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SARS-CoV-2 RNA data normalization cor-
rects for wastewater dilution.

Influent wastewater pH impacts SARS-
CoV-2 concentrations detected.

PMMoV was comparable to normalization
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proaches should be used.
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Editor: Warish Ahmed Wastewater-based surveillance (WBS) data normalization is an analyte measurement correction that addresses varia-
tions resulting from dilution of fecal discharge by non-sanitary sewage, stormwater or groundwater infiltration. No con-

Keywords: sensus exists on what WBS normalization parameters result in the strongest correlations and lead time between SARS-

Wastewater-based epidemiology (WBE) CoV-2 WBS data and COVID-19 cases. This study compared flow, population size and biomarker normalization impacts

I(\:I(sﬁl-ilz;ion on the correlations and lead times for ten communities in twelve sewersheds in Alberta (Canada) between September

Industrial wastewater 2020 and October 2021 (n = 1024) to determine if normalization by Pepper Mild Mottle Virus (PMMoV) provides
Combined sewers any advantages compared to other normalization parameters (e.g., flow, reported and dynamic population sizes,
Mobile populations BOD, TSS, NH3, TP). PMMoV concentrations (GC/mL) corresponded with plant influent flows and were highest in
the urban centres. SARS-CoV-2 target genes E, N1 and N2 were all negatively associated with wastewater influent
pH, while PMMoV was positively associated with temperature. Pooled data analysis showed that normalization
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increased p-values by almost 0.1 and was highest for ammonia, TKN and TP followed by PMMoV. Normalization by
other parameters weakened associations. None of the differences were statistically significant. Site-specific correlations
showed that normalization of SARS-CoV-2 data by PMMoV only improved correlations significantly in two of the twelve
systems; neither were large sewersheds or combined sewer systems. In five systems, normalization by traditional waste-
water strength parameters and dynamic population estimates improved correlations. Lead time ranged between 1 and
4 days in both pooled and site-specific comparisons. We recommend that WBS researchers and health departments:
a) Investigate WWTP influent properties (e.g., pH) in the WBS planning phase and use at least two parallel approaches
for normalization only if shown to provide value; b) Explore normalization by wastewater strength parameters and
dynamic population size estimates further; and c¢) Evaluate purchasing an influent flow meter in small communities
to support long-term WBS efforts and WWTP management.

1. Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
wastewater-based surveillance (WBS) has complemented clinical surveil-
lance of Coronavirus disease 2019 (COVID-19) by providing scientific
evidence to support public health decision making for pandemic manage-
ment (Howard et al., 2020). Unlike clinical diagnostic tests, which are
invasive, costly, time-consuming and affected by testing policies and behav-
iours, wastewater monitoring of SARS-CoV-2 RNA provides pooled testing
of all COVID-19 cases relying on a centralized wastewater collection and
treatment system (Daughton, 2020a; Daughton, 2020b). WBS can also pro-
vide an early indication of changes in community-level trends compared to
clinical data (Ahmed et al., 2020a; Gerrity et al., 2021; Gonzalez et al.,
2020; Peccia et al., 2020; Randazzo et al., 2020; Weidhaas et al., 2021).
Lead time reports vary substantially with early COVID-19 trend detection
ranging between 0-2 days and 2-3 weeks (Bibby et al., 2021). Various stud-
ies have compared analytical methods used in COVID-19 WBS (Ahmed
et al., 2020c; Kevill et al., 2022; LaTurner et al., 2021; Philo et al., 2021;
Qiu et al., 2022; Sapula et al., 2021; Vadde et al., 2022; Zhan et al.,
2022). Fewer studies have explored the role of SARS-CoV-2 data normaliza-
tion on correlations between WBS and community prevalence of COVID-19
(Isaksson et al., 2022; Sakarovitch et al., 2022).

Data normalization is an analyte measurement correction that addresses
variations in fecal strength and dilution in the sewershed. Estimating the
concentration of any biological or chemical analyte in wastewater is com-
plicated by flow changes and dilution events (e.g., stormwater, industrial
discharges, hauled wastes, groundwater infiltration and inflow), analyte
shedding rates and patterns, the size of the population served and the stabil-
ity and transport mechanics of the biomarker being monitored in the
sewershed (Arabzadeh et al., 2021; Mazumder et al., 2022; Wade et al.,
2022a). While there is currently no consensus on what WBS normalization
parameters result in the strongest correlations or longest lead time between
SARS-CoV-2 WBS data and COVID-19 case numbers, the majority of ap-
proaches incorporate corrections by flow, population size and endogenous
fecal biomarkers. To compare viral concentrations in wastewater over time,
monitoring loading estimates (i.e., gene copies (GC) per day) by multiply-
ing viral RNA concentrations by daily wastewater flows to account for
changes in sanitary sewer contributions has been recommended (Centre
for Disease Control and Prevention, 2022; Greenwald et al., 2021b; Gudra
et al., 2022; Rusifiol et al., 2021; Sakarovitch et al., 2022). Traditional
wastewater physico-chemical properties and dynamic population size esti-
mates have also been used to account for fecal strength changes but studies
have often been challenged by lack of critical daily influent data or limited
sample sizes (Cluzel et al., 2022; Greenwald et al., 2021b; Sweetapple et al.,
2021; Wade et al., 2022b). Dynamic population estimates are of interest
when participating wastewater treatment plants (WWTPs) receive influent
from adjacent towns or have mobile populations with high tourism, com-
muters or part-time residents (Gudra et al., 2022; Isaksson et al., 2022)
making census population size data up to 50 % inaccurate (Castiglioni
et al., 2013). Dynamic population estimates calculate the size of the popu-
lation contributing to the sewershed by using influent wastewater contam-
inant loading (e.g., ammonia, phosphorus) and the concentration of the
specific contaminant shed per capita providing data in the units GC per

capita to facilitate comparison across sites. Normalizing SARS-CoV-2
RNA concentrations by endogenous human fecal markers by assaying
organisms or compounds specific to human feces in wastewater to estimate
its human fecal content or fecal strength is also common (American Public
Health Laboratories, 2022; Been et al., 2014; Centre for Disease Control
and Prevention, 2022; Choi et al., 2019). Explored biomarkers include
Pepper Mild Mottle Virus (PMMoV), Bacteroides HF183, F-specific RNA
bacteriophages, human 18S rRNA, crAssphage, fecal coliforms and (3-2-
microglobulin (Ai et al., 2021; Duvallet et al., 2022; Feng et al., 2021;
LaTurner et al., 2021; Sakarovitch et al., 2022; Vadde et al., 2022; Wilder
et al., 2021; Zhan et al., 2022). Hypothetically, normalization of quantita-
tive virus data with these endogenous fecal controls can improve correla-
tions between RNA concentrations and case numbers by accounting for
variability in human fecal content provided that the endogenous wastewa-
ter marker shedding, fate and transport mimics that of SARS-CoV-2 (Crank
etal., 2022; Gutierrez et al., 2021). Several studies have reported that nor-
malization by biomarkers does not consistently improve correlations with
cases at the community level (Duvallet et al., 2022; Feng et al., 2021;
Greenwald et al., 2021a; Sakarovitch et al., 2022; Zhan et al., 2022).
PMMoV is not an endogenous fecal marker but is frequently used for
SARS-CoV-2 RNA data normalization. Several studies have advocated
normalizing SARS-CoV-2 concentrations by the PMMoV (D'Aoust et al.,
2021b; Wu et al., 2022), especially for normalization of SARS-CoV-2
concentrations in solids. Despite being recovered in high concentrations
from feces and untreated wastewater, PMMoV concentrations in wastewater
are highly reliant on availability and consumption of infected capsicums and
some other solanaceous plants and their products (Holm et al., 2022;
Symonds et al., 2018; Wu et al., 2022; Zhang et al., 2006), access to which
is influenced by geographical and socio-cultural community characteristics.

The objective of this study is to compare the impacts of flow, population
size and biomarker normalization on correlations and lead time between
SARS-CoV-2 WBS data and COVID-19 case rates using a large, long-term
dataset (n = 1024) and a published and validated analytical method to
provide recommendations to WBS practitioners. The analysis is divided
into four sections: a) Comparing the loading of three SARS-CoV-2 gene
targets (N1, N2 and E) and PMMoV in all participating communities;
b) Investigating wastewater properties that impact SARS-CoV-2, PMMoV
detection and HCoV-229E recovery rates to better understand WBS data lim-
itations; ¢) Exploring if data normalization provides better correlations with
active population infection trends when data is pooled; and d) Comparing
impacts of normalizing averaged SARS-CoV-2 gene targets E, N1 and N2 by
PMMoV concentrations, wastewater influent flows, reported and dynamic
population sizes, wastewater strength chemical parameters (biochemical
oxygen demand (BOD), total suspended solids (TSS), ammonia (NH3), total
Kjeldahl nitrogen (TKN), total phosphorus (TP) and total organic nitrogen
(TON)) on correlations and lead times with active cases at each site. We pro-
vide a statistically powerful assessment of an extensive and unique number of
normalization parameters in twelve wastewater systems with high rates of
COVID-19 clinical testing among sewershed subpopulation. Our hypothesis
was that normalization by PMMoV would not always improve correlations
or lead times with COVID-19 clinical cases and that using other classical
wastewater strength parameters for normalization would provide compara-
ble value. Given the constant changes in COVID-19 testing algorithms, we
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recognize that correlations with clinical data is not a gold standard for deter-
mining validity of WBS (Qiu et al., 2022). However, correlations with
reported cases can be useful to determine if WBS data reflects broad trends
of infection in the population (Duvallet et al., 2022).

2. Materials and methods
2.1. Wastewater treatment plants samples and populations served

Twelve WWTPs in Alberta (Canada) participated in the study. All partic-
ipating plants with the exceptions of High River (aerated lagoon) were tra-
ditional secondary treatment facilities with biological nutrient removal. All
collection systems were sanitary except for Edmonton which includes some
combined stormwater sewers. Edmonton's Gold Bar WWTP and Calgary
Plant A were the largest two facilities receiving >200 megalitres per day
(MLD) and serving populations larger than one million residents. All
other plants received <100 MLD. Each utility identified the communities
within the boundaries of its WWTP sewershed which was mapped to corre-
sponding Local Geographic Areas (LGA), created by Alberta Health and
Alberta Health Services based on census boundaries. This information
was used to determine the number of new and active COVID-19 cases and
case rates per 100,000 in the population served by each respective WWTP
from the COVID-19 surveillance database of the Government of Alberta.
Active cases were defined as number of cases within 14 days from onset.

New cases were defined as daily new cases reported by Alberta Health
Services. COVID-19 epidemic waves in Alberta were defined as the first
(May-Sept 2020), second (Oct 2020-Feb 2021), third (March—June 2021)
and fourth (July-October 2021). Given that sample storage methods were
changed in Wave 2 (Qiu et al., 2022), the correlations only include data
collected in Waves 2-4 between September 30, 2020 to October 3, 2021.

Post-grit screening raw influent samples were collected two to three
times per week using hourly or flow-based composite samplers from all
twelve participating WWTPs. Most 24-hour composite samplers ran from
midnight to midnight and the same composite sample was subsampled for
both physico-chemical analyses and virological assays. Physico-chemical
analyses and data sources are provided in Section 2.2. For virological assays,
a 500 mL subsample from the post-grit 24-hour composite samples was
collected 2-3 days per week from May 15, 2020 to October 3, 2021. Waste-
water subsamples were stored at 4 °C after collection, shipped weekly to the
analytical virology laboratory and processed within 72 h in accordance with
other publications (Ahmed et al., 2020b; Isaksson et al., 2022). Table 1
provides descriptions of participating wastewater treatment plants and
their served communities in twelve sewersheds in Alberta between May
2020 and October 2021.

Table 1
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2.2. Physico-chemical water quality parameters

All participating WWTPs provided influent flows in 1000 m*® per day or
megaliters per day (MLD), temperature (°C), biochemical oxygen demand
(BOD, mg/L) and total suspended solids (TSS, mg/L) for the dates on
which samples for virological analyses were taken. Influent flow and tem-
perature data was measured in real-time using appropriate controllers
and recorded in the WWTP Supervisory Control and Data Acquisition
(SCADA) systems. Reported physico-chemical laboratory analyses were
conducted by WWTP wastewater laboratories located on-site or shipped
out to accredited commercial laboratories. Results were recorded in the
Laboratory Information Management Systems (LIMS) or in Excel. Addi-
tional physico-chemical influent data was collected from the City of Calgary
Plant A and Edmonton's Gold Bar WWTP. Both facilities have laboratories
accredited by the Canadian Association for Laboratory Accreditation
(CALA) and use Standard Methods for the Examination of Water and Waste-
water (American Public Health Association and American Water Works
Association, 2017). Additional parameters included: pH, Total Ammonia
Nitrogen (NH3), Biochemical Oxygen Demand (BOD), Total Phosphorus
(TP), Total Suspended Solids (TSS), Total Kjeldahl Nitrogen (TKN). To
estimate total organic nitrogen concentrations, ammonia values were
subtracted from TKN values for the same composite sample. All samples
were run with blanks with every batch analyzed on the same date. Instru-
ments were calibrated with prepared or purchased standards solutions for
each instrument run. 10 % of samples were run in duplicate.

2.3. Processing and testing wastewater samples for SARS-CoV-2 RNA

The optimized laboratory protocol for processing of wastewater sam-
ples was published in Qiu et al. (2022). All reported RNA concentrations
and QA/QC data were produced by the same laboratory at the University
of Alberta. Briefly, 100 mL of sample was centrifugated at 4500 x g for
10 min. The supernatant was collected, transferred to the Centricon filter
cup (30-kDa MWCO, Millipore) and centrifuged. The concentrated sample
was made up to a final volume of 1 mL with phosphate buffered saline.
The total nucleic acid (NA) was extracted from 400 pL of the concentrated
sample using MagMAX-96 viral RNA isolation kit on the automated
KingFisher™ Flex instrument and eluted at a final volume of 100 pL. One-
step real time RT-qPCR assay was performed in duplicates to detect E,
N1 and N2 genes of SARS-CoV-2 on an ABI 7500 PCR instrument. For
quantification, an external standard curve was prepared by 10-fold serial
dilutions. The limit of detection was 80 copies per 100 mL for all three
targets and was determined as described in Pabbaraju et al. (Pabbaraju
et al., 2021).

Description of participating wastewater treatments and their served communities in twelve sewersheds in Alberta with corresponding average values (Ave) and standard
deviations (+SD) of plant post-grit influent temperature (°C), total suspended solids (TSS, mg/L), biochemical oxygen demand (BOD, mg/L) and flow rates (10 m3/ day)

between May 2020 and October 2021.

Wastewater treatment # of Flow rate Total suspended Biochemical Influent City/town/county served Population
plant samples (1000 m®/day solids (TSS, oxygen demand temperature in the
(n) or MLD) mg/L) (BOD, mg/L) Q) sewershed
Ave + SD Ave * SD Ave + SD Ave * SD

EPCOR Gold Bar 118 306 + 124 342.6 = 365.3 2749 =171 15.6 = 5.6 Edmonton, Leduc, Beaumont 1,115,021
The City of Calgary A 106 346 * 44 274 + 38.4 251.9 = 37.1 14.4 £ 2.2 Calgary North, Cochrane, Airdrie 1,104,208
The City of Calgary B 97 34+9 295.4 + 86.4 288.9 + 57.1 15.2 £ 2.1  Calgary South 90,922
The City of Calgary C 106 89 + 13 239.1 = 57.8 207.3 = 32.8 15.3 = 2.5 Calgary South 307,622
Alberta Capital Region 108 76 + 11 353.8 + 82.3 256.2 + 44 13 +2 Fort Saskatchewan, St. Alberta, Spruce Grove, Strathcona 326,497

Wastewater County, Sturgeon County, Stoney Plain, Morinville, Bon

Commission (ACRWC) Accord; Gibbons
The City of Red Deer 96 56 + 8 250.1 = 50.5 259.3 + 57.5 15.3 £ 1.5  Red Deer, Sylvan Lake, Olds, Lacombe, Innisfail 187,857
The City of Lethbridge 72 40 =3 8 +47 43 *1.9 189 + 3.4  Lethbridge 100,655
Aquatera 82 19 +3 285.9 *= 86.7 324.1 = 83.9 13.2 £ 2.1  Grande Prairie 74,245
The City of Medicine Hat 67 24 +1 208.4 = 23 206.4 = 25 16.2 = 8.8 Medicine Hat 68,115
High River Treatment 53 4+03 154.7 * 77.2 315.3 = 147.8 12.4 £ 3.1  Town of High River 16,922

Facility
EPCOR Canmore 60 9+4 227.5 = 341.1  229.2 + 96.6 10.8 £ 2.0  Town of Canmore 16,547
The Town of Banff 82 6 *2 155.3 + 43.9 160.6 + 35.5 109 = 1.7 Town of Banff 13,451
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For every run, a matrix spike was prepared by spiking a known concen-
tration of cultured human coronavirus 229E (hCoV-229E, 100 uL, VR-740,
ATCC) into each unprocessed sample as previously described (Qiu et al.,
2022). The recovery rate of the virus in wastewater (%) = amount of
hCoV 229E detected in the spiked sample / amount of virus detected in
the baseline sample X 100. Recoveries ranged between 1 and 10 % for
the majority of samples tested and were used for the assessment of waste-
water variables that showed relationships with measured SARS-CoV-2
RNA concentrations. Salmon DNA (5 pL) was spiked into concentrated sam-
ple before the NA extraction and quantified by qPCR to assess the degree of
PCR inhibition. Inhibition was defined as a delay of Ct by 3 cycles as com-
pared to a distilled water control spiked with the same amount of salmon
DNA and was identified in 7 % of samples. PMMoV was quantified using
RT-qPCR alongside the 3 gene targets of SARS-CoV-2. Negative and positive
controls were included during sample concentration, nucleic acid extrac-
tion and RT-qPCR. All quality control criteria were met before reporting.
Positive result (SARS-CoV-2 RNA) was reported when there were two or
more positive PCR tests out of the six duplicate PCR runs for each of the
three SARS-CoV-2 gene targets.

2.4. Statistical analyses

2.4.1. Statistical analyses of wastewater SARS-CoV-2 concentrations, trends and
relationships

All data analyses and statistics were performed in JMP® (Version 16.1.
SAS Institute Inc., Cary, NC, 1989-2021). For all statistical analyses,
seven-day moving averages were used for all active and new COVID-19
cases as recommended in the literature (Ai et al., 2021; Johns Hopkins
Coronavirus Resource Center, 2022). In addition, seven-day moving aver-
ages were used for SARS-CoV-2 RNA concentrations to smooth daily
variability of the dataset as recommended by Li et al. (2022) (Li et al.,
2022). For smoothing case numbers and RNA concentration data, we calcu-
lated seven-day moving averages using an exponential function and
averaged values for seven days starting with the value recorded on the
date of sample collection (i.e., right-aligned window). Exponential smooth-
ing models use a weighted average of the observed value yt — 1 and the
forecasted value yt — 1 as the forecast for time period t, which allows us
to give more recent values more weight. The forecasting equation is

Jt=wyt — 1+ (1 —w)yt — 1

where w is called the weight or smoothing constant for the exponential
smoothing model and is traditionally assumed have a range of 0 < w <
1. In our calculations, t = 7 and the smoothing constant was automatically
set by JMP to 1.0.

Data related to influent wastewater samples characteristics were aver-
aged and presented as means and standard deviations. Quartile range out-
lier analysis (tail quantile = 0.1; Q = 3) was used to detect outliers for
all parameters that fell outside the mean by more than three standard devi-
ations. The outlier analysis identified seven SARS-CoV-2 outliers and an ad-
ditional 25 flow and chemical parameter outliers, which were excluded
from the remainder of the analyses following visual confirmation. Compar-
ing gene target concentrations was performed using a Mann-Whitney U
test, where p < 0.05 was considered significant. Relationships between
wastewater properties and SARS-CoV-2 gene target loading were examined
using response screening, which relies on bivariate regressions but adjusts
for False Discovery Rates (FDR), outliers and missing values. SARS-CoV-2
gene targets, PMMoV concentrations and hCoV-229E recoveries were
used as the Y variables, while plant influent flow, BOD, TSS, temperature,
NH;, TP and TKN were used as the predictors. SARS-CoV-2 gene target
concentrations were hCoV-229E recovery adjusted by multiplying the
gene target concentrations by 100 and dividing by the corresponding
matrix spike recovery result. SARS-CoV-2 flow adjustment (or loading)
required multiplying the SARS-CoV-2 gene target concentration by plant
influent flow for the date of composite sampler collection.
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2.4.2. Normalization comparison based on influent properties and other
parameters

To improve our understanding of data normalization impacts, we com-
pared correlations between seven-day moving averages of active and new
COVID case rates and averaged normalized and unnormalized seven-day
moving averages of SARS-CoV-2 gene target concentrations for both the
pooled dataset and by individual WWTPs. Recognizing that the SARS-CoV-
2 data did not follow a normal distribution and was highly autocorrelated
with case rates and wastewater properties, we used Spearman correlations,
a non-parametric statistical correlation approach (Greenwald et al., 2021b).
Since all p-values were very low for these analyses (p < 0.001), we reported
Spearman's p throughout the results to characterize the strength of the asso-
ciations between both variables. Spearman's p values were interpreted as
provided by Von Sperling et al. (2020): a strong correlation had a p-value
higher than 0.7; a moderate correlation had a p-value between 0.4 and 0.7;
and a p-value between 0 and 0.4 was considered a weak association (Von
Sperling et al., 2020). Differences between normalized and unnormalized
p-values were presented. To compare normalized and unnormalized correla-
tions statistically, a multiple comparison rank sum test was used where the
control was set as the correlation between cases and unnormalized SARS-
CoV-2 concentrations (Steel, 1959). We also used a six-day lag function for
new and active case rates to explore the effect of normalized SARS-CoV2
data on lead time determination using the same Spearman correlations. A
lag function in JMP is used to access data from previous rows for a defined
number of rows for statistical calculations. The lag function can be edited
to become a lead function and access subsequent rows. The lag function
therefore allows calculating the Spearman correlations between RNA con-
centrations and case rates on subsequent dates to identify number of days
of lead time where correlations are strongest. Averaged SARS-CoV-2 RNA
concentrations were normalized by PMMoV, plant flow in MLD (Gene targets
averaged*Flow), plant loading per capita (Gene targets averaged*Flow/
Population), BOD (Gene targets averaged/BOD), TSS (Gene targets aver-
aged/TSS), plant loading per capita as determined by a dynamic population
calculation by BOD (Gene targets averaged*Flow/BOD Dyn Pop) and plant
loading per capita as determined by a dynamic population calculation by
TSS (Gene targets averaged*Flow,/TSS Dyn Pop) for all plants. To calculate
dynamic population estimates as previously described (Sweetapple et al.,
2021; Wade et al., 2022b), site-specific concentrations of wastewater
physico-chemical parameters, literature reported per capita excretion esti-
mates for the specific biomarker per capita and flow rates were used. The
dynamic population size was calculated by multiplying the daily measured
parameter concentrations (X4) and daily wastewater flow rates (Qq) and di-
viding by literature reported per capita excretion estimates for the specific
biomarker (X mg per capita per day)- When dividing SARS-CoV-2 RNA loading
by dynamic population size, plant flow and mg/L cancel out and the final
unit is GC per capita.

Dynamic population size = _ X
Xmg Per capita per day

Literature derived daily discharge per capita (X mg per capita per day) €Sti-
mates were as follows: 1.8 g of TP/capita.day of (Alexander and Stevens,
1976); 50-118 g of BOD/capita.day (Metcalf et al., 2014) with an average
of 84 g BOD/capita.day; 8.1 g of NHs/capita.day (Been et al., 2014),
59-150 g of TSS/capita.day (Metcalf et al., 2014) with an average of
105 g TSS/capita.day; and 9.1-22.7 g TKN/capita.day (Metcalf et al.,
2014) with an average of 15.9 g TKN/capita.day. When ranges were pro-
vided by the source, the average value was used.

Daily influent concentrations of NH3, TP, TKN and total organic nitro-
gen (TON) were only available for Calgary Plant A and the Edmonton
plant. Thus, for Calgary Plant A and Edmonton, averaged SARS-CoV-2
RNA concentrations were normalized by all the previously mentioned
parameters, as well as NH; (Gene targets averaged/NH3), TKN (Gene
targets averaged/TKN), TON (Gene targets averaged/TON), TP (Gene
targets averaged/TP), plant loading per capita as determined by a dynamic
population calculation by NH; (Gene targets averaged*Flow/NH3; Dyn
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Pop), plant loading per capita as determined by a dynamic population cal-
culation by TKN (Gene targets averaged*Flow/TKN Dyn Pop) and plant
loading per capita as determined by a dynamic population calculation by
TP (Gene targets averaged*Flow/TP Dyn Pop). The previously described
approach in Sweetapple et al. (2021) was used.

3. Results
3.1. SARS-CoV-2 gene target and PMMoV loading across participating WWTPs

Fig. 1 highlights the differences in SARS-CoV-2 gene target loading and
PMMoV loading over the study period for all participating plants in the top
panel. Within each site, the three SARS-CoV-2 gene target loadings (GC per
day) were not statistically significantly different from each other (Mann
Whitney U test results p-values > 0.05 for all sites). PMMoV RNA loadings
were statistically significantly higher than SARS-CoV-2 concentrations
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(p-value < 0.01), which is to be expected. PMMoV concentrations (GC/
mL) mostly corresponded with plant influent flows (Fig. 1 bottom panel)
and were highest in the urban centres (i.e., Edmonton and Calgary Plant
A). Despite serving the same population size and having similar COVID-
19 case rates as Canmore, High River had the lowest SARS-CoV-2 RNA
loadings possibly reflecting the difficulty of collecting a representative
wastewater influent sample at aerated lagoons or the mobile population
in Canmore. Detailed RNA loading data is provided in Supplementary
Appendix A.

3.2. Wastewater properties impacting SARS-CoV-2 and PMMoV RNA loading
into WWTPs

Relationships between wastewater quality parameters (influent temper-
ature, BOD, TSS, pH, NH3, TP and TKN), SARS-CoV-2 loading (GC/day) and
PMMoV loading (GC/day) at all twelve participating WWTPs by response
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Fig. 1. Mean SARS-CoV-2 target genes E, N1 and N2 and PMMoV RNA loading (GC/day) in post-grit raw influent samples between May 2020 and October 2021 collected
from twelve WWTPs in Alberta. The limit of detection was 80 copies per 100 mL for all three SARS-CoV-2 gene targets (top panel). Bottom panel shows PMMoV

concentrations by plant and flow rate (1000 m®/Day).
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Table 2
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Response screening assessing the relationships between various wastewater quality parameters, matrix spike recovery adjusted SARS-CoV-2 loading (GC/Day) and PMMoV
RNA loading (GC/Day). Reported results include the sample size, p-value associated with the regressions, the FDR Log Worth, effect size and R squared.

Y X Count p-Value LogWorth FDR p-Value FDR LogWorth Effect size Rank fraction RSquare
SARS-CoV-2-E pH 236 0.007 2.164 0.083 1.078 0.124 0.063 0.031
SARS-CoV-2-N1 pH 254 0.010 1.982 0.083 1.078 0.137 0.125 0.026
SARS-CoV-2-N2 pH 259 0.016 1.790 0.086 1.063 0.110 0.188 0.022
PMMoV Temp 883 0.026 1.578 0.106 0.976 0.078 0.250 0.006

screening are shown in Table 2. The response screening only revealed four
statistically significant relationships. SARS-CoV-2 loading for the three
gene targets were negatively impacted by wastewater pH with the effect
size ranging between 11 % and 14 %. Highest recovered SARS-CoV-2
loads were seen when pH ranged between 7.2 and 7.6. pH values were
only reported by six plants and ranged between 6.1 and 8.2 with a mean
value of 7.59 + 0.17. The dataset in the low and high pH range was very
limited but likely reflected industrial inputs into the sewershed suggesting
the importance of industrial interference. The effect size was most pro-
nounced on the N1, E and N2 genes, respectively, but followed the same
trend. PMMoV loading increased with increasing wastewater temperatures
possibly reflecting the availability and price of peppers in the market.
PMMoV loads plateau at approximately 25 °C. All other relationships
were not statistically significant, including relationships between hCoV-
229E recoveries and wastewater parameters (p-values > 0.05). Two
scatterplots detailing the relationships between SARS-CoV-2 and pH and
between PMMoV and temperature can be found in Appendix 2.

3.3. Spearman correlations and lead times between SARS-CoV-2 RNA WBS data
and COVID-19 case rates

3.3.1. Impacts of normalization on correlations between WBS and clinical SARS-
CoV-2 data pooled for all twelve communities

Fig. 2 summarizes the results of the Spearman correlation p-values to
describe the strength of the associations between all normalized and

unnormalized, raw SARS-CoV-2 gene targets concentrations with active
and new COVID-19 case rates for all twelve participating wastewater treat-
ment plants. p-values were used instead of Spearman p-values because all
p-values were <0.001 and statistically significant. A strong correlation had
a p-value higher than 0.7; a moderate correlation had a p-value between 0.4
and 0.7; and a p-value between 0 and 0.4 was considered a weak associa-
tion (Von Sperling et al., 2020). The data shows that SARS-CoV-2 WBS
data had higher correlations with active COVID-19 case rates than new
case rates but none of the differences were statistically significant (Mann
Whitney U test p-value > 0.05). In addition, normalization reduced the dif-
ferences in correlations between WBS data and active case rates regardless
of the gene target. The data highlights that normalization improves correla-
tions by increasing p-values up to by approximately 0.1. Given that there
was no statistically significant difference between gene target loading at
each site, relationships between gene target loading and wastewater prop-
erties, or correlations with case numbers, for the remainder of the paper
concentrations of E, N1 and N2 results will be averaged.

Table 3 breaks down the normalization parameters to provide addi-
tional insight into which parameters improved p-values for SARS-CoV-2
concentrations and case rates or lead times by depicting the difference in
p-values. The table reports p-values and the change in p-values; the latter
was calculated by subtracting unnormalized from normalized p-values.
Negative values indicate a weakened association due to normalization,
while positive values reflect improved associations. The results show that
normalization with ammonia, TKN and TP provide the highest difference
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Fig. 2. Spearman p-values describing the strength of the associations between all normalized and unnormalized, raw SARS-CoV-2 gene targets concentrations (E, N1, N2 and
the aaverage of all three) with active and new COVID-19 case rates for all twelve participating wastewater treatment plants (n = 1024). Spearman p-values were all <0.001

and statistically significant.
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Table 3
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Spearman p-values comparing strength of association between normalized and unnormalized average SARS-CoV-2 RNA concentrations and
active COVID-19 case rates pooled for all twelve participating plants (n = —1024) over a six-day lead time. The table includes difference
between normalized and unnormalized p-values. Spearman p-values were all <0.001 and statistically significant. Light grey in p-value
columns designate lead times. Light and dark grey in the difference column designate rows where normalization weakened associations or

had no impact.

Active Cases - Lead time Correlation p-Value Difference between Norm and Unnorm p-Values

0 1 2 3 4 5 6 0 1 2 3 4 5 6
Variable Day Day Day Day Day Day Day | Day Day Day Day Day Day Day
Unnormalized [SARS-CoV-2] 039 041 043 043 042 039 036 039 041 043 043 042 039 036
[SARS-CoV-2]/PMMoV 0.54 057 058 057 055 051 047 015 016 0.15 0.14 013 0.12 0.11
[SARS-CoV-2]*Flow 030 031 031 031 031 030 029|-009 -0.11 -0.12 -0.12 -0.11 -0.09 -0.07
[SARS-CoV-2]*Flow/Popln 042 044 046 046 045 043 040 0.03 003 0.03 0.03 003 0.03 0.04
[SARS-CoV-2]/BOD 0.09 0.09 0.09 009 0.09 009 0.08-030 -032 -0.34 -034 -0.33 -031 -0.28
[SARS-CoV-2)/TSS 0.13 0.13 0.14 0.14 0.3 0.13 0.12 [-026 -0.28 -0.29 -029 -0.28 -0.26 -0.24
[SARS-CoV-2)/TKN 058 0.60 0.60 061 059 057 054 019 018 0.18 0.17 017 0.18 0.18
[SARS-CoV-2]/NH3 058 0.60 0.61 061 060 057 055 019 0.18 0.18 0.18 0.18 0.18 0.19
[SARS-CoV-2]/TON 055 056 057 057 055 053 051 016 0.15 0.14 0.14 0.14 0.14 0.15
[SARS-CoV-2)/TP 058 059 0.60 061 059 057 054 019 0.18 0.17 0.17 0.17 0.18 0.18
[SARS-CoV-2]*Flow/ DynPop BOD | 0.09 0.09 0.09 0.09 0.09 0.09 0.08[-031 -032 -0.34 -0.34 -033 -031 -0.28
[SARS-CoV-2]*Flow/DynPop TSS 0.13 0.13 0.14 014 0.13 0.13 0.12 -026 -0.28 -0.29 -029 -0.29 -0.26 -0.24
[SARS-CoV-2]*Flow/DynPop NH3 056 058 059 059 058 056 053|017 017 0.16 0.16 016 0.16 0.17
[SARS-CoV-2]*Flow/DynPop TKN 0.57 058 059 059 058 055 052 017 017 0.16 0.16 016 0.16 0.16
[SARS-CoV-2]*Flow/DynPop TP 056 058 059 059 058 055 052) 017 017 0.6 0.16 0.16 0.16 0.16

in p-values, followed by PMMoV and dynamic population estimates by the
same parameters. Meanwhile normalization by BOD, TSS, BOD and TSS
dynamic population estimates, flow, and by flow and population weakened
associations. Regardless of p-values, the difference between normalization
and unnormalized associations was not statistically significant as shown by
the multiple comparison rank sum test (p-values > 0.2). Number of days of
lead time was selected as the day on which the p-values between WBS data
and clinical data was strongest. Lead time ranged between 1 and 4 days for
most normalization parameters. Mean BOD and TSS dynamic population
calculations and their standard deviations can be found in Appendix C.

3.3.2. Impacts of normalizations on correlations and early detection of active
cases at each site

To gain more insight into whether the pooling of results yielded generaliz-
able WBS recommendations, we examined site-specific correlations between
SARS-CoV-2 WBS and active COVID-19 case rates. Since all Spearman corre-
lation p-values were statistically significant (<0.001), Spearman p-values
were used to assess association strength. Similar to Table 3, Table 4 shows
the difference between unnormalized and normalized p-values for cor-
relations between 7-day moving averages of SARS-CoV-2 concentrations
and 7-day moving averages of active case rates by wastewater treatment
plant with a six-day lag to identify lead times between WBS data and clin-
ical cases.

Medicine Hat, Red Deer, and Calgary Plants B and C had the strongest
relationships between SARS-CoV-2 RNA in wastewater and active case
rates (p > 0.6). Normalization by PMMoV reduced or insignificantly
impacted p-values for all plants except for Canmore and Grand Prairie
where correlation p-values were increased by 0.2 and 0.3, respectively. In
both cases, correlations between SARS-CoV-2 WBS data and COVID-19
case rates remained low (p < 0.6). There were five cases where normaliza-
tion by other parameters (flow, population, chemical parameters or
dynamic population) improved correlations by 0.1 (ACR, Grand Prairie,
High River, Banff, Medicine Hat) but overall changes in p-values were insig-
nificant. For most plants, active case lead times ranged between 2 and
3 days, with Calgary Plants A and C having lead times up to 4-5 days. A
full list of Spearman correlations is provided in Appendix D.

4, Discussion

Wastewater surveillance is increasingly being incorporated into public
health surveillance to respond to the COVID-19 pandemic. To obtain the

maximum benefit from WBS, detected analyte concentrations need to
correlate with relevant epidemiological parameters, represent the spatial
and longitudinal changes in pathogen prevalence in wastewater and be
reported in a standardized manner (McClary-Gutierrez et al., 2021a;
McClary-Gutierrez et al., 2021b). There is also a need to understand corre-
lations with case numbers in smaller towns and communities where
populations are mobile and fluctuate significantly over time and where
clinical case numbers reported may not represent the true residents in the
sewershed. Similar to illicit drug use and environmental exposure monitor-
ing, normalizing SARS-CoV-2 RNA concentrations by WWTP flow, popula-
tion served per capita or by the estimated amount of human fecal material
in the samples (i.e., fecal strength) is needed to compare results across
different temporal and spatial scales (Feng et al., 2021; Greenwald et al.,
2021b; Thai et al., 2019). The present study compared the correlation
between COVID-19 cases and normalized and unnormalized SARS-CoV-2
concentrations in the WWTP influent of twelve wastewater systems in
Alberta (Canada) between September 2020 and October 2021 using multi-
ple approaches cited in the literature. While this approach is limited by
accuracy of COVID-19 clinical data, testing accessibility and test seeking
behaviour, exploring correlations between SARS-CoV-2 WBS and clinical
data remains a common approach to evaluate normalization efficacy
(Duvallet et al., 2022; Isaksson et al., 2022).

In the present study, SARS-CoV-2 RNA loading varied significantly be-
tween participating plants regardless of whether they had high (>200
MLD) or low (<100 MLD) flows. There were no statistically significant differ-
ences between the three target gene concentrations and all three had the
same limit of detection. This finding differs from the literature that reports
that N1 and N2 usually have the highest SARS-CoV-2 positivity rate and out-
perform the E gene target in WBS (Acosta et al., 2021; Ai et al., 2021; Gerrity
et al.,, 2021; La Rosa et al., 2021; Shah et al., 2022). It suggests that initial
WBS exploratory studies to confirm target gene suitability in new participat-
ing communities may not be necessary. Meanwhile, PMMoV results were
highest at the two large, urban WWTPs and stable throughout the study sim-
ilar to reports by other (Hamza and Bibby, 2019; Kitajima et al., 2018). Inter-
estingly, unlike PMMoV, SARS-CoV-2 RNA loads (GC/day) did correspond
with sewershed size and population size served. The lowest concentrations
of SARS-CoV-2 were recovered from High River as can be seen in Fig. 1,
which is the only system that is an aerated lagoon. This highlights the impor-
tance of collecting a representative sample in more challenging and rural
systems. This finding corresponds with D'Aoust et al. who recommended
that sampling from lagoons should be avoided when possible in rural
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communities (D'Aoust et al., 2021c). The difference in PMMoV and SARS-
CoV-2 persistence, decay and recoveries could be explained by differences
in vulnerability of the protein capsid and envelope of SARS-CoV-2 making
it easier to rupture compared to the sole protein capsid of PMMoV or by
differences in virus forms after conveyance in the sewers system upon
sample collection (e.g., free RNA versus intact virus) (Greaves et al., 2020;
LaTurner et al., 2021).

In addition to having different trends, SARS-CoV-2 and PMMoV were
associated with different wastewater variables. Hamouda et al. (2021) re-
ported that persistence and detection of RNA of SARS-CoV-2 in wastewater
is mediated by presence of microorganisms and physico-chemical proper-
ties of the sample (e.g., pH, solids, disinfectants), which impact the integrity
of the genetic material of the virus making it more difficult to detect
(Hamouda et al., 2021). Our results highlighted that wastewater with
higher pH significantly decreased the detected concentrations of all three
SARS-CoV-2 targets. This corresponds with Amoah et al. (2022) who re-
ported that the highest SARS-CoV-2 RNA concentrations are detected
when wastewater samples have a pH between 7.1 and 7.4 (Amoah et al.,
2022). Sapula et al. (2021) also showed that SARS-CoV-2 could not be de-
tected from a wastewater plant with high pH (8.80 to 9.35). The results
also have implications for WWTPs considering pursuit of WBS that receive
waste with high pH (pH > 7.75) from lagoons, septic tanks and industrial
operations, which would have a significant impact on virus adsorption to
particles and recovered concentrations. The present study did not show
an association between SARS-CoV-2 loads and TSS or influent temperature.
This differs from studies that report that SARS-CoV-2 decay increases with
increasing temperatures (Ahmed et al., 2020b; Bivins et al., 2020) but the
difference may be due to the limited range in wastewater influent temper-
atures (only 10.8-18.9 °C) at the 12 participating WWTPs even during win-
ter. PMMoV RNA concentrations, however, had a positive association with
temperature, potentially reflecting increased availability and consumption
of peppers in the summer season and the pitfalls of using a normalization
parameter that is closely linked to diet and confounded by urbanization.

Population mobility increases the difficulty of interpreting WBS data
(Gudra et al., 2022; Isaksson et al., 2022). In this study, Banff and Canmore
are tourist towns with highly mobile populations. Calgary Plant A receives
flows from Northern Calgary, in addition to flows from Cochrane, Cochrane
Lake, Airdrie, and Elbow Valley, and the Northern part of the Tsuu T'ina
First Nation community. Edmonton receives additional flows from Alberta
Capital Region and includes some combined sewers. Thus, it is possible that
the reported COVID-19 cases in these communities are not reflective of the
concentrations of SARS-CoV-2 RNA measured in the influent of the plants
and dynamic population estimates were explored. Dynamic population
size estimated by BOD and BOD normalized data often outperformed TSS.
The population estimates for Lethbridge were the least accurate (reported
to be 100,000 estimated by BOD and TSS to only be 1880 and 2761, respec-
tively). This could be due to the highly diluted plant influent during the
study period with BOD and TSS being unusually low. Similarly, the calcu-
lated population sizes for Calgary Plant C and Edmonton also differed
from the reported population size served. The only plant where the calcu-
lated population size exceeded reported population size was Canmore.
Canmore has a highly mobile population with full-time and part-time
residents, as well as tourists. Banff, the other tourist town, did not show a
similar trend but the use of dynamic population estimates for mobile popu-
lations could be of interest and should be explored further (Gudra et al.,
2022; Isaksson et al., 2022).

Pooled data from all twelve WWTPs highlighted the value of normaliza-
tion by traditional wastewater properties (NH3, TKN and TP) and dynamic
population sizes similar to what was reported by some (Isaksson et al.,
2022; Sakarovitch et al., 2022). Despite the observed improvement in
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Spearman correlations, none of the normalization approaches result in
statistically significant changes in correlations between WBS and clinical
data. Even site-specific normalizations only revealed two cases where
normalization by PMMoV improved correlations significantly compared
to other parameters. In addition, site-specific normalization by dynamic
population size did not significantly outperform normalization by more tra-
ditional wastewater strength parameter and even unnormalized SARS-CoV-
2 concentrations. Overall, our results seem to suggest that normalization of
data has limited impact on improving correlations between WBS and clini-
cal data.

In the present study, normalizing SARS-CoV-2 concentrations by PMMoV
only improved lead times with active cases significantly for two communi-
ties, one of which had other normalization parameters that showed compa-
rable performance. Overall, lead times for active case rates mainly ranged
between 2 and 4 days, corresponding with the meta-analysis by Bibby
et al. (Bibby et al., 2021). Even though recovered PMMoV concentrations
were highest at the two largest WWTPs, our findings contradict findings
by D'Aoust et al. (2021a) and Nagarkar et al. (2022) that PMMoV would
be particularly useful in surveys of larger populations (D'Aoust et al.,
2021a) and findings by Zhan et al. (2022) that suggest PMMoV is suitable
for normalizing data from small sewersheds (Zhan et al., 2022). While this
may be due to matrix choice (liquid versus solids) and differing analytical
methods, it does not change the fact that PMMoV is not an endogenous
fecal marker and is highly impacted by dietary, socio-cultural and economic
factors.

The present study is part of an increasing number of reports questioning
the assumption that normalization by PMMoV improves WBS data stan-
dardization and reporting (Ai et al., 2021; Feng et al., 2021; Greenwald
et al., 2021a; Nagarkar et al., 2022). We show that in most circumstances
using unnormalized concentrations or concentrations normalized by easier,
faster and less-costly wastewater strength parameters (e.g., TKN, TP, NH3)
could provide equivalent value to the use of PMMoV data, similar to find-
ings by Sakarovitch et al. (2022). Some researchers and health departments
suggest that PMMoV normalization is valuable for small and remote
WWTPs that have no access to flow data. Given that the cost of running
PMMoV is US$ 9-18/run and that collection of samples is recommended
2-3 times per week, the annual cost of running PMMoV is approximately
US$ 936-2808. Based on quotes in 2022, the average price of a flow
meter is approximately US$ 2000-4000. Thus, it would be helpful for
health departments to invest in the purchase of flow meters for small
WWTPs that currently lack them to facilitate future WBS efforts and em-
power utilities to understand and manage their own plant loading better.

5. Conclusions

The present study compared the correlation between COVID-19 cases
and normalized and unnormalized SARS-CoV-2 concentrations in the
WWTP influent of twelve wastewater systems in Alberta (Canada) between
September 2020 and October 2021. To our knowledge, it is the most exten-
sive evaluation of normalization approaches to date. Similar to other stud-
ies, we found that normalization of SARS-CoV-2 data by PMMoV only
significantly improved correlations between WBS and clinical COVID-19
data in two communities. In most cases, normalization by PMMoV did
not improve correlations with case numbers or lead time indication. In
the pooled dataset, none of the normalized SARS-CoV-2 concentrations pro-
vided statistically significantly stronger associations with active case num-
bers compared to unnormalized concentrations. Thus, we recommend that
researchers explore WWTP influent properties prior to deciding on a sam-
pling and analytical strategy and use at least two parallel approaches to asso-
ciate WBS and epidemiological data without assuming that normalization

Table 4

Spearman p-values comparing strength of association between normalized and unnormalized average SARS-CoV-2 RNA concentrations (shown as [Average] in the table)and
active COVID-19 case rates for each participating plants (n = 1024) over a six-day lead time. The table shows differences between normalized and unnormalized p-values.
Spearman p-values were all <0.001 and statistically significant. Light grey designates parameters where difference between normalized and unnormalized parameter p-values

were < 0.04. Bolded numbers are the highest differences.
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Normalized-Unnormalized Rho Values
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Normalized-Unnormalized Rho Values

[SARS-CoV-2]*Flow/DynPop TSS

Plant Variable Day0 1 2 3 4 5 6 Plant | Variable Day0 1 2 3 4 5 6
ACR Unnormalized p-values 048 050 054 055 055 056 0.54 Unnormalized p-values 0.16 0.18 020 0.19 0.19 018 0.16
[SARS-CoV-2]/PMMoV 0.06 005 004 0.03 003 002 0.01 l(:Jrl;\ai:i‘l [SARS-CoV-2]/PMMoV 025 027 028 032 032 029 027
[SARS-CoV-2]*Flow -0.05 -0.05 -0.05 -0.05 -0.04 -0.04 -0.04 [SARS-CoV-2]*Flow 0.06 005 0.05 0.04 002 002 0.01
[SARS-CoV-2]*Flow/Popln -0.05 -0.05 -0.05 -0.05 -0.04 -0.04 -0.04 [SARS-CoV-2]*Flow/Popln 0.06 005 0.05 0.04 002 002 0.01
[SARS-CoV-2]/BOD -0.01 0.00 0.00 0.04 0.07 0.06 0.06 [SARS-CoV-2]/BOD 0.01 000 0.00 -0.01 -0.02 -0.02 -0.03
[SARS-CoV-2}/TSS -0.04 -0.04 -0.03 -0.03 -0.03 -0.03 -0.03 [SARS-CoV-2]/TSS -0.03 -0.04 -0.04 -0.05 -0.05 -0.06 -0.06
[SARS-CoV-2]*Flow/ DynPop BOD | -0.01 0.00 0.00 0.04 0.07 0.06 0.06 [SARS-CoV-2]*Flow/ DynPop BOD | 0.0  0.00 0.00 -0.01 -0.02 -0.02 -0.03
[SARS-CoV-2]*Flow/DynPop TSS | -0.04 -0.04 -0.03 -0.03 -0.03 -0.03 -0.03 [SARS-CoV-2]*Flow/DynPop TSS -0.03 -0.04 -0.04 -0.05 -0.05 -0.06 -0.06
Banff Unnormalized p-values 045 052 058 061 061 056 047 High Unnormalized p-values 032 032 030 029 029 028 026
[SARS-CoV-2]/PMMoV 0.00 0.00 -0.03 -0.03 -0.05 -0.01 0.00 River [SARS-CoV-2]/PMMoV 0.03 0.04 005 0.05 007 006 0.03
[SARS-CoV-2]*Flow 0.07 005 0.02 -0.01 -0.04 -0.04 -0.02 [SARS-CoV-2]*Flow -0.04 -0.05 -0.06 -0.06 -0.06 -0.06 -0.07
[SARS-CoV-2]*Flow/Popln 0.07 005 002 -0.01 -0.04 -0.04 -0.02 [SARS-CoV-2]*Flow/Popln -0.04 -0.05 -0.06 -0.06 -0.06 -0.06 -0.07
[SARS-CoV-2]/BOD 0.05 0.03 000 -0.05 -0.07 -0.09 -0.07 [SARS-CoV-2]/BOD 0.05 0.00 -0.09 -0.14 -0.17 -0.25 -0.26
[SARS-CoV-2}/TSS 010 0.07 005 0.01 -0.03 -0.04 -0.02 [SARS-CoV-2]/TSS -0.32 -0.32 -030 -029 -029 -0.28 -0.26
[SARS-CoV-2]*Flow/ DynPop BOD | 0.05 0.02 -0.01 -0.05 -0.08 -0.09 -0.07 [SARS-CoV-2]*Flow/ DynPop BOD | 0.05 0.00 -0.09 -0.14 -0.17 -0.25 -0.26
[SARS-CoV-2]*Flow/DynPop TSS | 0.10  0.07 0.04 0.01 -0.03 -0.04 -0.02 [SARS-CoV-2]*Flow/DynPop TSS -0.32 -0.32 -030 -029 -029 -0.28 -0.26
Unnormalized p-values 0.65 068 0.69 070 0.70 0.69 0.67 Edmonton | Unnormalized p-values 053 054 056 056 055 052 049
]glaalftarAy [SARS-CoV-2]/PMMoV -0.13 -0.11 -0.09 -0.08 -0.08 -0.08 -0.10 [SARS-CoV-2]/PMMoV -0.10 -0.11 -0.12 -0.13 -0.14 -0.14 -0.15
[SARS-CoV-2]*Flow -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 [SARS-CoV-2]*Flow 0.00 0.00 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2]*Flow/Popln -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 [SARS-CoV-2]*Flow/Popln 0.00 0.00 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2]/BOD -0.04 -0.04 -0.03 -0.04 -0.03 -0.03 -0.03 [SARS-CoV-2]/BOD -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2}/TSS -0.03 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 [SARS-CoV-2)/TSS -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2]/TKN 0.02 0.02 001 0.00 0.00 -0.01 -0.02 [SARS-CoV-2]/TKN -0.02 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03
[SARS-CoV-2]/NH3 0.03 0.2 002 0.01 000 -001 -0.02 [SARS-CoV-2]/NH3 -0.03  -0.03 -0.03 -0.03 -0.03 -0.03 -0.02
[SARS-CoV-2]/TON -0.01 -0.01 -0.01 -0.02 -0.02 -0.02 -0.02 [SARS-CoV-2]/TON -0.06 -0.06 -0.07 -0.08 -0.08 -0.08 -0.08
[SARS-CoV-2]/TP 0.01 001 001 0.01 0.00 000 -0.01 [SARS-CoV-2]/TP -0.02 -0.03 -0.03 -0.04 -0.04 -0.04 -0.04
[SARS-CoV-2]*Flow/ DynPop BOD | -0.04 -0.04 -0.03 -0.04 -0.03 -0.03 -0.03 [SARS-CoV-2]*Flow/ DynPop BOD | -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2]*Flow/DynPop TSS | -0.03 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 [SARS-CoV-2]*Flow/DynPop TSS -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
[SARS-CoV-2]*Flow/DynPop NH3 | 0.02 0.0 0.01 0.00 -0.01 -0.03 -0.04 [SARS-CoV-2]*Flow/DynPop NH3 -0.03  -0.03 -0.03 -0.03 -0.03 -0.03 -0.02
[SARS-CoV-2]*Flow/DynPop TKN | 0.01 0.0 0.00 -0.01 -0.02 -0.03 -0.04 [SARS-CoV-2]*Flow/DynPop TKN | -0.02 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03
[SARS-CoV-2]*Flow/DynPop TP 0.00 0.00 0.00 0.00 -0.01 -0.02 -0.03 [SARS-CoV-2]*Flow/DynPop TP -0.02 -0.03 -0.03 -0.04 -0.04 -0.04 -0.04
Unnormalized p-values 0.68 070 0.72 073 072 071 0.69 Lethbridge | Unnormalized p-values 032 032 033 035 035 036 036
Calgary [SARS-CoV-2]/PMMoV 0.04 0.04 002 0.01 -0.02 -0.06 -0.08 [SARS-CoV-2]/PMMoV 0.01 0.01 0.1 0.00 -0.01 -0.02 -0.03
Plant B [SARS-CoV-2]*Flow 0.04 003 0.02 0.00 -0.02 -0.03 -0.05 [SARS-CoV-2]*Flow -0.16 -0.16 -0.16 -0.16 -0.15 -0.15 -0.14
[SARS-CoV-2]*Flow/Popln 0.04 0.03 002 0.00 -0.02 -0.03 -0.05 [SARS-CoV-2]*Flow/Popln -0.16 -0.16 -0.16 -0.16 -0.15 -0.15 -0.14
[SARS-CoV-2]/BOD -0.02 -0.02 -0.02 -0.02 -0.01 -0.01 0.00 [SARS-CoV-2]/BOD -0.17 -0.18 -0.19 -0.20 -020 -0.20 -0.20
[SARS-CoV-2)/TSS -0.07 -0.07 -0.07 -0.06 -0.06 -0.05 -0.04 [SARS-CoV-2)/TSS -0.02 -0.04 -0.06 -0.07 -0.08 -0.08 -0.08
[SARS-CoV-2]*Flow/ DynPop BOD | -0.02 -0.02 -0.02 -0.02 -0.01 -0.01 0.00 [SARS-CoV-2]*Flow/ DynPop BOD | -0.17 -0.18 -0.19 -0.20 -0.20 -0.20 -0.20
[SARS-CoV-2]*Flow/DynPop TSS | -0.07 -0.07 -0.07 -0.06 -0.06 -0.05 -0.04 [SARS-CoV-2]*Flow/DynPop TSS -0.02 -0.04 -0.06 -0.07 -0.08 -0.08 -0.08
Unnormalized p-values 059 060 062 063 0.64 065 0.65 Unnormalized p-values 091 092 086 0.77 060 037 0.19
lgf;ffg [SARS-CoV-2]/PMMoV 001 0.02 002 002 001 00l 0.00 [MedicineHat| [SARS-CoV-2]/PMMoV -0.02 -0.03 -0.10 -0.16 -0.19 -0.13 -0.08
[SARS-CoV-2]*Flow 0.00 0.00 0.00 0.00 0.01 001 0.01 [SARS-CoV-2]*Flow -0.19 -020 -0.15 -0.06 0.11 032 046
[SARS-CoV-2]*Flow/Popln 0.00 0.00 0.00 0.00 001 0.01 0.01 [SARS-CoV-2]*Flow/Popln -0.19 -020 -0.15 -0.06 0.11 032 0.46
[SARS-CoV-2]/BOD 0.00 0.00 -0.01 -0.01 -0.01 -0.02 -0.02 [SARS-CoV-2]/BOD -0.16 -0.17 -0.13 -0.05 0.11 031 044
[SARS-CoV-2}/TSS 0.03 0.3 003 0.02 001 000 -0.01 [SARS-CoV-2)/TSS -020 -020 -0.15 -0.06 0.11 032 046
[SARS-CoV-2]*Flow/ DynPop BOD | 0.00  0.00 -0.01 -0.01 -0.01 -0.02 -0.02 [SARS-CoV-2]*Flow/ DynPop BOD | -0.16 -0.17 -0.13 -0.05 0.1 031 044
[SARS-CoV-2]*Flow/DynPop TSS | 0.03 0.03 0.03 0.02 0.0l 0.00 -0.01 [SARS-CoV-2]*Flow/DynPop TSS -020 -020 -0.15 -0.06 0.11 032 0.46
Canmor| |, alized p-values 033 033 035 034 033 030 025 Red Unnormalized|p-values 077 081 083 085 084 082 078
[SARS-CoV-2]/PMMoV 021 022 022 020 017 0.12 0.07 Deer [SARS-CoV-2]/PMMoV 0.00 001 0.01 001 001 0.01 0.01
[SARS-CoV-2]*Flow -0.04 -0.04 -0.03 -0.03 -0.03 -0.03 -0.03 [SARS-CoV-2]*Flow 0.00 0.00 0.00 0.00 0.00 -0.01 -0.02
[SARS-CoV-2]*Flow/Popln -0.04 -0.04 -0.03 -0.03 -0.03 -0.03 -0.03 [SARS-CoV-2]*Flow/Popln 0.00 0.00 0.00 0.00 0.00 -0.01 -0.02
[SARS-CoV-2]/BOD -0.10 -0.11 -0.10 -0.11 -0.10 -0.10 -0.09 [SARS-CoV-2]/BOD 0.01 001 0.01 0.01 001 001 0.01
[SARS-CoV-2}/TSS -0.06 -0.07 -0.09 -0.09 -0.10 -0.10 -0.10 [SARS-CoV-2)/TSS 0.00 0.00 -0.01 0.00 0.00 0.00 0.00
[SARS-CoV-2]*Flow/ DynPop BOD | -0.10 -0.11 -0.10 -0.11 -0.10 -0.10 -0.09 [SARS-CoV-2]*Flow/ DynPop BOD | 0.01 0.01 0.01 0.01 0.01 0.01 0.01
[SARS-CoV-2]*Flow/DynPop TSS | -0.06 -0.07 -0.09 -0.09 -0.10 -0.10 -0.10 0.00 0.00 -0.01 0.00 0.00 0.00 0.00
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will improve correlations. We also propose researchers explore the use of
unnormalized SARS-CoV-2 concentrations, as well as flow and traditional
wastewater strength parameters for data normalization, when normaliza-
tion of data is being explored. The use of dynamic population size estimates
may be of interest in communities with high tourism or part-time residents.
In addition, the cost of running PMMoV annually for two years is almost
equivalent to the cost of a flow meter, which provides WWTP with superior
data for WBS and other WWTP management practices. The option of help-
ing small, resource-limited WWTPs acquire influent flow meters should be
explored if long-term WBS partnerships are desired.
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