 0.61 | 0.60 | 0.52 0.47 | 0.78 | 0.37 | 0.15 | 0.68 | 0.32 | 0.66| 0.59 | 0.58| 0.68| 0.85]| 0.75 | 0.25 | 0.72 | 0.40| 0.40 | 0.64| 0.72 | 0.35

-11] 0.58] 0.52 | 0.66 | 0.61 | 0.57 0.48 | 0.82 | 0.40| 0.20 | 0.71 | 0.36 | 0.69] 0.63 | 0.61| 0.71]| 0.85] 0.75 | 0.24 | 0.75 | 0.44| 0.33 | 0.66| 0.75 | 0.37

0.60] 0.53 | 0.70 | 0.64 | 0.59 0.50 | 0.85 | 0.42| 0.32 | 0.74 | 0.40 | 0.71| 0.68 | 0.63| 0.72| 0.85| 0.77 | 0.23 | 0.76 | 0.47| 0.37 | 0.68| 0.77 | 0.38
0.61] 0.55 | 0.74 | 0.63 | 0.60 0.50 | 0.86 | 0.44| 0.31 | 0.77 | 0.43 | 0.72| 0.71 | 0.65| 0.72| 0.85]| 0.78 | 0.23 | 0.77 | 0.48| 0.39 | 0.69| 0.78 | 0.39
0.62] 0.55 | 0.75 | 0.65 | 0.60 0.50| 0.87 | 0.49| 0.33 | 0.82 | 0.50 |0.723| 0.74 | 0.67| 0.72| 0.85| 0.77 | 0.06 | 0.79 | 0.51| 0.42 | 0.69| 0.79 | 0.39
0.64] 0.58 | 0.81 | 0.70 | 0.60 0.50 | 0.87 | 0.54| 0.36 | 0.85 | 0.55 | 0.76] 0.74 | 0.69| 0.72| 0.85]| 0.79 | 0.07 | 0.82 | 0.55| 0.41 | 0.70| 0.79 | 0.40
0.66] 0.60 | 0.85 | 0.69 | 0.62 0.49| 0.87 | 0.58 | 0.43 | 0.89 | 0.60 | 0.79] 0.74 | 0.73| 0.71| 0.83]| 0.79 | 0.06 | 0.84 | 0.61| 0.47 | 0.71] 0.80 | 0.41
0.68] 0.61 | 0.87 | 0.74 | 0.63 0.48 | 0.86 | 0.62| 0.44 | 0.91 | 0.66 | 0.80| 0.77 | 0.74| 0.71| 0.82]| 0.80 | 0.10 | 0.86 | 0.65| 0.45 | 0.71| 0.81 | 0.42
0.69] 0.61 | 0.86 | 0.71 | 0.64 0.47 | 0.85 | 0.65| 0.52 | 0.93 | 0.70 | 0.81| 0.78 | 0.75| 0.70| 0.79| 0.80 | 0.10 | 0.86 | 0.68| 0.47 | 0.70| 0.82 | 0.42
0.68| 0.60 | 0.86 | 0.71 | 0.63 0.45| 0.84 | 0.66 | 0.43 | 0.93 | 0.72 | 0.82| 0.79 | 0.76| 0.60| 0.78| 0.80 | 0.05 | 0.86 | 0.70| 0.52 | 0.70| 0.82 | 0.42
0.69] 0.59 | 0.85 | 0.71 | 0.63 0.45| 0.83 | 0.68| 0.48 | 0.94 | 0.73 | 0.81| 0.79 | 0.77| 0.70| 0.76| 0.78 | 0.05 | 0.86 | 0.72| 0.47 | 0.70| 0.83 | 0.41
0.68] 0.59 | 0.84 | 0.71 | 0.64 0.44| 0.80 | 0.70| 0.45 | 0.94 | 0.75 | 0.81] 0.80 | 0.77| 0.69]| 0.74]| 0.78 | 0.07 | 0.86 | 0.72| 0.43 | 0.70| 0.82 | 0.43
0.68] 0.61 | 0.81 | 0.71 | 0.63 0.42| 0.82 | 0.73 | 0.41 | 0.94 | 0.79 | 0.81| 0.79 | 0.77| 0.66| 0.72]| 0.76 | 0.05 | 0.85 | 0.72| 0.42 | 0.68| 0.82 | 0.41
0.67] 0.62 | 0.78 | 0.73 | 0.61 0.41| 0.79 | 0.75| 0.41 | 0.92 | 0.82 | 0.78| 0.79 | 0.78| 0.66| 0.71]| 0.75 | 0.04 | 0.84 | 0.73| 0.48 | 0.68| 0.81 | 0.39
0.66| 0.62 | 0.72 | 0.70 | 0.58 0.39| 0.75 | 0.75| 0.49 | 0.90 | 0.84 | 0.76| 0.77 | 0.77| 0.66| 0.69]| 0.75 | 0.01 | 0.83 | 0.74| 0.47 | 0.67| 0.78 | 0.39
0.64] 0.61 | 0.70 | 0.69 | 0.54 0.37 | 0.70 | 0.75| 0.40 | 0.88 | 0.85 | 0.74] 0.76 | 0.76| 0.64| 0.68| 0.74 | -0.01 | 0.82 | 0.74| 0.49 | 0.64| 0.74 | 0.39
0.63] 0.60 | 0.66 | 0.70 | 0.51 0.35| 0.66 | 0.74 | 0.42 | 0.86 | 0.85 | 0.72| 0.74 | 0.76| 0.63 | 0.66| 0.71 | -0.02 | 0.80 | 0.75| 0.46 | 0.64| 0.71 | 0.39
0.61] 0.59 | 0.66 | 0.67 | 0.51 0.35| 0.65 | 0.74 | 0.37 | 0.83 | 0.85 | 0.71| 0.71 | 0.75| 0.62| 0.66| 0.70 | -0.02 | 0.80 | 0.74| 0.47 | 0.64| 0.69 | 0.38
0.60] 0.59 | 0.62 | 0.65 | 0.49 0.33| 0.62 | 0.74 | 0.41 | 0.80 | 0.86 | 0.70| 0.69 | 0.74| 0.62| 0.64| 0.68 | -0.04 | 0.78 | 0.72| 0.44 | 0.67| 0.66 | 0.36
0.58] 0.54 | 0.63 | 0.67 | 0.46 0.30| 050 | 0.71| 0.43 | 0.76 | 0.84 | 0.70| 0.67 | 0.72| 0.64| 0.65| 0.67 | -0.05 | 0.76 | 0.66| 0.46 | 0.67| 0.56 | 0.35
0.56] 0.50 | 0.62 | 0.63 | 0.44 0.29 | 0.55 | 0.69 | 0.50 | 0.71 | 0.82 | 0.69| 0.66 | 0.69| 0.62| 0.65| 0.64 | -0.05 | 0.73 | 0.62| 0.48 | 0.65| 0.47 | 0.36
0.53] 0.47 | 0.58 | 0.65 | 0.41 0.28 | 0.51 | 0.67 | 0.44 | 0.65 | 0.80 | 0.66| 0.63 | 0.66| 0.61] 0.65| 0.61 | -0.05 | 0.69 | 0.59| 0.51 | 0.62| 0.39 | 0.36
0.50] 0.44 | 0.53 | 0.61 | 0.38 0.26 | 0.45 | 0.65 | 0.52 | 0.60 | 0.76 | 0.62| 0.59 | 0.65| 0.59| 0.64| 0.57 | -0.07 | 0.65 | 0.57| 0.48 | 0.60| 0.33 |0.34
0.48] 0.42 | 0.50 | 0.58 | 0.35 0.25| 0.42 | 0.63 | 0.59 | 0.57 | 0.74 | 0.60| 0.54 | 0.62| 0.58| 0.63| 0.55 | -0.08 | 0.61 | 0.54| 0.42 | 0.57| 0.28 | 0.33
0.47] 0.41 | 0.47 | 0.58 | 0.35 0.26 | 0.39 | 0.60 | 0.61 | 0.54 | 0.71 | 0.59| 0.51 | 0.60| 0.57| 0.61| 0.54 | -0.09 | 0.59 | 0.52| 0.44 | 0.56| 0.26 | 0.33
0.45]| 0.38 | 0.46 | 0.57 | 0.34 0.28 | 0.37 | 0.56 | 0.58 | 0.51 | 0.69 | 0.58] 0.48 | 0.59| 0.56| 0.62| 0.54 | -0.10 | 0.57 | 0.52| 0.43 | 0.56| 0.24 | 0.33

P AR N AP R ORGSR R ST - NPT NN

el =l
[T T =)

14| 0.44] 0.37 | 0.44 | 0.54 | 0.32 0.28 | 0.35 | 0.53 | 0.64 | 0.46 | 0.65 | 0.58| 0.48 | 0.57| 0.53| 0.62| 0.53 | -0.09 | 0.55 | 0.54| 0.47 | 0.56| 0.23 | 0.33
15| 0.42| 0.24 | 0.44 | 0.50 | 0.31 0.25| 0.21 | 0.48 | 0.55 | 0.41 | 0.61 | 0.57| 0.46 | 0.52| 0.52| 0.61| 0.51 | -0.08 | 0.52 | 0.50| 0.45 | 0.52| 0.18 | 0.32
16| 0.33] 0.29 | 0.40 | 0.44 | 0.30 0.26 | 0.27 | 0.43 | 0.50 | 0.36 | 0.56 | 0.55| 0.42 | 0.50| 0.49]| 0.60| 0.47 | -0.09 | 0.48 | 0.47| 0.46 | 0.52| 0.14 | 0.30
17| 0.35| 0.25 | 0.38 | 0.40 | 0.28 0.26 | 0.22 | 0.37 | 0.39 | 0.32 | 0.52 | 0.52| 0.38 | 0.48| 0.48| 0.58| 0.45 | -0.09 | 0.45 | 0.42| 0.44 | 0.50| 0.11 | 0.31
18] 0.33] 0.23 | 0.35 | 0.39 | 0.26 0.24| 0.1% | 0.33 | 0.35 | 0.28 | 0.48 | 0.52| 0.35 | 0.46| 0.46| 0.57| 0.42 | -0.09 | 0.42 | 0.38| 0.46 | 0.49| 0.05 | 0.29
18] 0.32| 0.21 | 0.33 | 0.37 | 0.25 0.24| 0.17 | 0.32| 0.35 | 0.27 | 0.47 | 0.50| 0.32 | 0.44| 0.44| 0.56| 0.40 | -0.08 | 0.41 | 0.38| 0.46 | 0.48| 0.07 | 0.29
20| 0.20] 0.19 | 0.21 | 0.37 | 0.24 0.24| 0.15 | 0.30 | 0.21 | 0.24 | 0.45 | 0.50| 0.20 | 0.42| 0.43| 0.55| 0.29 | -0.08 | 0.40 | 0.38| 0.47 | 0.47| 0.06 | 0.29
21| 0.28]| 0.16 | 0.29 | 0.37 | 0.21 0.24| 0.12 | 0.26 | 0.17 | 0.21 | 0.40 | 0.48| 0.29 | 0.41| 0.41| 0.53| 0.35 | -0.03 | 0.36 | 0.36| 0.40 | 0.42| 0.04 | 0.28
2210.251 0.14 | 0.26 | 0.35 | 0.18 0.24| 0.10 | 0.22 | 0.09 | 0.17 | 0.35 | 0.47| 0.26 | 0.37| 0.38| 0.52| 0.32 | -0.05 | 0.32 | 0.34| 0.28 | 0.41| 0.02 | 0.28

]
w

0.23] 0.11 | 0.25 ] 0.33 | 0.16 0.26 | 0.07 | 0.1 | 0.11 | 0.15 | 0.32 | 0.45| 0.24 | 0.34| 0.35| 0.52] 0.20 | -0.04 | 0.30 | 0.31| 0.23 | 0.40| 0.00 | 0.28
0.21) 0.09 | 0.22 | 0.29 | 0.14 0.24| 0.04 |0.18 | 0.11 | 0.13 | 0.29 | 0.43]| 0.20 | 0.33| 0.32| 0.50] 0.27 | -0.05 | 0.27 | 0.29| 0.15 | 0.36| -0.01 | 0.27
0.20] 0.06 | 0.20 | 0.25 | 0.11 0.23| 0.02 | 0.17 | 0.08 | 0.12 | 0.28 | 0.40| 0.18 | 0.30| 0.30| 0.49] 0.24 | -0.01 | 0.25 | 0.26| 0.20 | 0.36| -0.02 | 0.25
20| 0.18] 0.05 | 0.18 | 0.22 | 0.10 0.22| 0.01 |0.16 | 0.02 | 0.11 | 0.20 | 0.39]| 0.16 | 0.29| 0.29| 0.48] 0.23 | 0.00 | 0.24 | 0.25| 0.15 | 0.35| -0.02 | 0.26
27| 0.17| 0.05 | 0.17 | 0.20 | 0.09 0.22 | 0.00 | 0.14 | -0.02 | 0.09 | 0.23 |0.37]| 0.14 | 0.28] 0.27|0.46]| 0.22 | 0.01 | 0.23 | 0.23| 0.20 | 0.35| -0.04 | 0.24
28] 0.15] 0.03 | 0.16 | 0.20 | 0.07 0.19 | -0.02 | 0.12 | -0.05 | 0.07 | 0.21 ] 0.33] 0.13 | 0.25]0.23]0.45] 0.20 | 0.02 | 0.21 | 0.22]| 0.15 | 0.36] -0.05 | 0.24
A\J’GI 0.49] 0.41 ] 0.55] 0.55 | 0.41 0.34] 0.51 | 0.49] 0.35 | 0.59 | 0.57 | 0.63] 0.54 | 0.59] 0.57]0.67] 0.59 | 0.02 | 0.62 | 0.51| 0.40 | 0.58| 0.45 ] 0.34
*early withdrawn sites not included in AVG in columns2rong correlations are green, weaker ones are red; bolded values have p<0.05,

[
L2

italicized values are p>0.05. n=84 maximum.

As with the weekly and daily case correlation seen in previous sections, the main

difference between the two appears to be a general smoothing effect for the weekly cases.
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Chapter9: Hospitalizatiors Correlation

The VDH Public Use dataset described in Chapter 5 contains Virginia CO¥ ifase,
hospitalization, and death counts on a cumulative daily cadence. Daily and Weekly
hospitalization datasets are explored here in aggregate total, as well as by site #yd local
matched sets. The closest locality match to the respective SMP sites was selected fsit¢he by

analyses, as determined by SMP site zip code and VDH locality listing.

9.1 Weekly VL & Daily Hospitalizations (general)

In Chapter7, the aggregatedDH daily hospitalizationgountswerevisually exploredn
Figure 7.3.2Combining the SMP weekly viral load data with the VDH daily hospitalization data

yieldsFigure 9.1.1 below.

Aggregated VDH Daily Hospitalizations
and SMP Weekly Viral Loads Over Time

44444

:::::

Daily Hospitalizations
N ow s @

—— Dally Hospitalizations Weekly Vi

Figure 9.1.1Aggregated VDH daily hospitalization and SMP weekly viral loads over time, line ¢

Using the Excel CORREL functigiMicrosoft, 2023, correlation was explored between
the weekly viral loads andaily hospitalizationg-1 to +1 correlation). Additionally, the
hospitalizationsvere shifted betweeri4 days and +28 days, in order to explore if there were

leading indicator effects.
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The correlation between the SMP aggregated weekly viral [oe@®2)and daily
hospitalizationsvas 0551 at zero days shifp<0.001) as seen below imdicating aweak or
moderataelationship between aggregate Viral Loads and Dédgpitalizations Shifting the

days demonstratedsamilar correlation of approximatel§.7 between days3to-2 and +3 to +5

Table 9.1.1Aggregated weekly viral loads and daily hospitalizations correlation coefficients with day shifts

Day Correlation Aggregated VDH Daily Hospitalizations
Shift Coefficient and lS;\mv Weekly Viral Loads by Day Shift

-3 0.676 :

-2 0.734|

1 0.524| -

0 0551 ouwo .

1 0.595| .

2 0.549 . o

3 0.714 -

4 0740 " Daily Hospitalizations Day shifts

*n=82 (weekly aggregated samplesl) p values < .B, except for daysl4,-8, +16, +21 to +28day shifs

Figure 9.12 Aggregated weekly viral loads and daily hospitalizations correlation coefficients with day shifts, line gra

9.2 Weekly VL & WeeklyHospitalizationggeneral)

While using weekly viral loads and daipspitalizationgorrelation gives us a snapshot
moment of viral load anbospitalizationsit may be more practical to think bbspitalizationsn
weekly terms. Then one (e.g., a local district epidemiologist) may view avweeeldy viral load
value and ask how related the nex¢ e k s 6of vsprtatizationsill be. However, it should
still be noted that a weekly viral loadeghera grab or 24r composite sample, taken once a
week. It is itself a snapshot analysis aoanmunity andloes not represent an entire week of
testing. However, since vi rvalbblelcomastentamnal ysi s

throughout the week, a oneesekly viral load will have to suffice.

Aggregated SMP weekly viral loads and aggreg&tiedl hospitalizations as defined as

t he f ol |l owi n ghospitalidations vas expglared for carrklatidmelow in Figure
112
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9.2.1 Then aday shiftbetweeh 4 and +28 was applhospidlizatanhhangi ng

timeframe to an entire week before to dodwo weeks afterwardss seen below in Table 9.2.1

and Figure 9.2.2

Aggregated VDH Weekly Hospitalizations
and SMP Weekly Viral Loads Over Time

2500 4En14

356414
£ 2000
S 38414
g 1500 256414
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E
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eekly
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Figure 9.2.1Aggregated SMP weekly viral loads and weekly (next 7 days) hospitalizations ow:

Table 9.2.1Aggregated weekly viral loads and weekly hospitalizations correlation coefficients with day shifts

Day Correlation SMP Agreggated Weekly Vira Loads
Shift  Coefficient Cameation Coeffent by Day Shi
-6 0.719
-5 0.736| 5 . e el
-4 0.740( = . e
-3 0745 b oo i e e e e
-2 0.747| .
-1 0.736
0 0.732 LT
1 0.729

*n=82 (weekly aggregated samples) p values < .B, except for +16 to +28 day shifts
Figure 9.2.2aggregated weekly viral loads and weekly hospitalizations correlation coefficients with day shifts, lin

The findings above indicate that a viral load, analyzed and interpreted the same day, is
moderately tastrongly correlated to the followingdra y s 0 of Wospitdlizationgwith a
correlation coefficient of 032 p<0.00). Furthermore, a similar correlation coefficient is noted

for theweeks starting in the days surroundihg viral load sampig.

One could interpret this result to mean that therem®derate to strongelationship
between weekly viral loads and weeklyspitalizations e s p e c i al lhgspitalinationsh e

beginningup to 6 days before to 2 days afteor example, if a viral load sample were taken on
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the 1%" of the month, there ismoderatecorrelation to théospitalizationsanging in the days

from the 9" to the 2™,
9.3 Weekly VL & Daily Hospitalizationgby variant)

Several factors could be contributory to a dynamic relationship between VL and

hospitalization®ver time, to include:

1 Changing variants with different infectioplysiologicaleffects

1 Changing susceptibility within the host population (e.g., vaccination/exposure statuses,
deaths)

1 Case data collection changes (e.g., case definitionshtake tests)

1 WWS methodological changes (e.g., collection, courier, laboratory, analytic changes)

For this reason, the SMP aggregate weekly viral loads andhdepjitalizationsvere broken
up and analyzed by variant timelines, as dete

Dominance TimelineSeen below in Tables and Figures 9.3.1 to 9.3.5.

It is important to note here that daily case data does not smooth out natural variations found
in case reporting. For examplespitalizatiorreporting on the weekends may drop below work
week levels. Using a cumulative weekly summation, as seen in se®29B8s!, and8.6, will by

default smooth out work week fluctuations.
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Delta (9/4/21i 12/18/21)

Table 9.3.1Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts for
Delta variant

Day Correlation . SMP .Agrgggated Weekly ViraIL.oads B
Shift  Coefficient e ey s betavarant
21 0.576 L
22 0.780 .
23 0.762| .
24 0.805 "
25 0.868 gﬁ“‘ il il o ?D‘ 2 f+ 16 18 0 2 : % 28
26 0.830 .
27 0.638
28 0.683 o

Daily Hospitalizations Day shifts

*n=13 (weekly aggregated samples)l p values < .B, except for14to +17 and +19 to +2€@ay shifts

Figure 9.3.1Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts-
Delta variant, line graph

Omicron BA.1 (1/1/22i 3/12/22)

Table 9.3.2Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts for BA.1
variant

Day COrrel_aFlon and Daily j2:45:;i?:i:agt?grtidc\gjnet:h(fi:rlzl\aLt(i);r(jSCOefficient
Shift  Coefficient by Day Shift — BA.1 Variant
-4 0.835 Lo
-3 0.916 ¢
-2 0.937 o
-1 0.817| ¢ -
0 0.808| o
1 0.718 :3;14 12 ‘10 8 6 4 —_20‘2 [0} 2 4 [ 3 110 12 14 16 18 20
2 0.616 -
3 0.788 06
4 0.870 o
5 0.953 e Daily Hospitalizations Day Shifts
6 0.894

*n=10 (weekly aggregated samplea)l p values < .B, except for14,-12 to-10,-8, +2, +7 to +9, and +13 to +18, +20 to +28 day shifts

Figure 9.3.2Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts f
BA.1lvariant, line graph
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Omicron BA.2 (4/2/221 6/18/22)

Table 9.3.3Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts for BA.2
variant

SMP Ag

Day Correlation iy ottt
Shift Coefficient '

4 0.003
5 0.838
6
7

gated Weekly Viral Loads

0.119
-0.210 ‘.
8 -0.001 n | i

*n=11 (weekly aggregated samples)e onlyp values < .B include-13, +5, and +2@lay shifts

Figure 9.3.3Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts 1
BA.2variant, line graph

Omicron BA.5 (7/16/22i 12/10/22)

Table 9.3.4Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts for BA.5
variant

SMP Agreggated Weekly Viral Loads

Day Correlation B ety
Shift Coefficient

1 0.620

2 0.364

3 0.440 ‘

4 0.429 o

5 0.472 los

6 _O . 066 ™ Daily Hospitalizations Day Shifts

*n=21 (weekly aggregated samplea)l p values < .B except-14 to-12 and-10 to-5 day shifts

Figure 9.3.4Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts
BA.5 variant, line graph

Omicron XBB.1.5 (1/14/23' 4/1/23)

Table 9.3.5Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shifts for
XBB.1.5 variant

Day Correlation 0 Dl e ek Counts el coeficent
Shift  Coefficient

-1 -0.312 '™, r\:

0 0.269 ]

1 0.734

2 0.818 E

3 0.535

*n=11 (weekly aggregated samples); p values eX@®pt+9 to +10and +20 to +2&8ay shifs

Figure 9.3.5Aggregated weekly viral loads and daily hospitalizations correlation coefficient with day shift
XBB.1.5 variant, line graph



All Variants Summarized

Daily hospitalizationgseached their peak correlation with viral loads during-#he -2
day shift periodas well as the +3 to +6 day shift peried seen below in Table 9.3.6 (n=82)
The most correlated day was on +4 day shift, with a 0.740 correlation coeffi€@nd01)
Additionally, each variant visually demonstrated different peak periods and peak Dajts
(+18to +28 days period; +2 peak day), BA.1-@ to +6 days period; % peak day), BA.2r{o
discernable perigd5 peak day), BA.5r{o discernable perigod9 peak day), XBB.1.510

discernable perigd12 peak day).

Table 9.3.6Summarized weekly viral loads and daily hospitalizations correlation coefficient with day shifts for all
variants

Day Shift All Delta BA.1 BA.2 BA.5 XBB.1.5
-14 0.098 -0.706 0.303 0.295 0.321 0.117
-13 0.338 -0.491 0.663 0.696 0.160 0.841
-12 0.270 -0.468 0.499 0.315 0.306 0.860
-11 0.326 -0.480 0.600 0.136 0.205 0.821
-10 0.453 -0.469 0.632 0.565 0.226 0.654

-9 0.499 -0.308 0.727 0.149 0.406 0.587
-8 0.188 -0.466 0.528 0.167 -0.191 -0.398
-7 0.412 -0.367 0.745 0.005 0.386 0.066
-6 0.521 -0.317 0.812 0.596 0.398 0.707
-5 0.471 -0.228 0.672 0.051 0.324 0.780
-4 0.625 -0.281 0.835 0.076 0.333 0.816
-3 0.676 -0.274 0.916 0.102 0.046 0.484
-2 0.734 -0.460 0.937 0.422 0.387 -0.242
-1 0.524 -0.306 0.817 0.217 -0.010 -0.312

0 0.551 -0.110 0.808 0.321 0.197 0.269

1 0.595 -0.321 0.718 0.258 0.620 0.734

2 0.549 -0.290 0.616 0.109 0.364 0.818

3 0.714 -0.391 0.788 0.155 0.440 0.535

4 0.740 -0.130 0.870 0.003 0.429 0.301

5 0.712 -0.691 0.953 0.838 0.472 -0.278

6 0.626 -0.479 0.894 0.119 -0.066 -0.355

7 0.467 -0.226 0.526 -0.210 0.182 0.340

8 0.460 -0.392 0.615 -0.001 0.342 0.654

9 0.475 -0.369 0.432 0.057 0.761 0.739
10 0.597 -0.299 0.709 -0.013 0.340 0.497
11 0.562 0.235 0.652 -0.097 0.388 0.127
12 0.488 -0.171 0.912 0.309 0.423 -0.162
13 0.478 -0.355 0.621 0.204 -0.138 -0.274
14 0.278 -0.029 0.291 -0.470 0.190 0.265
15 0.320 0.348 0.350 -0.165 0.475 0.710
16 0.212 0.271 0.078 -0.186 0.591 0.194
17 0.340 0.348 0.288 -0.143 0.490 0.471
18 0.321 0.684 0.416 -0.259 0.284 0.547
19 0.260 0.524 0.860 0.508 0.693 -0.057
20 0.288 0.339 0.369 0.408 -0.240 -0.350
21 0.004 0.576 -0.354 -0.445 0.296 0.297
22 0.125 0.780 -0.159 -0.412 0.299 0.680
23 -0.144 0.762 -0.597 -0.112 0.512 0.698
24 0.043 0.805 -0.401 -0.488 0.516 0.416
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25 0.084 0.868 -0.072 -0.441 0.325 0.278

26 0.129 0.830 0.624 0.790 0.625 -0.293
27 0.140 0.638 0.523 0.284 -0.160 -0.422
28 -0.072 0.683 -0.725 -0.496 0.226 0.132

*Strong correlations are green, weaker ones are red. Bolded values have p<0.05, italicized values are p>0.05.

9.4 Weekly VL & WeeklyHospitalizationgby variant)

In the same way that secti8r® reassessed daitpspitalizationforawe e k 6 s t i me

section will reassess 3 6 s weRlWRospitalizations by variamb the following Tables and

Figures 9.4.1 9.4.5

Delta (9/4/21i 12/18/21)

Table 9.4.1Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for Delta variant

Day Correlation

Shift___Coeffcient et i oo

18 0757 Coefficient by Day Shift -- Delta Variant

19 0.833

20 0.831 -

21 0.860

22 0.865 Jewowos e a EEEEEEEEE
23 0.868 -

24 0.853 e

25 0.852 " Daily Hospitalizations Day Shifts

*n=13 (weekly aggregated samplep)values < .Bincluded+15 to +28 day shifts

Figure 9.4.1Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for Delta variant, i

Omicron BA.1 (1/1/22i 3/12/22)

Table 9.4.2Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.1 variant

Day Correlation SMP Agkrleggatec_j vl\{eegly Viral Lolad‘s and
Shift  Coefficient Conficiunt by Doy Shie - B 1 Variont

-9 0.896 :':

-8 0.909 §

-7 0.927

-6 0.921 .

-5 0.921 Jroeomor st g0t b B
-4 0.902 ’ o

-3 0.887

-2 0.880 e Daily Cases Day Shifts

*n=10 (weekly aggregated samplea)l p values < .B, except for 9 to +28 day shifts

Figure 9.4.2Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.1 variant, line
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Omicron BA.2 (4/2/221 6/18/22)

Table 9.4.3Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.2 variant
Day Correlation
Shift  Coefficient

-14 0.644 SMP Agreggated Weekly Viral Loads and
13 0.622 Cothient iy Day Shit - 84,3 varan
-12 0.534 0

-11 0.529

-10 0.299

-9 0.325

-8 0.334 -

7 0.465 AR P S B e s M
-6 0.368 2 04

-5 0.365 jae

-4 0.353 o

-3 0.300 -0 Daily Cases Day Shifts

*n=11 (weekly aggregated sampleshly p values< .05 included-14to -13 day shifts
Figure 9.43 Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.2 variant, line «
Omicron BA.5 (7/16/22i 12/10/22)

Table 9.4.4Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.5 variant

Day Correlation SMP Agreggated Weekly Viral Loads and
Shift  Coefficient Coutncnt by Day it ALE it
21 0.556 N
22 0.543 / J;m s ettt FZasaN
23 0.627 .f*"‘ e ani
24 0.694 u‘
25 0.707 ’ i G A VR S
26 0.703 i
27 0.677 .
28 0.520 ¥ Daily Hospialztions Doy Shits

*n=21 (weekly aggregated sampleshly p values< .05 included-11 and-4 to +28 day shifts
Figure 9.4.4Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for BA.5 variant, line

Omicron XBB.1.5 (1/14/23 4/1/23)

Table 9.4.5Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for XBB.1.5 variant

Day Correlation SMP Agreggated Weekly Viral Loads and
Shift Coefficient Weekly Hospitalizations Correlation
Coefficient by Day Shift -- XBB.1.5 Variant
-8 0.674 10
-7 0.803 o
-6 0.808|
-5 0795| -
-4 0.743 U o
_3 0756 %14 12 10 8 &5 -4 ?0‘2 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
2 0.758| ¢
-1 0.783 = fos
0 0.770 ™
1 0.743 " Daily Hospitalizations Day shifts

Figure 9.4.5Aggregated weekly viral loads and weekly hospitalizations correlation coefficient with day shifts for XBB.1.5 variant,
graph
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All Variants Summarized

Weeklyhospitalizationseached their peak correlation with viral loads during- ti®
+3 day shift period, and specifically on ti&peak dayas seen below in Table 9.4.5
Additionally, each variant visually demonstrated different peak periods and peak Dajts
(+19 to +26 days period; 23 peak day), BA.1-0 to -3 days period:7 peak day), BA.2-(4 to-
11days;-14 peak day), BA.5 (23to +27 days; 25 peak day)andXBB.1.5 (-14to +1 days;-
14 peak day)Weeklyhospitalizationsre defined as the VDH SARSoV-2 aggregated

hospitalizationg£ount summation of the-@ay period, beginning on the noted shift day.

Table 9.4.6Weekly hospitalizations correlation coefficient by variant

Weekly Hospitalizations Correlation Coefficient by Variant
Day Shift All Delta BA.1 BA.2 BA.5 XBB.1.5
-14 0.425 -0.522 0.703 0.644 0.307 0.811
-13 0.468 -0.492 0.748 0.622 0.372 0.743
-12 0.508 -0.442 0.790 0.534 0.386 0.708
-11 0.547 -0.411 0.815 0.529 0.437 0.701
-10 0.580 -0.373 0.850 0.299 0.387 0.686
-9 0.632 -0.436 0.896 0.325 0.387 0.638
E 0.654 -0.423 0.909 0.334 0.416 0.674
7 0.689 -0.321 0.927 0.465 0.334 0.803
6 0.719 -0.328 0.921 0.368 0.412 0.808
5 0.736 -0.325 0.921 0.365 0.417 0.795
4 0.740 -0.328 0.902 0.353 0.471 0.743
3 0.745 -0.307 0.887 0.300 0.560 0.756
2 0.747 -0.367 0.880 0.326 0.569 0.758
1 0.736 -0.390 0.860 0.312 0.556 0.783
0 0.732 -0.474 0.862 0.184 0.516 0.770
1 0.729 -0.527 0.847 0.100 0.497 0.743
2 0.718 -0.540 0.844 0.086 0.603 0.648
3 0.687 -0.479 0.818 0.033 0.602 0.634
4 0.653 -0.428 0.775 -0.001 0.575 0.641
5 0.610 -0.364 0.736 -0.037 0.571 0.688
6 0.579 -0.292 0.701 -0.008 0.565 0.722
7 0.550 -0.264 0.720 -0.086 0.522 0.705
8 0.541 -0.050 0.684 -0.150 0.588 0.724
9 0.495 0.064 0.628 -0.211 0.563 0.567
10 0.448 0.160 0.533 -0.247 0.607 0.487
11 0.402 0.245 0.478 -0.253 0.576 0.609
12 0.359 0.376 0.422 -0.246 0.604 0.626
13 0.331 0.440 0.374 -0.230 0.590 0.612
14 0.291 0.502 0.296 -0.264 0.593 0.653
15 0.266 0.617 0.201 -0.367 0.587 0.638
16 0.201 0.677 -0.063 -0.333 0.590 0.723
17 0.152 0.725 -0.215 -0.407 0.623 0.664
18 0.111 0.757 -0.288 -0.409 0.629 0.640
19 0.085 0.833 -0.344 -0.375 0.618 0.604
20 0.058 0.831 -0.346 -0.403 0.585 0.569
21 0.045 0.860 -0.474 -0.467 0.556 0.492
22 0.006 0.865 -0.647 -0.570 0.543 0.409
23 -0.027 0.868 -0.804 -0.650 0.627 0.276
24 -0.057 0.853 -0.828 -0.658 0.694 0.254
25 -0.084 0.852 -0.862 -0.592 0.707 0.369
26 -0.111 0.825 -0.877 -0.613 0.703 0.360
27 -0.120 0.799 -0.880 -0.625 0.677 0.398
28 -0.129 0.792 -0.879 -0.635 0.520 0.423

*Strong correlations are green, weaker ones are red. Bolded values have p<0.05, italicized values are p>0.05.
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9.5 SiteSpecific VL & Daily Hospitalizations

Chapter 3 discussed inherent variability in any WWS system. VDH WWS offers a unique

opportunity, in that the SMP:

1 uses a single laboratory for all shipping and analysis (removinglato@satory
variability)
1 has been supported by CDC NWSS, financially and with good practice guidance
1 has a wide network of participating utility partners, geographically covering much of
Virginia
1 has been collecting data with minimal changes to methodology/analysis for over 2 years
1 has a topotch Data Manager

While these factors are excellent for maintaining a proper dataset oveth@ayelonot
eliminate the core differences between the utility sites themselves. Each wastewater system is
subject to different infrastructure, geography, population, and commercial factors which affect
the time and degradation of viral particles across distanddime. It is for this reason that

caution is heavily applied when discussing options for comparing sites.

Each SMP site was analyzed $P viral load andvDH hospitalizationglatasetsas seen
below in Table %.1. See Appendi®.5 By Site Viral Loads and DailospitalizationsBolded
values have p values under 0.05, while italicized values are above 0.05. Stronger correlation

coefficients are in green, weaker ones in red.

121



Table 95.1 By Site VL- Daily Hospitalizations Correlation Coefficient with Day Shifts

Daily Hospitalization Correlation Coefficient by Site

Day|
shift] AVG 1 2 3 4 |51 6 7 8 9 10 | 11 ] 12 | 13 | 14 [ 15 | 16 | 17 | 18 | 19 20 21 21 23] 24
-14) 0.03 |0.17]0.17 | 0.05 |-0.16| |0.11 ] 0.39 |-0.40|-0.03|-0.02]-0.01|-0.13|-0.02| 0.14 | 0.24 | 0.11 (-0.01]-0.10|-0.02| ERROR | 0.00 |-0.19] 0.24] 0.22
-13] 0.03 | 0.15|0.13 |-0.25| 0.02 -0.05| 0.15 | 0.16 |-0.09|-0.08|-0.16] 0.17 | 0.07 | 0.24 | 0.17 |-0.11| 0.04 |-0.10| 0.02 | -0.08 0.22 |0.03]0.03|-0.10
-12| 0.10 | 0.52| 0.38 | 0.05 | -0.06 0.15 | 0.39 | 0.32 | 0.06 | 0.31 |-0.43]| -0.02| 0.08 | 0.16 | 0.19 |-0.15|-0.03|-0.05]| 0.08 | 0.49 -0.07 |-0.03| 0.14 |-0.17
-11 012 | 0.19) 0.29 | 0.02 | 0.16 0.20 | 0.52 | 0.05 |-0.07| 0.12 | 0.11 | 0.09 | 0.17 |-0.05]| 0.32 | 0.05 | -0.04| 0.24 | -0.08| 0.15 0,12 |-0.09| 0.20 |-0.05
-10 0.10 |0.12]0.00]-0.09| 0.12 -0.01] 0.60 | 0.18 | 0.14 | 0.17 | 0.12 | 0.13 |-0.01]|-0.12| 0.39 |-0.01|-0.08| 0.02 | 0.00 | 0.15 0.14 |0.11|0.15[-0.02
-9| 0.05 |-0.04]| 0.22]-0.08|-0.05| |0.04|0.57|0.22]|0.10 | 0.03 | 0.15 |-0.01] 0.09 |-0.01| 0.11 |-0.05|-0.01|-0.05]|-0.05| -0.01 | -0.04 |0.05]0.14 |-0.11
-8 0.16 |0.41]0.35| 0.23 |-0.09 0.18 | 0.70 ( 0.24 | 0.01 | 0.33 | 0.02 | -0.03]| 0.13 | 0.09 | 0.44 | -0.10| 0.02 |-0.05]| 0.22 | 0.01 |ERROR |-0.04]| 0.33 | 0.05
-7 012 | 0.26)0.10 | 0.37 |-0.08| |-0.07] 0.71 | 0.19 | 0.15 | 0.05 |-0.01|-0.03| 0.14 | 0.21 | 0.52 | -0.05| 0.12 |-0.07|-0.04| ERROR | 0.05 |-0.13]| 0.21 |-0.02
-6| 0.13 | 0.28| 0.28 | 0.00 | 0.14 0.02]1054]0.26|0.06|0.50|020|016|0.01|0.12|0.35|-0.17| 0.04 |-0.02] 0.05| 0.10 -0.01 |0.14 | 0.03 |-0.06
-5| 0.14 | 0.37]|0.37| 0.31 |-0.08 0.18 | 0.77 | 0.12 | 0.00 | 0.33 | 0.06 | 0.14 |-0.02| 0.09 | 0.46 |-0.11|-0.10]-0.01]| 0.16 | 0.08 -0.11 |-0.02] 0.21 |-0.05
-4 0.13 |-0.01]0.21| 0.10 | 0.15 0.19|0.73 (0.12 | 040|0.08 |0.14 | 0.21 |0.01 |0.03 |0.38 |0.12 |-0.09|-0.03]| 0.02 | 0.14 -0.03 |-0.03| 0.28 |-0.10
-3 015 |0.12]0.16 | 0.09 | 0.15 0.06 | 0.80 | 0.30 |-0.01| 0.61 | 0.24| 0.20 | 0.24 | 0.03 | 0.30 | 0.07 |-0.02|-0.02| 0.00 | -0.05 | -0.08 |0.10|0.17 |-0.06
-2 012 |0.14]0.19|-0.01| 0.06 0.13 | 0.74 | 0.35 | 0.07 | 0.63 | 0.32 | 0.01 |-0.04| 0.03 | 0.20 |-0.04|-0.08]| 0.01 | 0.02 | -0.10 0.08 |0.0%|-0.02]|0.02
-1 015 |0.09]0.20 | 0.53 | -0.07 0.15 | 0.81 | 0.18 | 0.02 |-0.02| 0.17 |-0.08| 0.14 | 0.22 | 0.32 |-0.07| 0.06 |-0.06| 0.13 | 0.08 | ERROR|0.00 | 0.53 | 0.05
0| 018 |0.30|0.28]| 0.37 |-0.02| |0.04]|0.70|0.12| 0.30| 0.33 | 0.27 |-0.09] 0.27 | 0.24 | 0.69 |-0.02| 0.21 | 0.12 |-0.15| ERROR | -0.18 |-0.02| 0.22 | 0.09
1| 0.17 | 0.37|0.06 |-0.04 |-0.04 0.16 | 0.7 | 0.57 | 0.20 | 0.61 | 0.15 | 0.31 | 0.07 | 0.22 | 0.20 |-0.04|-0.06]| 0.11 |-0.03| 0.25 -0.04 |0.15|0.07 |-0.02
2] 012 |0.33|039| 0.14 |-0.20 -0.02| 0.60 | 0.28 |-0.20| 0.56 | 0.16 | 0.22 | 0.00 |-0.03| 0.43 |-0.10|-0.06|-0.05| 0.18 | -0.02 -0.04 |0.03|0.16 |-0.09
3| 014 |01g8|0.22|-0.12] 019 0.07 | 0.67 | 0.14 | 0.15 | 0.37 | 0.42 | 0.20 |-0.01| 0.14 | 0.35 | 0.11 |-0.07|-0.04| 0.04 | -0.04 0.24 |-0.20]0.22 | 0.02
4] 0.13 |0.30|-0.02|-0.21] 0.01 0.15| 0.50 | 0.22 |-0.05| 0.84 | 0.32| 0.20 | 0.26 | 0.05 | 0.55 | 0.14 | 0.00 |-0.02|-0.07| -0.02 -0.17 |-0.11]| 0.13 |-0.02
5| 016 |0.11|0.38|-0.11]|-0.08| |0.08|0.70|0.71| 0.50| 0.73 | 0.42|-0.02| 0.21 | 0.02 | 0.01 |-0.12|-0.12|-0.05| 0.03 | 0.02 0.06 |-0.01]|-0.04|0.15
6] 0.21 |0.15| 043 0.22 |-0.12| |-0.05| 0.54|0.16 | 0.61|0.21|0.13]|0.12|0.05|0.30|0.47|-0.01|0.07 |-0.06] 0.40| 0.39 | ERROR |-0.01| 0.66 |-0.02
7] 021 |0.17)|0.05]| 0.49 | 0.07 -0.04| 0.68 | 0.53 | 0.20 | 0.76 | 0.50 |-0.08)| 0.24 ]| 0.14 | 0.50 | -0.08| 0.0% |-0.08|-0.03| ERROR | 0.0 |0.04 | 0.27]|0.17
8 011 |0.21]0.16|-0.06|-0.11 011|056 0.29)0.04|0.20|0.21]0.36|0.00|0.22 | 0.40 |-0.12|-0.04] 0.11 | 0.03 | 0.01 -0.01 |-0.02| 0.07 | 0.00
9] 013 |0.46]0.12 | 0.51 |-0.10 0.17| 046 0.31]|0.26| 0.46 | 0.02 | 0.16 | 0.06 |-0.09| 0.22 |-0.12|-0.07| 0.19 | 0.04 | 0.02 -0.18 |-0.10] 0.15 | 0.08
10| 0.16 |0.30]|0.28| 0.27 | 0.15 0.24|1 039 (023|019 057|031 0.15 |-0.05]| 0.27 | 0.35 | 0.09 | 0.02 |-0.02|-0.02| 0.08 -0.06 |-0.12| 0.23 |-0.06
11 0412 |016|0.17 |-0.06|-0.02 0.06 | 0.23 | 0.29 |-0.03]| 0.62 | 0.41 | -0.05| 0.38 | 0.03 | 0.52 | 0.03 |-0.04]| 0.02 | 0.02 | -0.02 -0.11 |-0.08| 0.13 | 0.09
12| 012 |0.11)]0.26 |-0.16]-0.02 0.14 | 0.40 ( 0.47 | 0.21 | 0.40 | 0.59 | -0.11| 0.01 | 0.09 | 0.08 |-0.11|-0.08|-0.04]| 0.09 | 0.24 0.27 |-0.10] 0.03 |-0.01
13| 0.21 |0.23|0.18| 0.38 | -0.09 0.22|0.34(0.22|0.328| 0.27 | 0.28 | 0.29 | 0.16 | 0.27 | 0.48 |-0.05]| 0.22 | 0.00 | 0.23 | 0.12 | ERROR|0.06 | 0.32 | 0.06
14] 021 |0.26]|0.10| 0.43 | 0.06 | |0.05|0.36|0.33 ] 0.36] 0.16 | 0.76 | -0.02]| 0.31 | 0.14 | 0.43 |-0.02| 0.04 | 0.05 |-0.04]| -0.05 | 0.28 |0.10| 0.35] 0.25
15| 0.11 |0.33|0.15|-0.03|-0.09 024|031 (021]031|0.26|0.34| 0.26 |0.03|0.13 | 0.44 |-0.08| 0.04 |-0.11|-0.11| -0.05 | -0.10 | 0.06 | 0.06 |-0.05
16| 0.07 |0.23|0.11]0.18 |-0.13 0.21)10.21|0.05]|022]0.22|014|0.18 |0.02 |-0.05( 0.14 |-0.11| 0.05 |-0.09|-0.03]| 0.14 -0.01 |-0.12| 0.04 | 0.03
17| 0.09 |0.18)|0.29|-0.04 | 0.02 0.05)|0.23 ( 0.28 | 0.10 | 0.35 | 0.05 | 0.12 | 0.04 | 0.37 | 0.12 |-0.01|-0.04|-0.02]| 0.03 | 0.20 -0.21 |-0.18]| 0.07 | 0.02
18] 0.06 |0.16]|0.09 |-0.05]| 0.07 0.10| 0.05 | 0.14 |-0.04| 0.24 | 0.08 | 0.18 | 0.18 |-0.02| 0.36 | 0.21 |-0.12|-0.27|-0.02| -0.01 -0.12 |-0.12] 0.07 | 0.07
19| 0.10 |0.18]0.43|-0.01]-0.01 0.14)0.18 | 0.09|0.30| 0.17 | 0.40] 0.01 | 0.16 | 0.00 | -0.06|-0.11)| 0.07 | 0.27 | 0.02 | 0.17 0.03 |-0.04| 0.00 |-0.07
201 0,09 |001|0.13]0.34]-0.05 0.26| 0.11 (0.01 |-0.05] 0.15 | 0.68 | -0.10| 0.05 | 0.21 | 0.11 |-0.04|-0.06]-0.07|-0.03| 0.00 |ERROR|0.1%9|0.20 |-0.05
21| 0.20 |0.15 | 0.34| 0.47 | 0.03 0.07]0.21(0.31]0.75]0.01|0.70|-0.07|0.14 | 0.14 | 0.22 | 0.01 | 0.12 |-0.06|-0.07| ERROR| 0.32 |0.22 | 0.30|0.13
22| 0,07 |0.22|-0.10| 0.06 |-0.12 0.16 | 0.02 | 0.27 | 0.42| 0.02 | 0.23 | 0.26 | 0.10 | 0.10 | 0.34 |-0.02| 0.01 |-0.08]|-0.04| 0.02 -0.12 |-0.19] 0.05 | 0.01
23| 007 |0.17]|0.14 | 0.14 |-0.11 0.47 | 0.12 (0.02 | 0.34|-0.05| 0.34] 0.36 | 0.03 |-0.13| 0.05 |-0.15] 0.01 |-0.02|-0.04| 0.11 -0.02 |-0.02|-0.14] 0.07
24] 0.06 |0.16]|0.06 | 0.30 |-0.02| |0.00|0.11)|0.04|0.04|-0.21]-0.12] 0.23 | 0.01 | 0.32] 0.23 |-0.03| 0.02 |-0.02] 0.05 | 0.03 0.31 |-0.11|-0.06| 0.04
25| 0.02 | 0.26|0.18 | 0.07 | 0.03 0.10 |-0.01(-0.07] 0.11 |-0.02|-0.11] 0.18 | 0.13 |-0.02| 0.07 | 0.15 |-0.13|-0.01|-0.14| -0.04 -0.01 |-0.28] 0.02 |-0.01
26] 0.03 |0.11]|0.21]-0.01] 0.03 0.17 ] 0.05 | 0.00 | 0.22 |-0.15|-0.07|-0.05| 0.02 |-0.08| 0.04 |-0.04| 0.10 |-0.03] 0.07 | -0.01 0.30 |-0.21] 0.02 |-0.04
27| 0,05 |012]|006] 0.13 |-0.11 -0.02| 0.02 | 0.06 |-0.07| 0.07 | 0.54 | 0.20 | 0.02 | 0.00 | 0.12 | 0.01 |-0.12| 0.01 | 0.18 | 0.02 |ERROR|-0.07|-0.01]|-0.07

28] 0.10 |-0.08]| 0.28 | 0.17 | 0.04 0.20 | 0.05 | 0.19 | 0.18 |-0.17] 0.60 | 0.20 |-0.06] 0.06 | 0.24 |-0.01| 0.26 |-0.12| 0.13 | ERROR | -0.13 | 0.12 |-0.07] 0.02
A\J’GI 0.12 | 0.20] 0.20] 0.12 | -0.01 0.11)042|0.20]|0.16] 0.26 ] 0.23] 0.11} 0.09 | 0.10 ] 0.29 | -0.03| 0.00 | -0.02] 0.03 | 0.07 0.02 |-0.08] 0.15] 0.01

*early withdrawn sites not included in AVG in columns2rong correlations are green, weaker ones are red; bolded values have p<0.05,

italicized values are p>0.05. n=84 maximuBRROR values are division by zero errors.

In situations where an entire day shift has zero associated daily hospitalizations, the

correlation reads as a divisible by zero error. This affected two of the sites

122



9.6 SiteSpecific VL & WeeklyHospitalizations

As discussed i8.2 and9.4, weeklyhospitalizationsnay provide a more practical,
cumulative interpretation on the immindraspitalizatiorcorrelation as seen below in Table

9.6.1 See Appendi®.6 for By Site Viral Loads and WeekWlospitalizations

Table 96.1 By Site VL- WeeklyHospitalizations Correlation Coefficient with Day Shifts

Daily Hospitalizations Correlation Coefficient by Site
Day Shift|AVG| 1 2 3 4 |5] & 7 8 9 10 | 11 | 12 | 13 | 14 | 15 16 17 18 19 | 20 21 22 23 24

-14]0.151 0.36 | 0.41 | -0.04 | 0.08 0.18 | 0.58 | 0.26 | 0.07 | 0.20 |-0.09]| 0.14 | 0.19 | 0.21 | 0.47 | -0.17 | -0.02 | -0.02 | 0.01 | 0.29 | 0.18 | 0.00 | 0.20 |-0.13

-13]0.17] 0.37 | 0.45 | 0.05 | 0.12 0.18 | 0.62 | 0.27 |0.12 (0.33 | 0.03 | 0.12 | 0.19 | 0.15 | 0.49 | -0.20 | -0.01 | 0.01 | 0.01 | 0.40| 0.06 | 0.04 | 0.19 |-0.11

-12|0.17] 0.35 | 0.44 | 0.12 | 0.12 0.17 | 0.70 | 0.24 |0.10 [0.34 | 0.15 | 0.16 | 0.15 | 0.13 | 0.55 | -0.19 | -0.04 | 0.02 | 0.04 |0.21 | 0.04 | 0.05 | 0.20 |-0.08

-11]0.15] 0.31 | 0.43 | 0.14 | 0.12 0.20 | 0.73 | 0.27 | 0.24 (0.33 | 0.17 | 0.23 | 0.09 | 0.17 | 0.58 | -0.14 | -0.06 | -0.06 | 0.07 | 0.17 | 0.00 | 0.08 | 0.20 |-0.09

-100.201 0.31 | 0.47 | 0.19 | 0.14 0.22| 0.77 | 0.29 |0.21 | 0.41 ]| 0.21| 0.27 | 0.16 | 0.26 | 0.57 | -0.10 | -0.04 | -0.08 | 0.08 | 0.11 |-0.07 | 0.07 | 0.22 |-0.10
9]0.22| 0.36 | 0.46 | 0.23 | 0.17 0.24| 0.80 | 0.32 |0.21 | 0.56 | 0.26 | 0.27 | 0.12 | 0.27 | 0.61 | -0.11 | -0.08 | -0.07 | 0.13 | 0.08 | -0.06 | 0.08 | 0.19 | -0.08
8|0.21/ 0.29 | 0.40 | 0.26 | 0.18 0.24 | 0.82 | 0.31 |0.22 |0.52 |0.28 | 0.26 | 0.13 | 0.31 | 0.59 | -0.09 | -0.05 | -0.07 | 0.12 | 0.09 | -0.06 | 0.08 | 0.20 |-0.07
7|0.23] 0.30 | 0.45 | 0.26 | 0.19 0.26 | 0.82 | 0.29 | 0.29 | 0.56 | 0.34 | 0.26 | 0.15 | 0.32 | 0.61 | -0.09 | -0.03 | 0.02 | 0.10 |0.09 |-0.11 | 0.11 | 0.20 |-0.08
6]0.241 0.31 ) 0.41 | 0.24 | 0.11 0.30| 0.83 | 0.33 | 0.32 | 0.61 | 0.32 | 0.28 | 0.16 | 0.31 | 0.56 | -0.01 | -0.07 | 0.06 | 0.06 |0.19 |-0.15 | 0.11 | 0.22 |-0.05
5|0.23] 0.31 ] 0.41 | 0.20 | 0.08 0.22 | 0.80 | 0.36 | 0.27 | 0.63 | 0.31 | 0.30 | 0.16 | 0.27 | 0.54 | -0.01 | -0.06 | 0.06 | 0.068 |0.16 | -0.10 | 0.14 | 0.21 | -0.05
4]0.23] 0.37 | 0.42 | 0.11 | 0.10 0.21 | 0.80 | 0.37 |0.18 [ 0.86 | 0.40 | 0.32 | 0.16 | 0.34 | 0.56 | -0.02 | -0.05 | 0.06 | 0.07 | 0.07 | -0.04 | 0.09 | 0.20 (-0.03
3|0.23] 0.42 | 0.39 | 0.01 | 0.03 0.25| 0.76 | 0.34 |0.18 | 0.73 | 0.44 | 0.34 | 0.17 | 0.40 | 0.62 | 0.01 |-0.05 | 0.06 | 0.04 |0.08 |-0.06 | -0.01 | 0.20 |-0.02
2|0.24] 0.40 | 0.45 | -0.02 | -0.02 0.23| 0.74 | 0.43 | 0.24 | 0.77 | 0.50 | 0.33 | 0.23 | 0.40 | 0.57 | -0.02 | -0.06 | 0.05 | 0.05 | 0.13 | -0.07 | -0.04 | 0.19 | 0.02
-1/0.25] 0.40 | 0.48 | -0.05 | -0.03 0.20 | 0.70 | 0.44 | 0.34 |0.75 | 0.48 | 0.38 | 0.21 | 0.43 | 0.61 | -0.01 | -0.06 | 0.05 | 0.09 | 0.19 |-0.07 | -0.04 | 0.20 | 0.01
0]0.25] 0.39 | 0.46 | -0.03 | 0.00 0.19 | 0.71 | 0.50 | 0.30 | 0.77 | 0.53 | 0.38 | 0.20 | 0.41 ] 0.54 | -0.02 | -0.09 | -0.05 | 0.11 | 0.19 | -0.01 | -0.02 | 0.20 | 0.01
1
2
3
4
5
6
7
8
9

0.22]| 0.33 | 0.47 | -0.04 | -0.03 0.15 | 0.66 | 0.46 | 0.26 [ 0.74 | 0.55 | 0.35 | 0.19 | 0.36 | 0.57 | -0.07 | -0.07 | -0.05 | 0.13 | 0.06 | 0.00 |-0.10 | 0.19 | 0.02
0.23]| 0.37 | 0.39 | 0.05 |-0.01 0.21 | 0.63 | 0.48 | 0.37 [0.72 | 0.51 | 0.33 | 0.21 | 0.33 | 0.51 | -0.08 | -0.08 | 0.03 | 0.08 | 0.08 | -0.05 | -0.14 | 0.19 | 0.06
0.24] 0.42 | 0.40 | 0.20 (-0.03 0.30| 0.60 | 0.51 | 0.36 | 0.74 | 0.48 | 0.33 | 0.20 | 0.41 | 0.53 | -0.08 | -0.04 | 0.03 | 0.05 | 0.11|-0.12 |-0.13 | 0.19 | 0.04
0.24] 0.38 | 0.46 | 0.25 (-0.04 0.26 | 0.56 | 0.50 | 0.37 | 0.71 | 0.53 | 0.26 | 0.22 | 0.46 | 0.53 | -0.11 | -0.06 | 0.05 | 0.08 | 0.11 |-0.09 |-0.12 | 0.20 | 0.08
0.24] 0.37 [ 0.42 | 0.24 (-0.02 0.28| 0.50 | 0.42 | 0.34 | 0.64 | 0.58 | 0.23 | 0.16 | 0.48 | 0.57 | -0.12 | -0.04 | 0.05 | 0.11 | 0.19 | -0.07 | -0.15 | 0.21 | 0.04
0.24]| 0.37 [ 0.36 | 0.25 |-0.01 0.32| 0.47 | 0.45 | 0.30 | 0.61 |0.61 | 0.25 | 0.20 | 0.49 | 0.58 | -0.13 | -0.02 | 0.06 | 0.09 | 0.16 | -0.07 | -0.12 | 0.19 | 0.05
0.24] 0.40 | 0.34 | 0.25 |-0.01 0.33| 0.43 | 0.42 | 0.39|0.55 | 0.65 | 0.27 | 0.20 | 0.49 | 0.54 | -0.11 | -0.03 | 0.14 | 0.02 | 0.14 | -0.04 | -0.10 | 0.20 | 0.05
0.23] 0.41 | 0.34 | 0.25 | 0.00 0.36| 0.39 | 0.40 | 0.45 | 0.56 | 0.64 | 0.20 | 0.21 | 0.41 | 0.54 | -0.08 | 0.00 | 0.06 | 0.03 | 0.12 | -0.10 | -0.05 | 0.17 | 0.04
0.22| 0.38 | 0.34 | 0.18 |-0.01 0.36| 0.34 | 0.36 | 0.43 | 0.52 | 0.64 | 0.20 | 0.20 | 0.39 | 0.50 | -0.09 | 0.04 (-0.03 | 0.00 |0.20 | -0.03 | -0.06 | 0.15 | 0.02
10]0.21] 0.36 | 0.37 | 0.06 | -0.08 0.33| 0.32 | 0.36 | 0.40 | 0.48 | 0.61 | 0.22 | 0.24 | 0.45 | 0.48 | -0.12 | 0.01 (-0.04 | 0.02 | 0.22 | -0.07 | -0.10 | 0.13 | 0.05
11]0.19] 0.36 | 0.35 | 0.06 | -0.04 0.34| 030 | 0.31|0.38 | 0.41 |0.58 | 0.31|0.17 | 0.48 | 0.45 | -0.05 | -0.03 | -0.13 | 0.00 | 0.21|-0.07 |-0.10 | 0.12 | 0.04
12|0.19] 0.37 | 0.40 | 0.12 (-0.04 035| 0.25 | 0.23 | 0.41)0.37|0.55 | 0.35 | 0.21 | 0.45 | 0.43 | -0.06 | 0.02 [-0.02 | -0.02 | 0.18 | -0.09 | -0.09 | 0.12 | 0.03
13|0.17] 0.31 | 0.38 | 0.11 (-0.03 0.36| 0.22 | 0.19 | 0.34 | 0.34 | 0.61 | 0.29 | 0.18 | 0.44 | 0.36 | -0.06 | -0.03 | -0.10 | -0.06 | 0.17 | -0.09 | -0.05 | 0.11 | 0.01
14/0.18] 0.31 | 0.42 | 0.11 (-0.04 0.37 | 0.20 | 0.17 | 0.53 | 0.30 | 0.60 | 0.29 | 0.16 | 0.43 | 0.30 | -0.06 | 0.00 [-0.16 | -0.06 | 0.19 | -0.09 | -0.01 | 0.11 | 0.00
15|0.16] 0.27 | 0.36 | 0.14 (-0.05 0.30| 0.16 | 0.17 | 0.55 | 0.26 | 0.54 | 0.24 | 0.17 | 0.32 | 0.27 | -0.02 | -0.01 | -0.15 | -0.03 | 0.22 | -0.10 | -0.14 | 0.10 | 0.02
16| 0.16] 0.27 | 0.37 | 0.14 [-0.05 0.37|0.14 | 0.17 | 0.55 | 0.22 | 0.57 | 0.29 | 0.17 | 0.29 | 0.24 | -0.04 | -0.03 | -0.14 | -0.04 | 0.23 | -0.11 | -0.13 | 0.06 | 0.03
17]0.16] 0.27 | 0.27 | 0.26 |-0.08 040 0.13 | 0.13 | 0.53 | 0.12 | 0.52 | 0.37 | 0.17 | 0.29 | 0.27 | -0.04 | 0.01 [-0.14 | -0.03 | 0.13 | 0.12 |-0.12 | 0.05 | 0.04
18|0.16] 0.30 | 0.31 | 0.30 | -0.10 0.40| 0.12 | 0.08 | 0.57 | 0.05 | 0.56 | 0.38 | 0.15 | 0.34 | 0.21 | -0.07 | 0.01 [-0.05 | -0.07 |0.12 | 0.16 |-0.18 | 0.03 | 0.01
19|0.14] 0.27 | 0.24 | 0.31 | -0.08 0.41| 0.09 | 0.06 | 0.57 |-0.02]|0.52 | 0.36 | 0.11 | 0.32 | 0.24 | -0.05 | 0.01 (-0.10 | -0.06 | 0.06 | 0.20 |-0.23 | 0.03 | 0.02
20{0.14| 0.28 [ 0.23 | 0.29 |-0.09 0.37 | 0.08 | 0.07 | 0.57 |-0.06| 0.47 | 0.41 | 0.09 | 0.27 | 0.24 | -0.05 | 0.00 (-0.08 | -0.04 | 0.07 | 0.20 |-0.26 | 0.02 | 0.02
2110.11§ 0.23 (0.22 | 0.24 |-0.08 0.38 | 0.06 | 0.08 | 0.33 |-0.10) 0.41 | 0.48 | 0.07 | 0.25 | 0.24 | -0.05 | 0.04 (-0.02 | -0.01 | 0.07 | 0.05 |-0.28 | 0.01 | 0.01
2210.09) 0.20 [ 0.23 | 0.24 |-0.06 0.36 | 0.05 | 0.05 | 0.29 |-0.10] 0.36 | 0.39 | 0.06 | 0.17 | 0.22 | -0.09 | -0.01 | -0.05 | -0.01 | 0.08 | -0.01 | -0.26 | 0.01 | 0.01
2310.08) 0.19 (0.22 | 0.26 |-0.06 0.26 | 0.02 | 0.01 |0.28 |-0.18]| 0.22 | 0.40 | 0.10 | 0.17 | 0.25 | -0.05 | -0.04 | -0.04 | -0.02 | 0.09 | 0.03 |-0.27 | -0.02 | 0.00
24/0.08{ 0.19 ( 0.22 | 0.22 |-0.09 0.33 | 0.00 |-0.02 | 0.36 | -0.18]| 0.25 | 0.33 | 0.13 | 0.17 | 0.25 | -0.05 | -0.03 | -0.03 | -0.01 | 0.10 | -0.01 | -0.24 | -0.03 | 0.02
25[0.08] 0.09 | 0.22 | 0.30 |-0.10 0.38 | -0.01 | -0.02 | 0.38 | -0.24| 0.32 | 0.25 | 0.08 | 0.22 | 0.25 | -0.08 | -0.05 | -0.06 | 0.04 |0.11 | -0.08 | -0.18 | -0.07 | 0.04
26{0.07] 0.06 [ 0.19 | 0.30 |-0.14 0.33|-0.03 |-0.03 | 0.36 | -0.24] 0.22 | 0.25 | 0.12 | 0.23 | 0.23 | -0.05 | -0.11 | -0.06 | 0.05 | 0.09 | -0.10 | -0.18 | -0.07 | 0.04
2710.06] 0.02 [ 0.17 | 0.31 |-0.12 0.36 | -0.04 | -0.05 | 0.38 | -0.26] 0.18 | 0.20 | 0.08 | 0.21 | 0.21 | -0.05 | -0.05 | -0.06 | 0.04 | 0.11 |-0.10 | -0.15 | -0.08 | 0.05
28[0.04] 0.02 [0.15 | 0.34 |-0.10 0.33 | -0.05 | -0.06 | 0.32 | -0.30|-0.05| 0.22 | 0.08 | 0.17 | 0.17 | -0.06 | -0.11 | -0.04 | 0.02 | 0.11 | -0.11 | -0.11 | -0.08 | 0.05
AVG|0.18] 0.30 [ 0.36 | 0.17 | -0.01 029]|0.41] 025]0.34]|0.34]|0.41]0.29]0.16|0.32 | 0.43 ] -0.07 | -0.03| -0.03| 0.03 | 0.14 | -0.03 | -0.08 | 0.12 | 0.00

*early withdrawn sites not included in AVG in columns2rong correlations are green, weaker ones are red; bolded values have p<0.05,

italicized values are p>0.05. n=84 maximum.

Overall, the hospitalizations are less correlated with VL than cases.
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ChapterlODevel oping an OAl ertdé Framewo

Chapter 4 explored Alert System fundamentals, with emphasis on the Early Warning
framework by Yang (2017). Yang implored the need for a simple, timely system which can
detect significant aberrations between expected and received data. Several basgea®del ty
were discussedhoughthey depended heavily on the type of surveillance data received and

resources available.

Chapter 3 discussed inherent WWS limitations and variabilitiesCaagters &
provided an initial exploration and correlation testing for the VDH WWSP sites themselves.
These chapters were in step with each other, dsytk#e analyses indicated wide differences in
site metadata, case correlation, and hospitalization correlation. It is for this reasorythat
selected alert framewoll/WS be very cognizant of the inherent limitations of WW$h

particular the betweesite variabilities.
10.1 Independent and Dependent Variables

Setting the alert system independent and dependent variables is crucial to aligning the

alert system with the nature of the surveillance system, as well as the needs of its target audience.

The goal in mind is to develop an alert system for public health practitioners to use WWS as a
warning of imminent rise in disease burd8pecifically, the SARSCoV-2 infectious disease

burden detected by the SMP.
Dependent Variablé CaseRises

The analyses conducted within this dissertation discovered a stronger correlation with

weeklycases (Ch. .8), with a peak average correlation coefficient &0t -3 days shiftthan
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weeklyhospitalizatios (Ch. 92), with a peak average correlation coefficient af3at-3 days
shift. Therefore, the dependent variable for any developed alert system will rekpeated

versusactual imminent rises in cases.
Independent Variablé Viral Load Rises

On first pass, the obvious independent variable should be the viral loads reported weekly
by the WWS system. Viral loads are the metric used and reported by the SMP to provide

concise,fowc ont r ol |l ed values for detedani ni ng a sewe

However, this may not be the most appropriege of viral loadThe nature of
wastewater and disease physiology (explored in Chaptestidedthat the dumping of viral
particles into the wastewater is a long process which begins potentially weeks before case
determination, and up to months after case resolution. In this way, wastewater viral loads are
blunted across longer periods of timertliae instantaneous naturereported case incidence. If
the viral load/cases for a sti@vebeen high for weeks, having an alert that it remains
historically high is not new information for practitioners. The point of the alert is to warn the

user that WV% portends asing change in cases
Therefore, the independent variable will beositive changén viral load.
102 Selecting a Base Model

As WWS is taken in snapshot fashion, in participating sewersheds only, the lack of
spatial and temporal granularity makes any spatial or multifactorial analyses complieatkd
beyond the scope of this dissertation, which aims to arm any jurisdictiorasimple tool to
interpret a new (and limited) WWS dataset. This would suggest a tergpgdeamodel, with a

Ashort history basel i ne-40y asrapexaellers startiog catégaryn g, 20
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One of the earliest historical exampiesy a n g & mclutes the Simple Control Chgxang,

2017, p. 40-43). Referenced as early as 1931 in Shewhe
statistical measuring (Shewhart, 1931), a simple literature search revealed a much wider

historical useas arepidemic alert indicatr (Wagas, 2020When the Control Chart is applied to

epidemcs, case incidence is applied as a time seriesdionple case€ountsover time with a

baseline created during a nepidemic period anstatistically significanthreshold for case

incidence to indicate an alert (Rich & Terry, 1946)

The use of Control Charts, sometimes with modifications for Cumulative Sums
(CUSUM) and Exponentially Weighted Moving Average (EWMA), has been used in alert
detection for hospitahcquired infections (Morton, 2001). Morton applauds the Control Chart
generb Il 'y f or such epidemiologic outbreak identif
| arger, mor e (Marton 2001t p. XlAtlwongh kescr@dits the variations of CUSUM
and EWMA as fdparticul ardmalsgstainetherdasegin dncommanh e de

eventso ( Moil3.on, 2001

Oftentimes in examples as seen abdlve actual case incidence is the varialyider
surveillance In this dissertation, WWH an indirect, correlated marker to case incidence (see
Chapter 8)That is why the viral loadase count correlation (Ch. 8) was particularly relevant.
However, by using the indirect viral load as the surveillance data input, there is an opportunity to
explore WWS as a leading indicat®his maybe quite the improvement tcase surveillances
ités mor e hel pfeiniminénorathenttmnvalréady ufcddsdgidtionally, if
case data is not reliable, secondary sources may be the only options to gain awareness of

community disease burden.
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Simple Control Charts were selected as a framework model for this dissertatlogy as
allow for simplistic aberration detection of a short historical time swiitbsextremely limited

granularity inspatial and temporal contexts
103 Simple Control Charts Principles

Originally used in commercial quality contr@imple Control Chastarestatistical
process contrdbols found commonly in the U.S. to monitor epidemiology concerns, such as
COVID-19 (Waqas, 2020)Their premise is toalculate the mean amstindard deviation of a set
of historical data to createbaseling then establish thdpper Control Limit (UCL) andLower
Control Limit. These limits are calculated as a mean plus a multgdiected standard deviation
of a normallydistributed dataseThis is referred to as threeanstandard deviatiorhart, though
there is an option for medianrangechart using the max and min points as upper and lower
limits (Yang, 2017, pp. 4@3).Only Upper Control Limit lines will be used in this dissertation,
as Lower Control Lines are not of interest to a public health practitioner looking for imminent

rises in cases.

Several important factors must be addressed when dealing with Simple Control Charts
(specificallythemeas t andar d devi ation chart). Firstly,
be identified under nor mal Cc i o sayuthmsattimenseriessob (Y a
data points must be usad a baselingreferably during a time of minimal external interferences
(e.g., epidemic, case definition change, or virus variant changes). Additionally, these numbers

need to benormally distributed

Once the mean and standard deviation are calculated, a warning can be issued for any

values in the time series which go above tii#_WJas defined as a selected threshold multiptier
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alsoknown as a confidence coefficientagainst the standard deviatioRpr extra bells on this

whistle, one could add an Alarm Level, which indicates the intensity of each given alert.

CalculationgYang, 2017, pp. 442).

Mean(centerline) of -B

Standard deviationt —B w o

Upper Control Limit: UCL =uf X

k represents a confidence coefficient (usually 2 or 3) to adjust sensitivity of early
warning. Assuming normal distribution, a confidence coefficient of 2 represents a confidence

level of 95%, while 3 represents a confidence level of 99%.

The above framework represents the Shewhart Control Chart, however, there are a few
variations of the chart. A time series just using the data series numbers, just as they are, is
referred to as an Al ndivi dual gedcebebmednthe|l char't
individual data points is referred to amaving rangecontrol chart. Using Individuals and
Moving Range @MR) control charts can track process variability over tirdessSing & Ramana,

2024).

The framework selected for this dissertation alert systéhprimarily usethe FMR
control chart to track the changes in viral loads and asite®ach new viral load/case counts

data pointandcalculate an Upper Limit for each set.
CalculationgNIST, 2024.

Moving RangedD'Y I ® S
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The mean, standard deviation, and UCL are all calculated the samokvatualscontrol
chat, except the data points are changes in values instead of their raw values. Knowing the
directionality and magnitude of the changes in viral load is particularly important when
analyzing WWS, as viral shedding is a far more persistent environmentabfifodicurring up
to months after symptom abatement) than case incidence, which happens once per infection.
However, a sudden rise in community viral load indicateése in community infection, and

therefore a potential rise in case incidence.
10.4 Exploring Normality

One of the requirements to using Simple Control Chabisth Individuals and Moving
Range is that the unactedpon data is normally distributed. In the context of epidemiologic

Simple Control Charts, this means that the data points should be norraetilyutiéd (forming a

bell curve) when they are not acted upon by other factors (e.g., outbreaks or viral/case changes).

If the data series during these periods is normally distributed, it would indicate that only random
chance (i.e., inherent variancepigingonthe systemThe variance could then be assessed and

control limits for acceptable thresholds set.

The mean, median, skewairtosis range divided by SD, and othesrmality metrics

were calcul ated for each sitebds tot al viral

seriesSi te 16s descriptive statinfigured®G4.sand hi st ogi

example.
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1.15E+13

5. J0E+12

Total Individuals Site 1 Total History VL* (n=53)
Columnl

6.00E+13
Mean B71E+12 ATk
Standard Error  151E+12| T
Median 5.70E+12
Mode HNJA 4.00E+13
Standard Deviation 1.10E+13
Sample Variance  1.20E+25| 3.00E<12
Kurtosis 11.140] 2ATE+13
Skewness 3.077| Z2.00E+13
Range 5.54E+13
Minimum 493E+11| 1.00E+13
Maximum 5.59E+13 |
Sum 4.62E+14] o noe+00 4 53EeT 126412
Count 53

Total Moving Range

Columnl

Mean 1.00E+11
Standard Error 161E+12
Median 4 12E+11
Mode HNSA

Standard Deviation 1.16E+13
Sample Variance 1.34E426
Kurtosis 8.080
Skewness 0.088
Range 8.60E+13
Minimum -4.09E+13
Maximum 451E+13
Sum 5.22E+12
Count 52

*Viral Load or Viral Load at LOD (if concentration is below LOD)
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Figure 10.4.1Site 1 total dataset descriptive statistics and skew histograms

For visual confirmation, the two sets above were visualized in two count histogram bars,

dividing all points into 20 bins eacAs seen below in Figure 10.4.2.

=)
Bmoma

[
B omom oG o

Site 1
Total Individuals VL*

. -

*Viral Load or Viral Load at LOD (if concentration is below LOD)

Site 1

Total Moving Range VL*

Figure 10.4.2Site 1 total dataset descriptive statistics and skew histograms

The above histograms show the viral load skew to the left for all individuals, and a more

symmetrical di str

bution f

or

t

h e

mo Vv i

ng

individual time series, there is a heavy skew of 3.077 and a highikurtdkl.140, indicating

low symmetry and heavy tails/outliers. This would make sense, for three reasons:
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1. Physiology of viral shedding is not instantaneous (i.e., an infected person magonly

identified as a case once, but will continue to shed into the wastewater days to months
before and after).

2. Viral loads are calculated in a way which would artificially stack the values to the left
(i.e., when the viral concentration is below the LOD, the viral load is then calculated

using the LOD concentration).

3. There were certainly COVH29 outbreaks that occurred during that time frame which
would inflict far heavier viral loads than would be expected by chance alone.

Wh e n

analyzing

a l

dat a

points

of

t he -Si

existent skew of 0.088 and a slightly ksgh kurtosis of 8.080, indicating high symmetry and

heavy tails/outliers. The improvement makes sense, as the mranigg reduces much of the

first two abovdassuesThese éscriptive statistics were calculated for@MP sites, as seen

belowin Table 10.4.1Red highlighted cells indicate less normal values.

Table 10.4.1By-site descriptive statistics for all sites, individual and moving range average viral loads

TOTAL TOTAL
Individuals - Viral Load* Moving Range - Viral Load® Change

# SITE Samples mean median skew kurtosis  range/sD| mean median skew kurtosis range/5D
1 AlexRenew 47 8.71E+12 5.70E+12 3.08 11.14 5.05 1.00E+11 4.12E+11 0.09 8.08 7.42
2 Aguia 51 2.15E+12 1.57E+12 3495 17.04 572 -2.61E+10 4.81E+10 -2.38 17.10 8.46
3 Basham 41 1.43E+11 8.83E+10 139 142 378 -1.05E+089 -B.10E+18 -0.35 2.00 550
4 Blacksburg 45 1.32E+12 962E+11 1385 415 479 293E+10 2.12E+10 062 4.40 5377
5 Danville 43 3 60E+11 1.70E+11 3.65 15.08 5.60 -5.75E+08 -4 46E+09 -111 839 7.03
6 Coeburn 50 2 60E+11 2 DOE+11 163 270 423 -2 17E409 -2.18E+10 031 259 5.67
7 HLM 50 5.55E+12 3.48E+12 3.98 18.97 5.18 5.30E+10 -6.32E+10 -0.12 10.47 8.17
8 NA 40 4.41E+12 1.88E+12 5.86 37.59 5.85 -2.22E410 -1.17E+10 1.08 22.84 89.56
9 ON 47 1.00E+11 8.33E+09 4.84 2596 5.16 142E+09 1.19E+08 0.21 11.18 812
10 VIR 47 4 11E+12 1.83E+12 376 1401 5.06 -2.08E4+10 -4.4BE4+10 392 2553 8.02
11 WB 47 212E+12 110E+12 325 1250 5.58 106E+11 3.11E+10 128 296 7.35
12 LFR 49 1.14E+12 7.63E+11 2.14 4.86 4.63 -1.14E+10 -7.95E+09 0.08 2.35 5491
13 LB 50 2.03E+12 1.23E+12 2.66 831 4.87 -8.591E+10 -2.89E+10 0.31 2.06 5.79
14 Moores 49 195E+12 1.27E4+12 227 586 476 S48E+10 1.47E411 -0.33 1.39 517
15 WorthRiver 47 9.81E+11 4 31E+11 356 13372 5.06 -2 .B4E+10 -2 .82E+09 059 1357 873
16 Parkins S50 4 56E+11 154E+11 255 7.25 5.05 -3 65E+08 1.06E409 -0.11 5.62 5.64
17 Peppers 50 5.40E+11 291E+11 214 460 456 1.30E+09 -1.66E+10 076 227 5.60
18 Pound 47 2.62E+11 5.37E+10 4.41 2019 572 2.75E+08 -1.59E+09 062 11.70 814
19 Richmond 50 5.49E+12 2.66E+12 275 7.90 4.86 1.10E+10 -7.16E+10 .40 2.84 571
20 Roancke 51 5.83E+12 4 49E+12 4.02 2154 6.53 3.51E+10 2.52E+11 0.29 856 7.834
21 Rutledge 36 2.07E+10 S5.37E+H19 2.40 501 411 2 86E+08 3.16E407 053 3.49 5.04
22 CB 40 5.01E+11 4 95E+11 149 256 460 -2.36E+08 4.13E409 0.28 165 5.33
23 UOSA 43 8.68E+12 4 34E+12 4.49 2283 6.22 1.17E+11 -1.56E+11 3.25 2108 8.23
24 Wolf 50 5.00E+11 3.67E+11 178 3.49 475 4 43E+08 -7.17E+D9 -0.53 253 594
AVG 46.7 2 40E+12 140E+12 3.079 12.028 5.197 1.29E+10 2.00E4+10 D424 8.360 5964

*Viral Load or Viral Load at LOD (if concentration is below LOD)

**Red highlighted cells indicate above-9.5 skew5 kurtosis or a range/Sbatio score outside of-8&
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Examining the above table shows an average 3k&®& 12.028kurtosis and 5.197
rangeéSD for all site individuals The altsites moving range showed averag®.424skew
8.360kurtosis and 6.964 range/SRed hghlightedcells indicate poor indicators of normality
as defined by a greater thah 0.5 skewgreater tha.0 kurtosisand a range/Siatio score

outside of 46.

As expected, the total site individuals are heavily skeavetihave high kurtosighis is
most likely due tdhe reasons listed above in the Site 1 exanijd@ever, the viral load moving
range values are much more in line with normality, \&ithaverage skew within tolerances and a
drastic reduction of kurtosiBy site,11 of the 24 sites were within-8/5 tolerances atkew
with an additional 7 sites within -/.0 skew 11 of the 24 sites were within +/5.0 tolerances of
kurtosis.12 sites had their range divided by SD within th& gpectrum. 8ites total passed by
the skewkurtosis and range/SEest. The moving range values of the total dataset are much

closer to normality than their viral load counterpart.

These descriptive statistics were also calculated fopritygosed baselines for each site
the methods of which adescribed irthe nextChapter While | would normally be inclined to
put the development of baseline methods before the normesitjts in any scientific reporit
specifically gave thbaseline establishmeit$ own. Chapters 11 and 12 should be the chapters

jurisdictions can jump to, should they attempt to replicate the proposed alert system.

Note not all sites received the full 7 weeks of baseline data points, as some sites did not have

perfect submission counts. No outliers were removed for analysis

Site 106s baseline descriptivenHBgualld®mtancs and

example.
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Baseline Individuals Site 1 Baseline VL* (n=7) Baseline Moving Range Site 1 Baseline Change VL* (n=7)
Column1 P Columni

Mean 2.26E+12| 4.00E+12 _'_5_375-1_3 Mean 172E+11 oo ZesE

Standard Error 475E+11 3c0Es12 S3-G6E+12—3 66E+12 standard Error 7 05E+11 P T

Median 2.28E+12 Median 5.96E+11

Mode HNJA 3.00E+12 Mode #N/SA :

Standard Deviation 1.26E+12| 3cppe12 = _— Standard Deviation 1.86E+12 1 00Esz

sample Variance  1.58E+24| ——SAHER b oee1 Sample Variance  3.48E424]

Kurtosis -0.92g| 20012 HICEEEE Kurtosis -1752| 0000

Skewness 0.051| 150E#12 Skewness 0.156

Range 3A7EH12| L noearn a9Ert—109E412  |Range 4.66E+12| -1L00E+12

Minimum 493E+11 L Minimum -1.79E+12

Maximum 3.976+12| 00811 453611 Maximum 2.88E+12| 2005412

Sum 1.59E+13| o.00E+00 Sum 1.20E+12

Count 7 1 Count 7 1

*Viral Load or Viral Load at LOD (if concentration is below LOD)

Figure 10.4.2Site 1 baseline dataset descriptive statistics and skew histograms

As shown above, when analyzing baseline

series (n=7), there is a nearly rexistent skew of 0.051 and a low kurtosis@B29, indicating
high symmetry and a normal bell curve. This shows that the Site 1neagesl load data meet

normality standards.

When analyzing baseline data points of
also a nearly noexistent skew of 0.156 and a slightly greater kurtosid %2, indicating high
symmetry ananinimal tail irregularitiesputliers.Both the individuals and moving range sets for
Site 1passed the normality test (less thanOth skew and +/5.0 kurtosis)while both sets for

theiroverall total datasetounterparts failed

Thebaselinadescriptive statistics were calculated for all sites, as seen belbable

10.4.3
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Table 10.4.3By-site descriptive statistics for all sites, individual and moving range average viral loads

BASELINE BASELINE
Individuals - Viral Load® Moving Range - Viral Load* Change

# SITE n mean median skew kurtosis  range/SD mean median skew kurtosis  range/SD
1 AlexRenew 7 2. 26E+12 2 3RE+12 0.05 -0.93 276 172E+11 S96E+11 0.16 -1.75 250
2 Aquia 7 1.27E412 1.03E+12 0.35 -1.40 257 105E+11 2 B65E+11 -0.04 -1.44 256
3 Basham 7 6.66E4+10 157E+10 107 -0.93 231 221410 -1.29E409 189 379 2498
4 Blacksburg 7 292E+11 213E+11 092 -0.80 260 8.00E+09 4 81E+10 -0.08 -1.27 264
5 Danville 7 1.34E+11 2.80E+10 253 6.46 270 8.78E+10 1.59E+09 2.45 612 2397
6 Coeburn 7 2.65E+11 2.43E+11 031 -1.12 262 1.29E+10 6.04E+09 -0.25 -1.31 2.67
7 HLM 7 1311F412 5.13E+11 182 313 281 -1.07E+11  -1.23E+11 -0.31 118 322
8 MNA 5 1.80E412 1.85E+12 -1.06 251 276 -1.15E+11 -7 45E+10 -0.20 -0.86 257
9 ON B 1.27E+11 3.11E+09 245 6.00 245 2 44F+08 3.32E+08 0.00 250 316
10 VIP 5 141E+12 1.74E+12 -0.41 -3.01 213 -1.94E+11  -2.02E+11 -0.17 1.35 2.78
11 WB 5 4 38E+11 3.01E+11 0.28 -2.58 227 -7.71E+10 2.48E+411 -0.51 -3.06 2.10
12 LFR 7 5.03E+11 4 04E+11 031 -2.03 255 8.02E+10 2.05E+11 -1.54 280 2485
13 LB 7 8.67E+11 3.05E+11 237 524 273 -6.33E+10 111F+10 0.04 155 329
14 Moores 7 4 40E411 4 47E+11 156 289 294 -6 45E4+10 -2 B0E+11 146 230 2498
15 MorthRiver 7 317E+11 3.40E+11 -1.07 131 3.06 -2 71E+10 -7 2BE+10 0.50 -0.61 2377
16 Parkins 7 4 79E+11 4.39E+11 086 -0.22 2.65 8.83E+10 -3.73E+09 077 1.70 3.24
17 Peppers 7 2.83E+11 163E+11 212 478 283 111FE+11 7.58E+10 0585 160 3.14
18 Pound B 9 22E+10 7.E4E+10 104 067 263 -4 56E+09 -6.21E+10 119 021 250
19 Richmond 7 219E+12 2 35E+12 014 -2.16 2327 S.68E+11 232E+11 -0495 104 2495
20 Roancke 7 3.67E+12 3.50E+12 053 -1.19 2561 7.36E+10 137E+12 -1.40 129 284
21 Rutledge 7 2 41E+08 1.39E+09 044 -2.45 216 6.36E+07 -2 60E+08 0.33 -0.90 274
22 CB G 2.14E+11 1.56E+11 1.47 169 2.60 6.23E+10 1.68E+10 077 1.85 3.03
23 UOSA 7 1.87E+12 2.02E+12 022 0495 319 -5.40E+09 6.72E+10 -0.09 -2.17 246
24 wolf 7 2.35E+11 2.42E+11 -0.85 2.02 3.23 -7.82E+10 -3.93E+10 -1.59 3.81 3.24
AVG 65.65 | 851E+11 7.81E+11 0.723 0.784 2. 646 2 73E+10 9.49E+10 0.140 0.827 2.837

*Viral Load or Viral Load at LOD (if concentration is below LOD)

**Red highlighted cells indicate above-€.5 skew, 5 kurtosis, or a range/SD score outsidetof 4

Examining the above table shows an average 0.723 skew, 0.784 kurtosis, and 2.646
range/SD for all baseline site individuals. Thesitiés moving range showed an average 0.140
skew, 0.827 kurtosis, and 2.837 range/SD ratio. Red highlighted cells indhcatgicators of
normality, as defined by a greater thanO:b6 skew, greater than 5.0 kurtosis, and a range/SD

ratio score outside of-@.

Both the baseline individuals and moving ranges had a drastic reduction in skew and
kurtosis, as compared to the total dataset (Table 10.4.2). When comparing the nwskéer of
and kurtosipassed sitesinebaseline individuals sites passed (as comparedrtdfrom the
total individuals set) antivelve baseline moving range sites passed (as compasiftom the

total moving range set].hisreduction in skew and kurtossa good sign that the identified
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baseline is capturingormalized data, and therefore, data less affected by external fétctors.

shows the merits of both the baseline set, as well as the moving range set.

The range/SD ratio reduction by half would indicate that the baseline data points are
more centered and clustered about the mean, which one would expect from a smaller and more

tightly controlled dataset.

With baseline satormality confidenceespecially the moving average baseline ite,
use ofthesimple control chartén particular the FMR variety)is justified.However, it is
important to note that natl sitesbehaved the samEor instance, n8ite 5sets passed the

normality tests.
105 Proposed Model

In summary, liis dissertation establishétke following for argument underpinning for any

proposed alert system:

discusedneed of a viral alert system (Chapter 1)

reasoning foby-site variability analysis in WWS (Chapters 3 and 7)

adopton ofthe Yang conceptual framewook an Early Warning System (Chapter 4)
correlation between VDH WWSP viral load data and casmts(Chapter 8)
independenand dependent targeariables setas viral loadchangeandcase count

change (Chapter 10.1)

explored historical and current frameworks for alert systemapers10.2 and 10.3)
baseline periods seting case counts and variant abundance (Chapters 11.1 and 11.2)
1 viral load normalitychecksfor all individuals and moving rang#ata(Chapter 10.4)

= =4 =4 -4 A

= =

In the interest of aligning the goals of a proposed alert system (e.g., being -4oressyand

direct method for public health practitioners), with the style of surveillance data (e.g., short
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history linear time series with sigpecific variability) the style of a (sitspecific) FMR Control

Chart was selected as the alert system base (Ch. 10.2).
The final proposed model includes the following principles:

1. Sites will be assessed independently from each other.

2. Viral Load* (or Viral Loads at LOD for all concentrations below LOD) change will be
the base metric, used to indicate if there is a likelihood of an imminent change in cases.

3. A baseline period will be established, using a period where case counts are low/plateaued
and variant abundance is stable.

4. An Upper Control Limit will be created for each sjtee, a multiplier (usually set at 2 or
3) times the standard deviation of baseline viral load moving range. This indicates
whether a site isut of contro) given its baseline inherent variability.

5. Ifasiteisoutof controf or a gi ven weweokdysdetettioflag wilpbei nt |,
assigned as an alert.

6. As data is collected, model evaluation will includéculatingsensitivityand specificity
Thresholds fosystemvariability multipliers can be adjustéd the needs of the user.
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Chapter 11: Establishing Baseline & Applying Alerts

This dissertatiorchapter gives details on how t8BARSCoV 2 Wastewater Surveillance
(WWS) alert system was createas well as a few tip®r prospectivaeaders hoping to use the
model for their own WWSASs suchthis chapter containstipu bl i ¢ heal t h- pract it
to-know for creating this alert systefdowever | also recommend reading thextchapter, as it
provides thénow-to on evaluatinghe Alert System. Creation and Evaluation shouldogether
with data colleaon.
This chaptembeginswith how baselines for each site wereated anthen uses those
baselines to create appropriate Upper Contnalitsi(UCL) for each siteThe UCLs set the

threshold for alert, song time a data point goes above the Uslalert flagis assigned

Tip for readerswhile | primarily used Excel for all calculations, the calculations are simple

enough to be performed on standard statistical software.

Note the paired WWS and case data used fofdhewing analyses only use up to the SMP
Wk53 data This was due to several reasons, including accounting for case datahadgime of
initial data downloagdas well agdrops of several sites from the programd switching sampling

cadencdor several others around that time.

Tip for readers:beware of major changesttze progranthat will complicate paired analyses.
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11.1 Establishing Baseline

Whi | e 0 b as eden toietergvetatiqanrthisloissertatioit will be considered
as a period where minimal external factarsaffectingthesystemAf t er al |, fit he en
problem is to eliminate all assigna,lpl2&6. or f i n

Chapter 3 discussed the significant inherent variability found with WWS generaliebetare
someclearexternal factorsvhich contribute tdherise of viral particles in sewage. The most
directis an actualdisease outbreak (the very thing this alettying to detegt butother external

pressures can cause changes in viral leagl,(sewage infrastructuoe newvirus variants).

The goal of the baseline is to find a period of minimal external changemaker of
when the data collected should only represent inherent variability in the WWS system itself. This
means finding lull periods in the data where disease outbreak was at a minimum and few other

changes were occurring.

Tip for readersmy WWS data is fortunate that the same patrticipating utility sites and laboratory
continued data collecticandanalysis with consistent methodolodyhis may not be true for

you. Be aware of methodology or case definition changes.

VDH Caseand Variant Data

To get a good overview of Virginia cases and variants, the VDH pulali@djiable case
and variant dat@/DH, 2023b)was downloaded and visualizéske Chapters 6 & 7Case data
showed several peaks throughout the entirety of the C&Ipandemic period (to date), with
the strongest peak around December 2082&. major variants of interest were selected using the
FDA WWS Variant Proportions national trend visualizatib®A, 2023)for context (see

Chapter 7), and then pulling appropriate VDH variant clinical counts.
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Whencombining in the VDH WWS sewershed case data, oneieanspecificallythe
major dominant variantduring the data collection perio@ihe overlay of total sewershedse
countsover timereveals cases increased with variant sfiits FDA WWS Variant Proportions

visualization, found on their dashboard main p@g2A, 2023)

Figure 7.3.5utlines general WWS trends acrtiss1.5yearspread of the WWS dataset
covered shifting into and out ofive different SARSCoV-2 variants. Of particular interest, the
shift from Delta to OmicroiBA.1 saw a substantial increase case countslo identify an

appropriate baseline period, case count spikes and variants need to be controlled.

Controlling Cases

In Chapter 7, | pulled daily case counts for all SMP sewersheds during the testing period
shown in Figure 7.3.4l0 get a slightly better view, and appreciate the changing nature of

sudden rises and falls of cases, the change of total cases was vidwglbred Figure 11.1.1.

Daily Change in Daily SMP
Case Counts over Time

Figure 11.1.1 Daily changes of total SMP sewershed case counts over time
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|l denti fying a o6lull 6 periaichumchanmgendaes choos
thresholdfor minimum continuous timeFor this dissertation, | selected two thresholds for
maximum change: strictermobility of +/- 100 cases change, and a more moderate mobility of
+/- 200 cases change. The thresholdafoninimumcontinuous time was set tfireeconsecutive

weeks of behavior.

Tip for readersthe time frame and threshold minimums selected above were my personal
judgement of the general trends of the datasets. You may choose different thresholds, depending

on the data.

Applying thechange angeriodthresholds above, the strict threshold of IO cases
change was marked in green boxes, whilentbeeratehreshold of +/200 cases change was

marked in blue boxess shown below in Figure 11.1.2.

Figure 11.1.2 Isolation of acceptable periods using strict and moderate case change thresholt

The visualization above shovi@ur potential time periods to train a baseline under the
moderate case change threshold (blue boxestwandnder the strict case change threshold
(green boxesHowever, before deciding on the best baseline period, we should also remove any

options which encompass changes in vamaminance
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Controlling Variants

Thepreviously created Table 7.1i8Chapter 7 (informed by federal and state trestisjved
the synthesized dominant variant timelibsing this reference chart as a guide to when
appropriate baselines can be pulled (i.e., when there are no dominant variant shifts), it can be

crossed with the selected case change stability periods isolated in the above section.

The followingTables 11.1.2 and 11.1cBoss the boxed daily change periods with their
dominant variant status, for strigt/- 100 daily case changahd moderatét+/- 200 daily case

change}hresholds.

Table 11.1.1 Isolated potential baseline periods with related dominant variants, strict case change threshold

Time period SMP Sampling Weeks Dominant Variant (applicable Week #s)
3/7/22i 414122 Wk261 30 BA.1 (WKk26), none (Wks27 30)
2/20/23i 4/17/23 WK761 84* XBB.1.5 (WKks77i 81*)

*Wk84 is the last week of received SMP dataset

**\Wk81 is the last week of received VDH variant case counts dataset

Table 11.1.2 Isolated potential baseline periods with related dominant variants, moderate case change threshold

Time period SMP Sampling Weeks Dominant Variant (% of weeks)
10/11/227 11/22/21 | WK57 11 Delta (Wks51 11)
2/21/227 4/11/22 Wk2471 31 BA.1 (Wks24i 26), None (Wks2T7 29), BA.2 (Wks30' 31)
1/23/23i 4/17/23 WK7271 84* XBB.1.5 (WKks72i 81**)

*Wk84 is the last week of received SMP dataset

**\Wk81 is the last week of received VDH variant case counts dataset

The above results indicate thiehe periodusingSMP Wks51 11 are ideafor baseline
training as those weeks experienced moderatefymal case changeas well as consistent
DeltadominanceThere is a similar period ofioderateyulled cases and variant dominance
during the Wik72i 81 timeframe, however, this period occurs at the end of the received
collection data and would not be useful for predictive alert testing. A fallowo this

dissertation could include testing more recent data againgtainmed XBB1.5 baseline.
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Of note, baseline training periods were selected by &t case and/DH variant
indicators. The training for baseline could also be performed bgs#efic case and variant
indicators, though variant indicators for individual sites will most likely be unavailhide
SMP site sequencing is currently being performed for WWS variant abundances at the site level,
not all sites are tested each week and results have not been thoroughly evaluated in the context of

state or national trends.
11.2 Organizing WWS and Case CounysSite

|l f you donét already have a process in pla
value for every sitebs weekly collection (by

workbook as seen in the screen of Figure 11.2.1 below.

A s c o 3 F s H s 3
per_target_avg_c below lod_sews]
2 [sample # sample_id wwip_name sample_collect_date flow_rate onc VIRAL LOAD LD ge  |Lop viraL LoAD)| VL
B T7 DCLS_SMP_WWS_WKL 0210515 326 7875 27262 no T350) veset] 2 420210813
4 57 DCLS_SMP_WW_WK2 20210820 351 9500 126412 no 1350) 1786411 A45Ed2 SABEHD o 420210820 s3] s 1361
5 117 DCLS_SMP_WWS_WK3 2010027 368 21875 3056412 no 1350) 1886411 1782 s18EM2 o 420210827 316 26 1361
5 159 DCLS_SMP_WW_WKe 2011000 308 S688 7406411 no 1350) 1786411] 2308412 518EH2 o 420211004 516, 0 1351
7 201 DCLS_SMP_WWS_WKS 011011 36 17500 2286412 no 1350) 1766411 153z S18EH2 o 42021-10-11 263 53 1361
8 247 DCLS_SMP_WWS_WKG 20011018 331 3938 assEaino 1350) ieoeri|  asseri|  17sEaz  s1sEH2 o 42021-10-18 28] 35 1361
B 297 DOLS_SMP_WWS_WKT 011025 405 7130 10942 no 1350) 206er11|  109Eri2|  SoEAL  s1sEH2 o 42021-1025 237 9 1361
0 347 DCLS_SMP_WWS_WKE 2021101 356 29900 se7ER2 N0 1350) is2eny|  severa|  28EEdz  sisEr2 ° 420211101 25| 18 1361
1 395 DCLS_SMP_WWS_WKS 20011108 329 19375 2418412 no 1350] tesEii| 2alera|  assEaz  sisEd2 o 420211108 303 48 1361
12 445 DCLS_SMP_WWS_WKL0 021115 323 30000 3666412 no 5200) 757Ed1|  BEEEY|  125Ea2  S1SEM2 o 420211115 305, 3 1361
13 487 DCLS_SMP_WWS_WK11 11122 333 15475 1956412 no 5200) 780Eia|  105Erd|  A71EM2  S18EM2 o 420211122 399 93 1361
1 533 DCLS_SMP_WW_WKL2 11129 329 72750 9056412 no 5200) 771Ea1]  80sE)|  708Ea2  S18EH2 1 420211129 530 131 1361
15 583 DCLS_SMP_WWS_WKL3 011205 324 12750 1566412 no 6200) 760Eril|  1S6EH2  7aBER1Z  518EHD2 o 42021-12:06 685 155 1361
16 633 DCLS_SMP_WWS_WKLe 0011215 298 95625 108E+13 no 6200) o]  108EM3 9222 S18EH2 1 42021-12-13 2135 1450 1361
17 681 DCLS_SMP_WWS_WK15 2021-12-20 294 502182 5.59E+13 no 6200] 690E+11|  559E413 451E413  5.18E+12 1 2021-12-20 Alexandria Renew2021-12-20 5084|2929 1361
> TOTAL | Se-Sp = CASES = Wws  AlexRenew | aguia | Basham | BB = Danvile ~Coeburn | HLM | NA == + @ 4 cO— >
Ready B T Accessibility Imvestigate CHoispiay settings O - o

Figure 11.2.1 Excel workbook screenshot with-bige tabs for WW8ase count pairs and highlighted baseline

Tip for readersuviral loads are calculated (viral load = flow*concentration*3,785,411.8).
Consider usingpalf LOD concentration as the base of the viral load calculation, when the

concentration is below LOD.

When the baseline is determined (see above sactan, SMP WksH.1), highlight the
baseline dates, VL*, VL difference, weekly case counts, and weekly case count ciiieges.

run basic variance statistjas seen belofor Site 1 in Figure 11.2.2
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Site 1 Moving Range Baselines for VL* and Weekly Case Counts:

CHANGE VIRAL LOAD* BASELINE CHAMGE CASE BASELINE

Samples #: 7 Samples # 7
Average: 1.72E411 Average: 119
Pop Variance: 2 98E+24 Pop Variance: 2 06E+03
Std Dewv 173E412 Std Dev 454
X5D S518E+12 X5D 1361

*Viral Load or Viral Load at LOD (if concentration is below LOD)
**XSD is the SD multiplied by 3

Figure 11.2.2 Site 1 screenshot of baseline statistics for moving ranges of VL* and case count change, SD
multiplier of 3

Note: AXSDO is the standard déneétimdsthen chos
standard deviation of the viral | dmegasth®@evi ng r
default multiplier for both viral load and case change thresholds, though changing this number

allows for modifications for sensitivity and specificity later.
11.3 Assigning VL and Case Alerts

Using the XSD threshold (i.ehred, flags(alerts)can be assigned for every VL* and
change of weekly case counts whideabove tlosevalues. This is our Upper Control Linst
(UCL) for both changes of VL* and case counts. Now comparisons can beegateéing
whether statistically significant changes of viral Iseskult in statistically significant changes
over thenextsevendays of case countSee Table 11.3.1 below for {syte baseline moving

ranges and assigned alert flags.
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Table 11.3.1:SMP bysite moving ranges and alerts, S®Rmultiplier

Total Baseline Flags
1 SITE Samples Samplesl avL*® 5D |ﬂCase* SDj VL Flagsl Case Flags
1 AlexRenew 33 7 1.73E+12 45.4 10
2 Aquia 52 7 9.38E+11 32.5 3 3
3 Basham 44 7 7.1TE+10 4.9 3 4
4 Blacksburg 53 7 2_.70E+11 5.1 6 15
5 Danville 46 7 1.92E+11 24.0 3 3
6 Coeburn 53 7 1.72E+11 13.5 2 4
7 HLM 53 7 1.49E+12 33.8 3 5
8 NA 45 5 2.83E+11 83.5 12 3
9 ON 48 6 4.30E+11 2.2 1 3
10 VIP 49 5 9.27E+11 84.2 3 2
11 WE 45 5 6.32E+11 31.5 3 4
12 LFR 52 7 5.17E+11 13.0 3 5
13 LB 52 7 1.74E+12 35.7 1 3
14 Moores 53 7 6.00E+11 16.4 7 10
15 MorthRiver 52 7 1.55E+11 27.4 7 4
16 Parkins 53 7 5.10E+11 9.6 1 4
17 Peppers 53 7 2.38E+11 12.7 5 ]
18 Pound 51 6 1.29E+11 3.2 3 5
19 Richmond 53 7 1.72E+12 40.1 5 6
20 Roanoke 53 7 2.77E+12 77.9 3 3
21 Rutledge 45 7 2.17E+HD9 2.2 9 2
22 CB 44 6 1.84E+11 10.9 4 3
23 UOsA 51 7 1.02E+12 58.9 10 6
24 Wolf 53 7 2.09E+11 12.9 6 2
Site Average| 50.58 6.63 7.05E+11 28.39 4.63 4.79

*Viral Load or Viral Load at LOD (if concentration is below LOD)
**XSD is the SD multiplied by 3

Ideally, the number of VL alerts should match the number of case alerts. The case alerts
should follow the VL alert by same or next week (i.e., the nebdt days of cases). The addition
of the second week of observation of any delayed case responsadagpdsasibldeading

indicator effectf VL.

Graphinge a ¢ h V&* witretldes respective VL alerts reveals the relatedness of VL*

increase to assigned alerds seen below iRigure 11.3.1.
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Site 1
Viral Loads* & VL Alerts (AViral Loads > XSD)

VL Alert

*Viral Load or Viral Load at LOD (if concentration is below LOD)

**XSD is the SD multiplied by 3

Figure 11.3.1 Site 1 VL* and assigned VL alerts, SD 3x multiplier

The Site 1 example above shows the overlap of VL rises with assigned VLlalerts.
general, an alert appears to have been issued
capturing the Omicron peak of December 2021 and the summer peak oN2O2&e need to

check and see if the VL alerts coincide with assignedrisee (i.e., casalerty.

11.4 VL and Case Alert Matching

Determining if the VL alerts coincide with the case alerts is imper&inenowing how
functional the alert systemis.f cases dondét i mminently rise wi
si mpl y doMaschngmetneomugt be explored, and the XSD thresholds can be
adjusted to improve results. Sensitivity and specificity can be adjusted with XSD thresholds,

depending on the need of the practitioner using this system.

Tip for readersdetermine ahead of time if you want an overactive (i.e., sensitive) alert system
which may deliver false positives, or a more reticent alert system (i.e., specific) that delivers

fewer buttruer positives.
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The first step is to check the relationship visually, by plotting the alert flags together in time.

Figure 11,3,2 below shows the Site 1 assigned VL alerts and case alerts.

Site 1
VL Alert Flags (XSD) & Case Alert Flags (XSD, 1 week)

s —s—a—a . . — —o—2o . .

VL Alert
Case Alert

*XSD is the SD multiplied by 3

Figure 11.3.2 Site 1 assigned VL alerts and case alerts, SD 3x multiplier

The Site 1 example above shows the overlap of assigned VL alerts (orange) with case
alerts (blue). The December 2021 exchanges show VL alerts coinciding with case alerts.
However, the January 2022 exchanges showed two VL alerts which did nothe=siibldlevel
differences in cases. Conversely, the April 2022 exchanges showed more sensitivity to case
alerts than VL alerts. Additionally, there was one errant VL alert on June 6h, 2022, and a

perfectly timedvL -Case alert on July'4 2022. Otherwise, boiilerts were quiet.

Using simple flags to determine whether the alerts match each other, additional metrics
like sensitivity and specificitySe-Sp)can also be generatebhe statistical terms of sensitivity
and specificity are common in medicine, as a means of determining how good a test is at
detecting percentage true positives (sensitivity) and true negatives (specHixdg).alert

metrics for Site 1 are shown below in Figure 11.3.3.
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[MATCHING: VL Alert(XSD) & CASE Alert{X5D) # %
| les # 52
VL Alert(XsD) & Case Alert (X5D, 1week) MATCH 42 | 808%
VL Alert(XSD) & Case Alert(XSD, 1-OR-2weeks) MATCH 45 | B65%

[+)VL ALERT
# (+)VL ALERTS(XSD) 8

# (+)VL Alerts(XSD) w/ +)Case Alerts{XSD, 1week) 4| s00%
#(+)VL Alerts(XSD) w/ (+)Case Alerts{XSD,1-OR-2weeks) 5| 62.5%
NO WARNING

#VL SAFE a4]

H(+)VL SAFE(XSD) wy (+]Case SAFE(XSD, 1week) 38 86.4%
#{+)VL SAFE(XSD) w/ (+]Case SAFE[XD,1-OR-2weeks) 40[ 90.9%

Sensitivity [true positives; of all case warns, % VL alert)

#Case Alerts 10
# Case Alerts + VL Alerts (-1 week) 4 40.0%
# Case Alerts + VL Alerts [-1-2 weeks] 6| 60.0%

Specificity {true negatives; of all case safes, % VL safe)

# Case SAFEs 42

# Case Safes + VL SAFE (-1 week) 38| 905%

# Case Safes + VL SAFES (-1-2 weeks) 42| 100.0%

*0Safed indicates a |l ack of respective VL/ Case alert; fAWarningo

**XSD is the SD multiplied by 3

Figure 11.3.3 Site 1 assigned VL alerts and case alerts matching ar8bSaetrics, SD 3x multiplier

The Site 1 example above contains several usedtiiics, including matching,

sensitivity, and specificity. Seescriptionf eachbelow.

Matching

The matchingnetrics shown above show the overlapgneement between VL acdse
alerts. l.e., if a VL alert status was either positive or negatiliai was the percentagetohes
in which the same was true of theese alert status that same w2ék perhaps either that week
or the following week? Thextendedime optionallows for VL leading indicator effectBoth

calculations are performed.

For exampleif a positive VL alert was issued ak9, a sameaveek match would
require a case alert to have been issued that same weekflag.that thenext 7 days of case
countswas higher than the UCL for the case basgli@e, as with the 2veek match, a case alert

could happen on either Wk9 or Wk10 for a positive match flag.
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In the above Site 1 example (XSD=3), the sameek matching wa81% The 2week

matching wa87%.

Positive VL Alert

This section considers just the positive VL alerts. It asks the question of howheften
positive VL alers areassociated with positive case atelt issued VL alerts often result with
nonplusedtase increases, that would not be a good alert system. The agreemandgitvaVvL
alert with both its same week, as well as either/next week, casewaesisalculated.

Decreasing the case alert threshold limit will increase the sensitivity of picking up case increases.

In the above Site 1 example (XSD=3), the samekpositive VL to positive case alartatching
was 50%. The &veek matching was 63%. Which is to say that, whenever a VL alert was

flagged, 63% of the timthere was a matched rise in cases that week (or next) for that site.

Negative VL Alert

This section considers just the negative VL alerts, i.e., when there is no VL alert issued. It
asks the question of how often the negative VL alerts are associated with negative case alerts
(i.e., no VL or case alerts). If the lack of having VL alerts (,e VL fsafedo) are of't
with case increases anyway, that would not be a good alert system. The agreement of a negative
VL alert with both its same week, as well as either/next week, case alerts were calculated.
Increasing the case alert threghbinit will decrease the sensitivity of picking up casereases

andtherefore increase the negative VL alert matching.

In the above Site 1 example (XSD=3), Hane weelpositive VL to positive case alert

matching was 86%. TheW®eekmatchingwas 91%. Which is to say that, whenever a VL alert
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was not issued, 91% of the time there was amatthecha f e 0 st at utkatweeki(or cas e s
next) for that site.
Sensitivity

For sensitivity, the number of true positives (i.e., positive case increases) are
backcheckeavith the associated tests (i.e., VL alerts at tt#eptevious weekdp see how many

were correctly identified
True Positivesare positive case alerts which also had positive VL alerts.

FalseNegativesare positive case alerts which incorrectly had negative VL alerts.

number ofTrue Positives
number ofTrue Positives + number dfalseNegatives

Sensitivity

The higher the sensitivity, the lower the chance of making a Type Il Error.

In the above Site 1 example (XSD=3), the number of positive case increases which were
correctly identified (i.e., sensitivity) was 40% for tteme week and 60% for either the same or
previous weekDecreasing the threshold for VL alerts, or increasing the threshold for case alerts,

will increase sensitivity.

Specificity

For specificity, the number of true negatives (i.e., negative case increases) are
backcheckeavith the associated tests (i.e., VL alerts at tt#eptevious weeks) to see how many

were correctly identified.
TrueNegativesare negative case alerts which also had negative VL alerts.

FalsePositivesare negative case alerts which incorrectly had positive VL alerts.
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number ofTrue Negatives
number ofTrue Negatives + number dfalsePositives

Specificity

The higher the specificity, the lower the chance of making a Type | Error.

In the above Site 1 example (XSD=3), the numberegfativecaseincreases which were
correctly identified (i.e., @ecificity) was91% for the same week alddd for either the same or

previous weeklncreasing the threshold for VL alextsll increasespecificity.
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Chapterl2: Evaluatingand Adjustinghe Alert System

This chapter provides the evaluation and adjustmenttaeledow for potential health
care practitioners wishing to apply their own WWS system. It describes what | did for my

dissertation, as well agving tips for readers.

Evaluation involves summarizing the data and calibrating the Upper Control Limit (UCL)
-- as determined by the standard deviation multipliers of the VL and cases baseline moving
ranges (XSD). As collection data is gathered over time, this evaluation ganftened again
for recalibration. Also, if over time, better baselines become available, the baselines can be

reformed to better train the system (see Ch.11).
Now, since Yy ou o0 byeitepourdadan comptete with mdentifiede t
baselines and issued VL and case alesge Ch. 11) i t 6 s ti me t o evaluate hi

are working.The metrics used in Ch.11.4 should be applied to eacimditédually andthen

sent to a summary sheet for easy evaluation.

Some adjustments with the thresholds may be required to meet the needs of your WWS

program.
Tip forreaderswh et her youdre using Excel or any other
summary sheet task, itdéds a good idea to inclu

which can allow you to change the summary stats over all sheets/calculatiolhsTdtaviway
changing any of the thresholds and viewing those changes on the summary sheet will be much

easierthan changing everything by hand

151



12.1 Summary Statistics

Create a summary sheatirking the Ch.11.4 metrics, including matching rates and

Sensitivities and Specificities (S&p). SeeFigure 12.1.belowfor an example of an evaluation

summary sheet

Thresholds |By-Site Alerts By-Site Validity
XsD Alerts Matching Positive VL Alert Negative VL Alert |Sensitivity Specificity Matching/Se-Sp

# SITE dVL* dCase| WL Case | 1week 1-2weeks| 1week 1-2 weeks | 1 week 1-2 weeks| 1 week 1-2 weeks 1week 1-2 weeks Average

1 AlexRenew 3 3 8 10 80.8% 86.5% 50.0% 62.5% 86.4% 90.9% 40.0% 60.0% 90.5% 100.0% 76.3%

2 Aquia 3 3 3 3 96.2% 96.2% 66.7% 66.7% 98.0% 98.0% 66.7% 66.7% 98.0% 98.0% 86.9%

3 Basham 3 3 3 4 88.6% 93.2% 33.3% 33.3% 93.9% 98.0% 25.0% 50.0% 95.8% 100.0% 75.4%

4 Blacksburg 3 3 [ 15 75.0% B2.7% 66.7% 66.7% 76.1% 84.8% 26.7% 40.0% 94.6% 97.3% 69.4%

5 Danville 3 3 3 3 95.6% 95.6% 66.7% 66.7% 98.0% 98.0% 66.7% 100.0% 98.0% 98.0% 92.3%

6 Coeburn 3 3 2 4 88.5% 94.2% 0.0% 0.0% 92.0% 98.0% 0.0% 0.0% 95.8% 100.0% 63.1%

7 HLM 3 3 3 5 92.3% 96.2% 66.7% 66.7% 93.9% 98.0% 40.0% 40.0% 97.9% 97.9% 77.4%

8 NA 3 3 1z 3 73.5% 75.5% 8.3% 8.3% 95.0% 97.5% 33.3% 66.7% 77.6% 95.9% 70.4%

9 ON 3 3 1 3 95.7% 100.0% | 100.0% 100.0% 96.1% 100.0% 33.3% 33.3% 100.0% 100.0% 77.1%

10 vVIP 3 3 3 2 93.8% 93.8% 33.3% 33.3% 98.0% 98.0% 50.0% 50.0% 96.0% 100.0% 80.6%
11 WB 3 3 3 4 93.8% 95.8% 66.7% 66.7% 95.9% 98.0% 50.0% 75.0% 97.9% 100.0% 85.4%
12 LFR 3 3 3 5 92.3% 94.2% 66.7% 66.7% 93.9% 95.9% 40.0% 40.0% 97.9% 100.0% 77.4%
13 LB 3 3 1 3 96.2% 96.2% 100.0% 100.0% 96.1% 96.1% 33.3% 33.3% 100.0% 100.0% 76.5%
14 Moores 3 3 7 10 B2.7% 92.3% 57.1% 71.4% 86.7% 95.6% 40.0% 40.0% 92.9% 100.0% 74.6%
15 NorthRiver 3 3 7 4 86.5% 90.4% 28.6% 42.9% 95.6% 97.8% 50.0% 100.0% 89.6% 100.0% 86.1%
16 Parkins 3 3 1 4 94.2% 96.2% 100.0% 100.0% 94.1% 96.1% 25.0% 25.0% 100.0% 100.0% 73.4%
17 Peppers 3 3 5 [ 86.5% 94.2% 40.0% 60.0% 91.5% 97.9% 33.3% 66.7% 93.5% 97.8% 78.7%
18 Pound 3 3 3 5 84.0% 92.0% 0.0% 0.0% 89.8% 98.0% 0.0% 0.0% 93.6% 100.0% 61.6%
19 Richmond 3 3 5 [ 90.4% 94.2% 60.0% 60.0% 93.6% 97.9% 50.0% 83.3% 95.7% 100.0% 85.6%
20 Roancke 3 3 3 3 96.2% 96.2% 66.7% 66.7% 98.0% 98.0% 66.7% 66.7% 98.0% 100.0% 87.3%
21 Rutledge 3 3 9 2 77.3% 79.5% 0.0% 0.0% 95.3% 100.0% 0.0% 0.0% 82.0% 98.0% 56.1%
22 CB 3 3 4 3 93.0% 93.0% 50.0% 50.0% 97.9% 97.9% 66.7% 100.0% 95.9% 98.0% 91.1%
23 UOSA 3 3 10 [ 80.0% 82.0% 30.0% 30.0% 92.9% 95.2% 50.0% 50.0% 84.8% 100.0% 74.5%
24 Wolf 3 3 =] 2 88.5% 90.4% 16.7% 16.7% 97.8% 100.0% 50.0% 50.0% 90.0% 100.0% 78.1%
AVG 3 3 463 479 88.4% 91.7% 48.9% 51.5% 93.6% 96.9% 39.0% 51.5% 94.0% 99.2% 77.3%

Viral Load or Viral Load at LOD (if concentration is below LOD), expressed as moving range (i.e., change of viral loas)or cas

**Red highlighted cells indicate values below 50%

Figure 12.1.1Evaluation summary statistics for all SMP sites

The summary sheet above shows alklig SMP site evaluation metrics, as well as the

total averages at the bottom. Validity cells with less than 50% are highlightedgitesst

column averages all th®y-site validity values into one metric, providing amersimplified

metric for better or worse validity.

Of the 24 sites, all were calibrated at a default XSD multiplier threshdkdes(for both

VL and

number of VL and case alerts issuedslrewni n t h e

case

movi ng

range
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at 4.6, and alert alerts were at.Adeally, the alert numbers should be approximately equal.
However,when looking at the site breakdowtisgre was substantial variability alert counts

between sites. For instance, Site 8 had 12 VL alerts, and Site 4 had 15 cadefatefertant

note, the since the number of VL and case alerts were as |ow& perlsite during the tested

time frame, the positive VL alerts and sensitivity success percentage markers are subject to wide

jumps up and down.

When examining the validity statistics, average matching was 88.4% for one week, and
91.7% for up to two weeks. Averagesitive VL alert successas48.9% for one week, and
51.5% for up to two week#&verage negative VL alert success was 93.6% for one week, and
96.9% for up to two weeks. Average sensitivity was 39.0% for one week, and 51.5% for up to
two weeksAverage specificity was 94.0% for one week, and 99.2% for up to two weeks. The

average for all validities for all sit¢ffom matching to specifities)was 77.3%

This summary table shows an alert system with high matchingpnlioMsensitivity, and
high specificity. This is to say that there is a strong relationship between VL alerts and
impendingUpper Control Limit UCL) caserises(matching of 92%)Even though the accuracy
of correctly identifying ndJCL caserisesis very high (specificity of 99%)he VL alerts may
only detect about half of imminetCL caserises(sensitivity of 52%)Of the VL alerts issued,
half resulted ifJCL case rise§positiveVL alert correctness of 52%Df all the negative VL

alerts issued, nearly all resulted inWGL case risegnegative VL alert correctness of 99%)

All'in all, as the thresholds stand here, the alert system is very good at saying whether

there willnotb e i mmi nent <case ri se. | t Opositigcalerts are. e venl vy
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To adjust these values (i.e., chandihg VL and case XSD thresholtisadjust the

UCL), seethenext section.
12.2 Adjusting XSD

The moving range baseline variance we assessed in 11.1 for both VL and cases allowed
us to select a working threshold multiplier (XSD) for creation of an UCL. However, both XSDs
for VL and cases can be adjusted. Decreasing the VL XSD will allow for aseoséive alert
detection, while an increased case XSD will increase the amount of case change we want to
detect. For instance, if we only care about very large imminent increases in cases, we can set the

threshold to 4 or higher.

The following table is the alite average evaluation metrics for all 0.5 increments of
XSD, ranging from 0.5 to 4.BSD. The redto-green highlights indicat@-column spectrum
from lowest (red) to highest (green) percentages. Ideally, the best alert system should have high
percentage values in all columns. Howewebiceswill have to be made about whether to
prioritize certain functionalities over others. This prioritization heavily depends on the needs of

the public health practitioners using thisrakystem.

The goal of this dissertation is to create a system with relativghyperformance
metrics for detection of fairly substantiatise in cases. For this reason, the XSEhoéewas
used for UCL case alerts for initial explorati@l. site evaluation metrics and their XSD
increments are shown below in Table 12.2.4lor gradients indicate which values are stronger

(green) and weaker (red) in each column.
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Table 12.2.1SMP altsite average evaluation metrics for XSD increments

Thresholds |By-Site Alerts By-Site Validity
XsD Alerts Matching Positive VL Alert |Negative VL Alert (Sensitivity Specificity General
JVL** dCase|] VL Case| 1wk 1-2wks| 1wks 1-2wks| 1wk 1-2wks| 1wk 1-2wks| 1wk 1-2wks| Average
0.5 0.5 15.3 16.1 | 63.5% 78.0% | 43.8% 59.1% | 73.8% 87.5% | 40.6% 64.4% | 75.4% 94.4% | 68.0%
0.5 1.0 15.3 11.6 | 67.9% 78.7% | 36.3% 50.1% | 82.9% 92.3% | 46.6% 71.9% | 75.3% 94.7% | ©09.7%
0.5 15 15.3 8.5 | 69.7% 77.3% | 29.4% 40.4% | 88.4% 94.5% | 50.8% 75.9% | 74.6% 94.5% | 69.6%
0.5 2.0 15.3 6.9 | 69.6% 76.1% | 23.8% 32.6% | 90.5% 95.9% |49.9% 73.9% | 73.6% 94.3% | 68.0%
0.5 2.5 15.3 6.0 | 70.1% 75.5% | 21.9% 30.0% | 92.1% 96.3% | 52.1% 76.6% | 73.5% 94.3% | 68.2%
0.5 3.0 15.3 4.8 | 70.7% 74.8% | 18.6% 25.3% | 94.1% 97.0% | 55.9% 80.3% | 73.1% 94.1% | 68.4%
0.5 3.5 15.3 4.0 | 70.7% 74.1% | 16.6% 21.5% | 95.3% 97.9% | 56.0% 80.2% | 72.9% 94.0% | 67.9%
0.5 4.0 15.3 3.5 | 71.0% 73.5% | 15.5% 18.9% | 96.3% 98.3% | 58.6% 78.7% | 72.8% 93.9% | 67.8%
1.0 0.5 11.4 16.1 | 85.7% 80.0% | 46.2% 59.9% | 72.8% 86.7% | 31.6% 51.8% | 82.4% 96.8% | 67.4%
1.0 1.0 11.4 11.6 | 71.6% 82.3% | 39.2% 51.1% | 81.9% 92.0% | 37.2% 59.4% [ 82.4% 97.1% | 69.4%
1.0 1.5 11.4 8.5 | 74.4% 81.8% | 31.5% 41.0% |87.5% 94.3% |41.3% 63.2% | 81.8% 97.3% | 69.4%
1.0 2.0 11.4 6.9 | 75.6% 81.7% | 26.8% 34.5% | 90.2% 95.8% | 43.9% 63.4% | 81.3% 97.2% | 69.0%
1.0 2.5 11.4 6.0 | 76.3% 81.4% | 24.6% 32.2% | 91.8% 96.3% | 45.7% 65.8% | 81.1% 97.3% | 69.2%
1.0 3.0 11.4 4.8 | 77.4% 81.3% | 22.1% 28.6% | 93.9% 97.0% | 50.2% 70.0% | 80.8% 97.4% | 69.9%
1.0 3.5 11.4 4.0 |77.7% 81.0% | 20.1% 25.5% | 95.1% 97.8% | 50.9% 71.7% | 80.6% 97.3% | 09.8%
10 40| 114 35 |78.2% 80.5% |19.0% 22.6% | 96.1% 98.1% | 53.6% 70.3% | 80.6% 97.1% | 69.6%
1.5 0.5 8.8 16.1 | 67.1% B81.4% | 50.2% 60.2% | 72.4% 86.7% | 26.3% 41.4% | 87.2% 97.9% | 67.1%
15 1.0 8.8 11.6|73.6% 84.2% | 41.6% 50.8% |81.3% 91.8% | 30.8% 47.0% (87.0% 98.1%| 68.6%
1.5 1.5 8.8 8.5 | 77.4% 84.6% | 34.5% 42.0% | 87.1% 94.1% | 35.2% 51.5% | 86.5% 98.1% | 69.1%
15 2.0 8.8 6.9 | 79.4% 85.1% | 30.9% 36.8% [ 90.1% 95.6% | 39.7% 54.7% | 86.4% 98.1% | 69.7%
1.5 2.5 8.8 6.0 | 80.3% 84.9% |28.7% 33.9% |91.7% 96.1% | 41.2% 56.3% | 86.2% 98.2% | 69.7%
1.5 3.0 8.8 4.8 | 81.9% 85.3% |20.7% 31.5% | 93.9% 97.1% | 48.0% 64.4% | 86.0% 98.2% | 71.3%
1.5 3.5 8.8 4.0 | 82.2% 85.1% | 24.4% 28.3% | 95.1% 97.8% | 48.2% 65.0% | 85.7% 98.2% | 71.0%
1.5 4.0 8.8 3.5 | 82.7% 84.9% | 22.8% 25.6% | 96.0% 98.1% | 50.9% 65.8% | 85.6% 98.1% | 71.0%
2.0 0.5 7.1 16.1 | 68.5% 82.4% [55.9% 61.6% |72.3% 86.7% | 23.1% 34.2% | 90.5% 98.4% | 67.4%
2.0 1.0 7.1 11.6 | 75.8% 86.1% | 49.0% 53.5% | 81.4% 92.1% | 28.3% 41.0% | 90.4% 98.6% | 69.6%
2.0 1.5 7.1 85 | 79.8% 86.9% |41.7% 45.0% |87.0% 94.4% | 32.7% 45.2% | 89.8% 98.7% | 70.1%
2.0 2.0 7.1 6.9 | 82.0% 87.5% |37.9% 40.7% |90.0% 95.8% | 37.4% 48.2% | 89.6% 98.6% | 70.8%
2.0 2.5 7.1 6.0 | 82.8% 87.6% |35.0% 38.6% |91.5% 96.3% | 38.3% 51.0% | 89.3% 98.6% | 70.9%
2.0 3.0 7.1 4.8 | 84.5% 88.1% | 33.3% 36.6% | 93.8% 97.2% | 45.0% 58.5% | 89.2% 98.7% | 72.5%
2.0 3.5 7.1 4.0 |85.0% 87.9% |31.0% 33.2% |95.0% 97.9% | 45.4% 58.8% | 88.9% 98.6% | 72.2%
2.0 4.0 7.1 3.5 | 85.7% 87.9% |29.9% 31.7% |95.9% 98.2% |49.0% 61.5% | 88.8% 98.5%| 72.7%
2.5 0.5 5.9 16.1 | 68.5% 82.6% | 56.0% 60.5% | 71.8% 86.3% | 19.6% 28.3% | 92.1% 98.6% | 66.4%
2.5 1.0 5.9 11.6 | 76.0% 86.6% | 50.8% 54.7% | 80.7% 91.5% | 24.4% 33.9% [ 92.1% 98.8% | 69.0%
2.5 1.5 5.9 8.5 | 81.2% 88.3% |47.4% 49.1% [ 86.8% 94.2% | 30.4% 40.9% | 92.1% 98.9% | 70.9%
2.5 2.0 5.9 6.9 |83.9% 89.3% |45.8% 47.9% |90.0% 95.6% | 36.2% 46.0% | 92.1% 98.8% | 72.5%
2.5 2.5 5.9 6.0 | 84.9% 89.4% | 42.9% 45.6% |91.6% 96.2% | 37.2% 48.8% | 91.8% 98.8% | 72.7%
2.5 3.0 5.9 4.8 | 86.6% 90.0% | 40.9% 44.0% |[93.8% 97.1% |43.9% 56.7%|91.6% 98.9% | 74.3%
2.5 3.5 5.9 4.0 | 87.1% 90.0% | 38.1% 40.5% | 94.9% 97.9% | 43.9% 56.9%|91.3% 98.9% | 73.9%
2.5 4.0 5.9 3.5 | 87.8% 90.0% | 36.7% 38.5% | 95.8% 98.2% | 47.3% 59.4% | 91.2% 98.8% | 74.4%
30 05| 46 161 |68.8% 83.3% |61.3% 64.3% |71.4% 86.2% | 16.2% 23.8% | 94.3% 99.1% | 66.9%
3.0 1.0 4.6 11.6 | 77.3% 87.8% | 58.8% 61.0% | 80.6% 91.4% | 21.4% 30.2% | 94.5% 99.2% | 70.2%
3.0 1.5 4.6 8.5 | 82.7% 89.8% |55.2% D56.6% | 806.7% 94.0% | 27.2% 37.5% | 94.4% 99.2% | 72.3%
3.0 2.0 4.6 6.9 | 85.3% 90.8% |53.5% 55.3% |89.7% 95.4% | 31.4% 40.9%|94.3% 99.2% | 73.6%
3.0 2.5 4.6 6.0 | 86.5% 91.0% |51.2% 53.6% | 91.3% 95.9% | 32.9% 44.2%| 94.1% 99.2% | 74.0%
30 30| 46 4.8 | 88.4% 91.7% | 48.9% 51.5% | 93.6% 96.9% | 39.0% 51.5% | 94.0% 99.2% | 75.5%
3.0 3.5 4.6 4.0 | 88.9% 91.8% | 45.6% 47.9% |[94.7% 97.6% | 38.9% 51.9%|93.6% 99.2%  75.0%
3.0 4.0 4.6 3.5 | 89.5% 91.8% | 43.6% 45.3% [ 95.6% 97.9% | 41.8% 53.9% | 93.5% 99.1% | 75.2%
3.5% 0.5 3.9 16.1 | 69.0% 83.8% | 64.5% 66.3% | 71.3% 86.3% | 14.4% 21.4%| 95.5% 99.5% | 67.2%
3.5*% 1.0 3.9 11.6 | 77.7% 88.4% | 62.4% 63.3% | 80.4% 91.4% | 19.3% 27.2% | 95.7% 99.5% | 70.6%
3.5% 1.5 3.9 8.5 |83.0% 90.5% |58.1% 59.0% |86.3% 94.0% | 23.9% 33.3%|95.5% 99.5% | 72.4%
3.5* 2.0 3.9 6.9 | 85.9% 91.5% |56.7% 57.9% | 89.5% 95.3% | 28.3% 36.9% | 95.5% 99.5% | 73.8%
3.5% 25 3.9 6.0 | 87.1% 91.8% |53.7% 55.8% [91.1% 95.8% [ 29.4% 39.4%| 95.3% 99.5% | 74.0%
3.5% 3.0 3.9 4.8 | 89.0% 92.4% | 51.0% 53.4% | 93.3% 96.8% | 34.9% 46.0%|95.1% 99.5%  75.3%
3.5* 3.5 3.9 4.0 | 89.6% 92.6% |47.2% 49.2% | 94.4% 97.5% | 33.7% 44.3% | 94.7% 99.5% | 74.5%
3.5* 4.0 3.9 3.5 |90.3% 92.7% | 44.9% 46.8% | 95.3% 97.8% | 36.6% 40.4% | 94.6% 99.5% | 74.7%
4.0 05 3.5 16.1 | 69.0% 84.2% | 65.6% 68.0% | 71.0% 86.3% | 12.7% 19.5% | 96.1% 99.5% | 67.2%
4.0* 1.0 3.5 11.6 | 78.0% 89.0% | 65.1% 66.1% | 80.2% 91.5% | 17.8% 25.6% | 96.4% 99.5% | 70.9%
4.0* 1.5 3.5 8.5 |83.6% 91.2% |62.5% 63.6% |86.3% 94.0% | 22.7% 32.1%|96.3% 99.5% | 73.3%
4.0 2.0 3.5 6.9 | 86.5% 92.3% | 60.9% 62.5% | 89.4% 95.3% | 27.0% 35.6% | 96.3% 99.5% | 74.6%
4.0% 25 3.5 6.0 | 87.8% 92.6% |58.3% 60.9% | 91.0% 95.9% | 28.9% 38.9% | 96.1% 99.5% | 75.1%
4.0* 3.0 3.5 4.8 | 89.7% 93.3% | 54.7% 57.6% |[93.3% 96.8% | 34.0% 45.2%| 96.0% 99.5% ( 76.1%
4.0* 3.5 3.5 4.0 | 90.3% 93.4% | 50.6% 52.8% | 94.4% 97.5% | 32.9% 43.5%|95.6% 99.5% | 75.2%
4.0* 4.0 3.5 3.5 |91.2% 93.6% | 49.7% 51.9% | 95.3% 97.8% | 36.6% 46.4% | 95.5% 99.5% | 75.9%

*Viral Load or Viral Load at LOD (if concentration is below LOD), expressed as moving range (i.e., change of viral laag)r ca
**\/L XSDs which had to drop the Site 16 Positive VL Alert metric from analysis, due to 0 division error
Color gradients indicate higher values (green) and lower values (red) in each column.
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The above table demonstrates that the original selectittmesffor both VL and case
XSD was an excellent choice, as it provided welinded performance values across the board.
The worstperforming metric was sensitivity, which was in the middle. If | wanted to increase
sensitivity in the future, | could up the cas8D to 4 and drop the VL XSD to 2.5. This new
setting would keep the general average metric (74.4% versus)/Mubitcreases the sensitivity

from 51.5% to 59.4%.
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Chapterl3: Omicron Retrospective Test

Chapter 12 conducted performance evaluation on the alert systemgtitwmith the
SMP Wks511 baselines and t@sfj againsthe UCL XSDs ofthree(see Ch.12)However, the
whole alert system itself still feels very abstractd as suclthis penultimate chapter is

indulginga more realistic application

Here wewill conduct a retrospective test of the alert system, pretending that we were
back in December of 202TheVDH SMP just startectollecting datawelve weeksprior, and
everyone wablithely unaware of the impendir@micronarrivaL,L et 6 s al so i magi ne

SMP team haan incredible Data Managevho set up tis exactalert systen.

Webre going to walk through each week of t

systemwould have shown, versus wiame

As a reminderthis test occurs at the following point in time (see Figure 13.1 below):

VDH COVID-19 Daily Cases

We Are Here

e

Figure 13.1Daily VDH public COVID19 case counts over time, stacked area graph, with start marker of mock
scenario
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Setting the Stage

The date idNovember 2%, 2021. The SMP has been collecting data from 24 sites for 11
weeks. A proactive Data Manager reads this dissertation from the ether and uses it to organize
her data, establish baselines, and applyitfe alert systenfsee Ch.11)o run every time she
receives and cleans new dat¢hile she is not compelled to draw UCL for case counts presently,
she does so because she knowsShsibreaiytdalewanpt t o

health districtasindicate.

Of note, the case alerts are truly retrospeclihelag time with case reporting is
substantial, with up to a month of smudgayplied to the/DH data dashboards. For this
reason, considerasealerts to be more in line with the physical reality of locally infected people
getting tested in their hospitals/other health care centers, while the district anevahte
epidemi ol ogists take |l onger to cathoaghittakes t o wh

a few days for WWS data to come in, it isshlikely faster than case reporting.

Baselines

The baselines usddr this scenario are also ones used for the creation and evaluation of
this alert system generally (see Chapterd 2)L The baselines were trained®MP Wks511,
with XSDs ofthreefor VL* and case moving averaggsestablistthe Upper Control Limits
(UCL). See Table 13.1 below for applied-biye baselines of VL* and case changes. Minor color

coding is applied to emphasize the UCL for VL* (blue) and case changes (pink).
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Table 13.1Delta VL* and case moving average baselines of SMP mock scenario

VDH SMP Delta Baseline dVL* Alert System
#  SITE vi*sD | viLucL [case sD|case ucL
1 AlexRenew | 1.73E+12 5.18E+12 | 45 136
2 Aquia 9.38E+11 2.81E+12 32 97
3 Basham 7.17E+10  2.15E+11 5 15
4 Blacksburg | 2.70E+11  8.09E+11 5 15
5 Danville 1.92E+11 5.75E+11 | 24 72
6 Coeburn 1.72E+11 5.17E+11 | 14 41
7 HLM 1.49E+12 4.46E+12 | 34 101
8 NA 2.83E+11 8.50E+11 | 84 251
3 ON 430E+11 1.29E+12 2 6
10 VIP 9.27E+11 2.78E+12 | 84 252
11 WB 6.32E+11 1.90E+12 | 32 95
12 LFR 5.17E+11 1.55E+12 | 13 39
13 1B 1.74E+12  5.22E+12 36 107
14 Moores 6.00E+11 1.80E+12 | 16 49
15 NorthRiver | 1.55E+11 4.65E+11 27 82
16 Parkins 5.10E+11 1.53E+12 | 10 29
17 Peppers 2.38E+11 7.13E+11 13 38
18 Pound 1.29E+11  3.87E+11 3 10
19 Richmond | 1.72E412  5.16E+12 | 40 120
20 Roanoke | 2.77E+12 831E+12 | 78 234
21 Rutledge 2.17E+09  6.51E+09 2 6
22 CB 1.84E+11 5.52E+11 | 11 33
23 UOSA 1.02E+12  3.06E+12 | 59 177
24 Wolf 2.09E+11 6.27E+11 | 13 39
Site Average | 7.05E+11 2.12E+12 | 28 g5

*Baselines: SMP Wks 7-11

**UCLs are generated from SD variance times a threshold multipier (3)

Applying the VL* Alerts

A simple flag system is in place, so that
the UCL allowancean alert is generated for that site. For the 11 weeks prior, none of the sites
experienced a VL* alert. However, most of those data points included baseline testing, so that is

to be expected.

The NextNineWe e k s é

Table 13.2 below shows the issuedditg VL* flags for the following nine weeks and

total average flag percentage. Minor color coding on the binary flags indicate a positive (1, pink)
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negative (0, white)and no VL* data (grey). The average columns have some color gradients to

indicate high (red) to low (green) percentage of flags by site and week.

Table 13.2Weekly VL* alert flags for all SMP sites for mock scenario, Binary flags (1=positive alert)

Weekly dVL* Alert Flags

wk 12 wk 13 wk 14 Wk 15 Wk 16 wki17 wkis Wk 19 Wk 20 |AVG

#  SITE |11/29/2021|12/6f2021|12/13/2021|12/20/2021|12/27/2021|1/3/2022|1/10/2022|1/17/2022|1/24/2022
1 AlexRenev 1 0 1 1 0 0 1 0 0 A44%
2 Aguia 0 0 0 1 1 1 0 0 38%
3 Basham 0 0 0 1 0 1 0 0 0 22%
4 Blacksburg] 0 0 0 0 0 1 0 1 0 22%
5 Danville 0 0 0 1 0 1 1 0 0 33%
& Coeburn 0 0 0 0 0 0 0 0 0 0%
7 HLM 0 0 0 1 1 1 0 0 0 33%
8 NA 1 1 0 0 1 0 1 0 0 A44%
9 ON 0 0 0 1 0 0 0 0 13%
10 VIP 0 0 0 0 1 0 0 0 13%
11 WB 0 0 0 1 1 0 0 0 0 22%
12 LFR 1 0 0 0 1 0 0 0 25%
13 LB 0 0 0 0 0 1 0 0 0 11%
14 Moores 0 0 0 0 1 1 0 0 0 22%
15 NorthRiver 1 0 1 0 1 0 1 0 0 A44%
16 Parkins 0 0 0 0 0 1 0 0 0 11%
17 Peppers ] 0 0 1 ] 1 1 0 ] 33%
18 Pound 0 0 0 0 0 0 0 0 0%
19 Richmond 0 1 0 1 1 0 1 0 0 A44%
20 Roanoke 0 1 0 0 1 1 0 0 0 33%
21 Rutledge 0 1 0 0 1 0 0 0 1 33%
22 CB 0 0 0 1 0 1 1 0 38%
23 UQSA 1 0 0 1 0 0 0 29%
24 Wolf 0 1 0 0 0 0 1 0 0 22%
Sites Average 23% 21% 8% 39% 52% 50% 38% 5% A% 26%

*Baselines: SMP Wks 7-11

**UCLs are generated from S0 variance times a threshold multipier (3)
Color codingand binary flagexplainedn text

Weels 1213 5 sites flaggegositiveon Wk12(23%)and Wk13 (21%)This seemed
like a lot, considering thpreviouselevenweeks had none. The Data Manager sends alerts to the

five site health districteachweek butis worried that the alert system is too sensitive. What she
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d o e s n 6(but vidlinndbdvweeks when she runs performance evaluation metrics), is that the

average flag % across the entire timeline is 9.2%. This alert positivity is actuadtytoo high
Case alerts are minim@l4% and 8%}- see Table 13.Below for case alert comparison

Week 14 only sites 2 flagged positive (8%). The Data Manager sends alerts to the 2 site

health districtsCase alertpick up a touch (21%)

Weeks 1517: VL* alerts explode, with 9 (39%) on Wk15, 12 (52%) on Wk16, and 11

(50%) on WK17. Case alerts explode at 61%, 74%, and 64% respectively.

Weeks 180: VL* alerts drop back down, with 9 (38%) on WKk18, 1 (5%) on Wk17, and

1 (4%) on Wk18. Case alerts also come back down at 21%, 14%, and 0% respectively.

Table 13.3 below shows the issuedditg case change flags for the nine weeks and total
average flag percentage. Minor color coding on the binary flags indicate a positive, (1, pink)
negative (0, white), and no VL* data (grey). The average columns heemor gradients to

indicate high (red) to low (green) percentage of flags by site and week.
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Table 13.3Weekly case alert flags for all SMP sites for mock scenario, Binary flags (1=positive alert)

Weekly dCase™ Alert Flags

Wik 12 Wk 13 Wk 14 Wk 15 Wk 16 Wk 17 Wk18 wk 19 Wk 20 |AVG

# SITE |11/29/2021]12/6/2021|12/13/2021|12/20/2021|12/27/2021| 1/3/2022|1/10/2022|1/17/2022|1/24/2022
1 AlexRenew 0 0 0 0 0 0 0 0 0 0%
2 Aguia 0 0 0 0 0 0 0 0 0%
3 Basham 0 0 ] 0 ] 0 0 0 0 0%
4 Blacksburg 0 0 0 0 0 1 1 0 0 22%
5 Danville 0 0 ] 1 1 1 0 0 0 33%
6 Coeburn 0 0 0 0 0 1 1 0 0 22%
7 HLM 0 0 1 1 1 0 0 0 0 33%
8 NA 0 0 ] 1 1 1 0 0 0 33%
9 ON 0 ] 0 1 0 1 0 0 25%
10 VIP 0 0 ] 1 1 0 0 0 25%
11 WB o o 1 1 1 1 o o o 44%,
12 LFR 1 0 1 1 1 0 0 0 50%
13 LB 0 0 ] 1 1 1 0 0 0 33%
14 Moores 0 1 ] 1 1 1 0 1 0 56%
15 MorthRiver, 0 0 ] 1 1 1 0 0 0 33%
16 Parkins 1 o 0 1 1 1 o o o 44%
17 Peppers 0 0 0 1 1 1 0 1 0 A4%
18 Pound 0 0 0 1 0 1 1 0 38%
19 Richmond 0 1 1 1 1 1 0 0 0 56%
20 Roanoke 0 0 ] 1 1 1 0 0 0 33%
21 Rutledge o] o] 0 o] 0 o o] o] o] 0%
22 CB 0 0 0 1 1 1 0 0 38%
23 UOSA 1 0 1 1 0 0 0 A3%
24 Wolf 0 0 0 0 1 0 1 0 0 22%
Sites Average 14% 8% 21% b1% 4% 64% 21% 14% 0% 30%

*Baselines: SMP Wks 7-11

*#|JCLs are generated from S0 variance times a threshold multipier (3)
Color codingand binary flagexplainedn text

Overlaying the Big Picture

In general, the VL* alerts warned of imminent case incrgafen the firsttwo weeks of

data collection and proceeded to march along with case alerts until theheridata Manager

may not have fully appreciated this warning, as she was untadigvesuch an incident occur

immediately after baseline testing. By, having her send out so many alerts, she may have

helped public health practitioners interpret what they were hearing from ground level.
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SeeFigure 13.2below for smoothed line graphs of ttveo-alertpercentpositivity in time.

Omicron Mock Test
Summed Weekly VL* & Case Alerts
Percent Positivity

100% (VL* XSD=3, Case XSD=3)

005 —&—VL* Alerts
805 Case Alerts
T05

B60%

50%

40%

30%

20%

/

10%

/

0%

Average Weekly Percent Positivity of all SMP sites

TZ0z/ezTT
1Z0T/vfT
120zZ/11/21
1z0Z/81/271
1zZ0Z/SE/TT
zzozft/t
zzoz/e/t
2z0Z/ST/1
TTOZ/TL/T
teoz/et/1

*Viral Load or Viral Load at LOD (if concentration is below LOD), expressed as moving range (i.e., change of viral leas)or ca

Figure 13.2 Weekly average VL* and case alert percent positivity smoothed lines in time, mock scenario

The agreement between the VL* alert and (retrospective) caséladsiduring the same
week was approximately 72% overall. Bife agreement was highly variable, ranging from 44%
to 89% as seen below in Table 13.4. Minor color coding on the binary flags indicate positive (1,
green) and negative (0, yellow) flags. The average columns have some color gradients to indicate

high (green) to low (yellow) percentage of flags by site and week.
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Table 13.4Binary agreement between VL* and case alerts for all sites during mock scenario

Weekly VL & Case Agreement (same week)

Wk 12 Wk 13 Wk 14 Wk 15 wkie wk17 wki1g Wwk13 Wk20 |AVG
# SITE 11/29/2021|12/6/2021|12/13/2021| 12/20/2021|12/27/2021| 1/3/2022|1/10/2022|1/17/2022| 1/24/2022
1 AlexRenew 0
2 Aguia
3 Basham
4 Blacksburg
5 Danville
6 Coeburn
7 HLM
8 NA
9 ON
10 VIP
11'WB
12 LFR
13 LB
14 Moores
15 NorthRiver
16 Parkins
17 Peppers
18 Pound
19 Richmond
20 Roanoke
21 Rutledge
22 CB
23 UOSA
24 Wolf

Sites Average

*Baselines: SMP Wks 7-11
**CLs are generated from S0 variance times a threshold multipier (3)

***] iz agreement between VL* & case alerts for same week, 0 is disagreement

Color codingand binary flagexplainedn text

The44% to 89%range demonstrates the-bie variability in cas&/L* alignment,
whet her that o6s du e@opulatonddde tepostiegpon gher faictars thabmight,
delay the samaveek relationshipThe alert system may therefore be better suited for some sites

over others.
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Chapterl4: Discussion & Conclusions

Dissertation Overview

This dissertation asked the question of whether WWS could predict imminent rises in

community COVID19 disease burden (Ch.1).

A review of literature (Ch.2) and WWS variability exploration (Ch.3) gave context to the
nature of the WWS data, guiding the kinds of data analysis and early warning
frameworksgsystems which could be entertain€thapter 4 explored the fundamentals of alert
systems andelectedr angébés (2017) framework model for buli
This includes focus on the data analysis phase and using the following steps to build an alert
system:1) early warning model buildin@®) threshold setting, angj signal alert generation. As

well as performance evaluation.

Chapters 6 and 7 laid the groundwork for analysis methods and identified controllable
aspects like variant dominance and case count changes. It also revealed substantial variabilities

between the sites themselves, settinggthideposbf only using metrics that welsy site

Chapters 8 and 9 explored viral lo@d.) and case and hospital correlation, revealing a
stronger relationship betwedth and case count3he correlation coefficient &fL and the next
7 days of cases was 0.875, with an incréa$:900 if there was &dayshift backward (i.e., the
previous 3 days and the next 4 days). This high correlation created confidence in setting up a

system which usegL to predict case counts.

Chapter 10 used the Yang madzmdrrelation testing, and general analysis findings to

select the independent and dependent variables for an alert $ysterchange of viral load (or
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viral load of LOD if below LOD) to the change of weekly cases by site. Base models were

explored, ultimately landing on the 4sjte FMR Control Chart as the alert system base. This

provided the simplicity and directness, which were key element goateseCh. 1.To see if

the data normality was agreeable to such a chart, normality tests for baselines and total datasets
were explored and ultimately approved. The proposed model included/ReClontrol Chart

for VL and testing against a similar contrblact for case increaséeb.hi s compl et ed Yan

step: 1) early warning model building.

Tocompl ete the next of Yangds steps, 2) thr
training was selected in Ch.11. The controllable aspects of variant dominance and case change
(Ch. 6) to isolate thperiodof SMP Wks511 as acceptable baselines for establishing the UCLs
for both VL and case changes. The standard deviation multiplier threshold of 3 for both VL and
case change was used as default, though Ch. 12 evaluated the performance effects of 0.5
incremants from 0.5 to 4.0 for both VL and case chaflgete s hol ds. Thi s compl e

second step.

And finally, Yangdéds final step, 3) signal
system to assign VL and case alerts to the SMP data, based on whether the VL and case changes
rose above their UCL. However, performance evaluation was still regsmesummary statistics
were generated by site and total averdgleen using the standard deviation multiplier threshold
of 3 for both changing VL and cases (daily cases for next 7 days), the alert flags matched each
other 88% of the time. If calculatedrfcase flags of that week or following week (accounting for
possible VL leading indicator effects), matching increased to 92%. For every positive VL alert,
49% had an associated positive case alert that week; 52% for-Bexedks. For every negative

VL alert, 94% had an associated negative case alert that week; 97% fo2nsreks.
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Sensitivity was calculated at 39% for same week, or 52% for R2xvdeks. Specificity was
calculated at 94% for same week, or 99% for neXtwleeks. These metrics were explored using
other thresholds, which did improve certain performance indicatgrs $ensitivity), but usually

at the cost of other indicators.

To make this model more accessible to public health practitioners who would like to use
it for their own WWS, Chapters 1113 were written in a more targeted voice, complete with tips
to the readers. Chapter 13 even provided a mock scenario, effectivalyspeetive analysis of
the system as it pertained to the Omicron spike of December 2021. This scenario allowed readers
to visualize the system in application, being able to place themselves in an impending case spike

scenario.

Discussion

Overall, I am pleased with the building of the alert system and performance metrics. The
matching of the VL and case alerts (92%) indicate a strong relationship between an acceptable
threshold VL change and an imminent threskasdved rise of case$his answers the question
of whether WWS could predict imminent rises in community COX{fDdisease: yes, as a VL

change alert to case change rise.

The alert sensitivitypf 52%, meaning that only about half the imminent rises will be
detected at that thresholcbuld be improvedSpecificity is howeverexcellentat 99%, meaning
that the system is very good at knowimigena case increase willot happen. And while
changing VL and caghresholds can adjust the performance evaluation metrics, they usually
come at the cost of other metrid® decide on the value of each would require a conversation

with the users of the system. For my needs, | would rather heystean thats more discerning
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and underreport, thare overly sensitive and overrepoHowever, this does answer the follow
up question in Ch.1 about whether a framework can be reasonably applied to WWS data: yes,

with a system as simple as an Excel workbook, in fact.

The final followrup Ch.1 question, referring to application to other-R@H WWS data,
was outside the scope of this dissertation and unaddressed. However, the data used here relied
mostly on case data and viral loads. Provided that those pieces ofedataitable and it is
standard practice in NWSS to collect the pieces that make up viral load (viral concentration and
flowrate)i 1 donét see why any other jurisdiction c¢
CoV-2 or other WWS targets. The bigj limitation in my mind would be the lack of good,
consistent WWS collection and analysis. | am lucky to be working with data that maintained
collection and analysis methods throughout, performed by a single state lab. Perhaps other

jurisdictions may ha& even more intesite and intetab variability to conted with.

Which takes me to my finahkehome theme that seemed to pop up in every chapter

the by site variabilitylt was beyond the scope of my dissertation to identify which sites were

(@)}

better suited to my alert system, but it isn
in data reporting or viral load variability. A followp to this dissertation atd include a deeper

dive into discerning how and why some sites have better evaluation outcomes than others.
Perhaps there is something the SMP dauto facilitate better data collection, whether that

means working with volunteering utility partners or lab staff to ensure the higledgy data, or

simply not including sites with certain metadata qualities that have higher likelihood of more

variable data.
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Limitations

There were several major limitations to this dissertation, all centered on the data itself.
The first of which was the case data, which used VDH public download and VDH WWS
spatially linkedc ase counts. The source of both those s
no secret that there are major limitations around this provisional case reporting data, including
reporting lag and other issues. The reporting lag was controlled fosidisisiertation with the
cut-off of analyzed datasesetseveral weks before the most recent data, where the likelihood
of most reporting being in is higher. Howeverhatme COVID19 tests became readily
available to Virginians starting in the Spring of 2022. Due to this, the number of clinical
(reported) COVID19 infedions probably started to become artificially suppressed, as Virginians
no longer needed to visit a clinical (reporting) facility to test themselves for CQYII
addition to this, case definitions at VDH changed on January 1, 2023 to no longer include
positive athome antigen tests as confirmatofe resulis that VDH case data is less reliable as
a community indicator after Spring 202®&ith the start of 2025, COVIEL9 case reporting will

no longer happen within VDH.

Additionally, site metadata like sewershed boundaries are not created equally. | know,
because | made many of them. Some sites peofessional qualitydetailedmapping of their
service regiog while others providdageneral zed 6gi st 6 of service are

spatially mappedase counts may not be an accurate representation of that region.

Lastly, the variant reporting is very limited. Here | used federal and state data points to
narrow in on the best controlled time for variant dominance, but it was surely lacking in

granularity. Hence why the same baseline was used for all sites, andsita. [ his is
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something which may be improved upon as VDH WWS continues doing their own sequencing

of their sites.

Importance & Practical Application

As summarized iChapter 4.5the current landscape ofainstreamWVWS alert systems
is painfully inadequate. This alert system model provides a framework for creating not only
actionable flagé which assistgublicandpublic health interpretation of WWS datdout also
ties in contextual relationshids realworld disease burden (i.e., cases). This answers the
guestion of wiradlbddies fahis@mperedwsgho t ocdse worr i e

rise.

This proposed alert system offers substantial differeacds/aluevhencompared to
CDC NWSSO6s mo srdlated metris, ehé WiastawaterrViral Activity Level

(WVAL)(CDC, 2025a).The two systems are contrasted below in Table 14.1.
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Table 14.1Summary Differences between CDC WVAL and Yancey VL Alert

Summary: CDC WVAL vs Yancey VL Alert
| wvar [ VanceyViAlet |

Provides “Alerts™? No, but provides current Z-score/category Yes (if input > XSD Upper Control Line)

[“What is the current level of viral activity?”] [“Are cases going to rise imminently?”]
Provides contextual relationshipto  No Yes (built for case change, but also considered
cases or other health outcomes? hospitalization correlates)
Relationship to imminent caserise? No Yes
Provides future modeling? No No
Provides validation metrics? Not stated on dashboard Yes (matching, Se-Sp)
Based on academic work? Not stated on dashboard This dissertation
Assesses sites individually? Yes Yes
Input metric Weekly averaged by-site log FPNC Each by-site VL* change

(flow/population normalized concentration)
[FPNC calculates the same as VL*/population]

Uses historical baseline data? Yes, last 12 months (recalculated 2x/yearly) at Yes, VL* change measured during most recent
10*" percentile state-level period of low cases & variant stability
Output metric E~X for (In(FPNC weekly) - In(FPNC baseline))/  Positive or negative alert flag per site; positive
(FPNC baseline SD) when VL* change is greater than XSD threshold
[logged and unlogged FPNC z-score]
User customizable outputs? No Yes, case & VL* thresholds can be adjusted
Ability to aggregate regionally? Yes, state/regional/national categories on Currently by-site alerts only
dashboard

Can be used for other PCR targets?  Yes, currently used for SARS-CoV-2, flu A, RSV Theoretically, but not validated
Model currently used by: CDC NWSS VDH WWS

*Viral Load or Viral Load at LOD (if concentration is below LOD), expressed as moving range (i.e., change of viral laag)r ca
** CDC NWSS Viral Activity Level (CDC, 2025a)

The most distinguishing difference between the twbas the primary purpose of the
WVAL is not to giveassignalertsor tie in caseshough one woultikely be alarmed if they saw
their geographic region sporting a high categ
from percentiles, is to be able to aggregate different sites and regions together under a common
metric. It is not designed to ate whether the recent site value is higher than the last, or whether

that portends real disease burden changes.

The purpose of this proposed alert system
value is high enough to elicit concern with a simple flag. It is meant to inform the/public
health practitioners that there has bestatisticallynotable increase in community viral
shedding, which could warn of increased cases or hospitalizations in the cominigakprals
and case workers aneost likelyalreadyawareof their currentpatient burdenpbuthaving

insights into potential surges over the next few days can give them pririesight for
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preparation. Similarly, interested members of the public may appreciate somaipeads
regarding imminent increases in community ilinéssveryone is going to get sick over the next

few days, perhaps social distancpignningmay be appropriate.

While the above practical applications for the public and public health practitioners may
be useful, the real value of this dissertation is the groundwork it lays for future WWS. With the
extensive monetary investmentNiWSS infrastructure across the country over the last several
years, and other emerging infectious diseases looming upon the horizon (e.g. MPEXY),
we could again begin to worry about overwhelming our healthcare system and look to WWS for
surveillance supparthis will be especially true if case data is limited or unreliable. And if that
were to happen, doing dissertatiewvel deep dives on variability analysis, early warning
systems, correlational analyses, and developing/evaluating alert systems willmveiment at

best.

The answer to the primary research question of whetherweekly WWS sampling can
predict imminent rises in COVH29 community disease burdereis e s oundi ng &6yeso.
tool as simple as Excel. Yet, withenovelty and inherent variability associated with WWig
proposed framewortequireda thorough evaluation of data variabilitiyerature review, data
analysis, alert system building, and evaluation. It requimeddisciplinary expertisée.g,
environmental health, public health, data sciences, and disaster managproég}ionalevel
insights into the building and management of this burgeoning field, as well as the time,
creativity, and interesif a PhD studernb sustain a muHlyear research projedeing in this

place at this timeg has allowed me to be uniquely of service during a public health.crisis

It is my hope thathe research presented here helps shape the way we use and share WWS in this

state and beyond.
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Appendk i 8.5 By Site VL & Daily Cases

Some sites withdrew from SMP early (*).
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