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An alternative method for
monitoring and interpreting
Influenza A in communities using
wastewater surveillance

Tomas de Melo, Golam Islam*, Denina B. D. Simmons,
Jean-Paul Desaulniers and Andrea E. Kirkwood

Faculty of Science, Ontario Tech University, Oshawa, ON, Canada

Seasonal influenza is an annual public health challenge that strains healthcare
systems, yet population-level prevalence remains under-reported using standard
clinical surveillance methods. Wastewater surveillance (WWS) of influenza A can
allow for reliable flu surveillance within a community by leveraging existing
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) WWS networks
regardless of the sample type (primary sludge vs. primary influent) using an RT-
qPCR-based viral RNA detection method for both targets. Additionally, current
influenza A outbreaks disproportionately affect the pediatric population. In this
study, we show the utility of interpreting influenza A WWS data with elementary
student absenteeism due to illness to selectively interpret disease spread in the
pediatric population. Our results show that the highest statistically significant
correlation (Rs = 0.96, p = 0.011) occurred between influenza A WWS data
and elementary school absences due to illness. This correlation coefficient is
notably higher than the correlations observed between influenza A WWS data and
influenza A clinical case data (Rs = 0.79, p = 0.036). This method can be combined
with a suite of pathogen data from wastewater to provide a robust system for
determining the causative agents of diseases that are strongly symptomatic in
children to infer pediatric outbreaks within communities.
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1. Introduction

As the world continues to deal with ongoing challenges associated with the COVID-19
pandemic, the re-emergence of seasonal respiratory pathogens such as influenza poses an
additive threat to public health. Influenza and pneumonia are ranked among the top 10
leading causes of death in Canada. It is estimated that influenza causes approximately
12,200 hospitalizations and 3,500 deaths per year (1). With numerous non-pharmaceutical
interventions placed during the COVID-19 pandemic, the dynamics of influenza exposure
and transmission, incidence rates, and symptom severity may have changed. This is evident
by the current increase in influenza infections and influenza-associated hospitalization rates
in Canada, which are above-expected levels that are typical for the flu season, spanning from
August 2022 to February 2023 (1, 2). Thus, there is now an immediate demand for improved
surveillance of this contagious disease.

Influenza viruses arise from the family Orthomyxoviridae. This family is unique in
that they are enveloped viruses with genomes that consist of negative-sense single-stranded
RNA segments (3). There are four types of influenza viruses, A, B, C, and D. Within these,
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influenza A is the only flu virus known to cause flu pandemics
(4). The influenza A type virus is further classified into subtypes,
clades, and subclades based on the presence of surface viral proteins
hemagglutinin (H) and neuraminidase (N). Currently, the most
commonly detected subtypes found circulating in human infections
are A(HIN1) and A(H3N2) (4). The most commonly reported
symptoms of the virus are fever, cough, runny nose, body aches,
and sore throat (4).

One of the important lessons learned from the COVID-
19 pandemic is that monitoring respiratory pathogens through
conventional clinical testing (nasal swabs, sample collection, and
RT-qPCR) presents many challenges and may not be sufficient
for pathogen surveillance where timely information is required.
Thus, the surveillance of pathogens in wastewater has been
successfully implemented as a credible technique to complement
monitoring SARS-CoV-2 infections within communities (4, 5).
When clinical SARS-CoV-2 tests were widely available in Canada,
they provided a reliable and robust metric that correlates with
SARS-CoV-2 RNA concentrations in domestic wastewater (5,
6). However, interpreting SARS-CoV-2 wastewater data has
been challenging (variable correlation strength, lack of reported
cases, and inconsistent lead vs. lag association to clinical data).
Additionally, public accessibility to clinical COVID-19 PCR tests
has been greatly limited in Canada and is currently only available
to high-risk groups.

Similar to current COVID-19 testing, influenza A testing is
limited to people in hospitals or associated with an institutional
outbreak (7). As such, there are incomplete incidence data available
to compare with WWS viral signals, thus making the interpretation
of wastewater epidemiology data very complex.

Wastewater monitoring is quickly emerging as a powerful
epidemiological tool in public health surveillance and the early
detection of contagious diseases. It is unbiased, inexpensive, and
can be implemented easily, as one wastewater sample can be used to
test small communities as well as large populations (8). In addition
to SARS-CoV-2, wastewater surveillance can also be applied to
target influenza and other pathogens using similar a DNA/RNA-
based RT-qPCR detection methodology (9). For example, Mercier
et al. (10) recently reported the feasibility of monitoring influenza
A viral RNA gene copies in wastewater primary sludge within three
distinct communities in Ottawa, Canada, with lead times between
14 and 21 days over clinical testing data.

In this study, we aimed to contribute to the growing WWS
knowledge base by exploring other methodological approaches
that aid in the interpretation of WWS data, particularly where
the clinical case data are limited. Using a detection method
focusing on primary influent, we explored the efficacy of school
absences due to illness as a proxy measure of community influenza
A prevalence and compared these inferred cases with influenza
A viral loads in local domestic wastewater samples from Ajax,
Ontario, Canada. This analysis will also allow the monitoring
of influenza infections in the pediatric population, which likely
serves as a major driver of total population influenza A prevalence
in sewershed communities that flow into municipal wastewater
treatment plants.
rank correlation

(PMMoV)

Using time-step Spearman’s analysis

and pepper mild mottle virus normalization
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to rescale influenza A and SARS-CoV-2 RNA gene
copies in wastewater, we compared the relationships
between levels of influenza A and SARS-CoV-2 gene

copies and (1) student absences due to illness and (2)
clinical cases of influenza A to determine the lead and
lag time of influenza A WWS data using 1-, 3-, and 5-day
averaging times.

2. Materials and methods

2.1. Wastewater sample collection and
PEG-NaCl viral concentration

Raw wastewater samples were collected 3 days/week for almost
13 weeks from 15 September to 13 December 2022, from a
sanitary sewershed pumping station in Ajax, Ontario, Canada
that captures domestic wastewater from approximately 150,000
people. The sewershed primarily reflects a suburban residential
area (>80%), with some commercial and light industries. Each
sample represented hourly sub-samples of equal volume collected
over a 24-h period, for a final composite sample volume of 500 mL
that was stored at 4°C. Wastewater samples were transported
in sterile, sealed 500 mL plastic containers at 4°C to Ontario
Tech University, Oshawa, Ontario, Canada. Upon arrival, the
samples were stored at 4°C for up to 24h until processing
and analysis.

To precipitate the influenza viral particles and PMMoV
particles from wastewater, all samples were mixed thoroughly
before 30 mL of wastewater was transferred to the Nalgene™
Oak Ridge High-Speed PPCO Centrifuge Tubes (Thermo Fisher
Scientific, MA, USA) containing 10mL of 4X PEG-NaCl
buffer (40% w/v PEG 8,000 and 1.5M NaCl), vortexed briefly
and centrifuged using a SORVALL RC 6+ Ultracentrifuge
(Thermo Fisher Scientific, MA, USA) at 12,000 x g for
2h at 4°C (11,
second centrifugation step at 12,000 x g for 10min was
performed to help solidify the pellet. The PEG-NaCl method
was utilized for all experimental samples to concentrate the

12). After discarding the supernatant, a

viral particles. Before RNA extraction, the pellet mass for all
samples was measured using a top-loading balance (Sartorius,
Goettingen, Germany).

2.2. Nucleic acid extraction

Total RNA was extracted from the concentrated wastewater
pellets using the RNeasy® PowerMicrobiome® Kit (Qiagen,
Germantown, MD) with the following alterations from the
recommended protocol: 100 wL of phenol-chloroform-isoamyl
alcohol (25:24:1, pH 6.5-8) was added to each sample prior to
the lysis step (Thermo Fisher Scientific, MA, USA). The pellet was
resuspended with 650 L of the lysis buffer and transferred to the
PowerBead (glass, 0.1 mm) tubes (QIAGEN, Germantown, MD).
The subsequent steps were performed following the recommended
protocol from the manufacturer’s kit. The total RNA was eluted
from the kit spin column using 100 L of RNase-free water.
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2.3. Quantitative reverse transcription PCR

Quantification of the influenza A matrix (M) gene, SARS-
CoV-2 viral nucleocapsid (N) gene, and the PMMoV coat protein
gene in the composite wastewater samples was performed using
the Reliance One-Step Multiplex RT-qPCR Supermix (Bio-Rad,
Hercules, CA) utilizing a TagMan-MGB (Applied Biosystems,
Massachusetts, USA) probe-based approach. Gene copy numbers
of influenza A in wastewater were determined using the WHO
influenza A M gene primer/probe to target a region of the M gene
that encodes for the M1 protein. The gene copy numbers of SARS-
CoV-2 in wastewater were determined using the US CDC 2019-
nCoV N2 Assay RUO primer/probe mix to target a region of the
N gene and have been discussed previously (13). PMMoV gene
copy numbers were determined using PCR primers developed by
Zhang et al. (14) to target a region of the PMMoV strain S genomic
sequence. All probes/primers used in this study and their sequences
are shown in Table 1.

For each wastewater sample, technical replicates were run in
triplicate, and serial dilutions of the Twist Synthetic H3N2 RNA
Control (Twist Bioscience, CA, USA) were run on every plate
to quantify the gene copies of influenza A (M gene) using the
standard curve method. Each reaction comprised a mixture of 5
L of RNA template, 600 nM (M1) of each forward and reverse
primer, 100 nM (M1) probe, and 5 pL of 4X Reliance master mix
for a final reaction volume of 20 L. Reactions were performed
in a CEX Connect Real-Time PCR Detection System (Bio-Rad,
Hercules, CA) beginning with a reverse transcription (RT) step at
50°C for 10 min, followed by a polymerase activation at 95°C for
10 min, and then 45 cycles of denaturation and annealing/extension
at 95°C for 10s and then at 60°C for 45s. The RT-qPCR analysis
was validated with no-template controls (NTCs) using PCR grade
water instead of RNA, no-reverse transcriptase controls (NRTSs),
and the presence of PCR inhibitors was determined using a serial
dilution. All samples analyzed were quantified according to the
MIQE recommendations (15) using the standard curve method
with a synthetic RNA standard (Twist Synthetic H3N2 RNA
Control, Catalog #: 103002) that contains the complete genome
of influenza A/H3N2. A minimum 7-point standard curve with

TABLE 1 Listed are the primers and probes used to obtain WWS data.

10.3389/fpubh.2023.1141136

technical triplicates for each point was performed for every RT-
qPCR experiment. The primer efficiency of influenza A (M1) was
approximately 91%. The R? value was >0.99, and the slope of
the standard curve was ~3.55. The limit of detection for the
influenza A M1 gene with a 95% coefficient of variation was
13.71 copies/mL of wastewater. Any crossing threshold values
above 40 cycles were identified as negative reactions, assuming
no amplification/detection occurred. The dynamic range of our
linear standard curve was between 1 x 10> copies/pL and 1.37 x
10° copies/pL.

2.4. Influenza A case data

Influenza A case data for the city of Ajax were provided by
the Durham Region Works and Health Department (DRHD) and
represented cases identified within the sewershed when they were
reported to DRHD.

2.5. School absences

DRHD also collected student absence data due to illness for all
elementary and secondary schools within the region, as all schools
are required to report absences due to illness. Within the region of
Durham, the city of Ajax, ON, contains a total of 24 elementary
schools (J.K.-grade 8) with approximately 13,500 students and a
total of 3 secondary schools (grades 9-12) with approximately 6,000
students. The absenteeism data provided for this study did not
include specific absenteeism for each school in Ajax, but rather
a separate daily total percent (%) of absence due to illness (# of
students absent due to illness/total student population * 100) for
elementary and secondary schools. Absences due to illness were
also collected for some Child Care Centers (CCC); however, these
data were limited because CCC absence reporting was voluntary,
and thus the sample size was too small for analysis.

The percentage of student absences due to illness obtained
from DRHD is a measure of the cumulative prevalence of illness
across schools (similar to the total number of cases). However,

Viral target Primer/Probe Sequence (57 -> 3/) References
Influenza A MP-39-67For CCMAGGTCGAAACGTAYGTTCTCTCTATC (33)
MP-183-153Rev TGACAGRATYGGTCTTGTCTTTAGCCAYTCCA (33)
MP-96-75ProbeAs VIC-ATYTCGGCTTTGAGGGGGCCTG-MGBNFQ (33)
SARS-CoV-2 2019-nCoV_N2 For TTACAAACATTGGCCGCAAA (34)
2019-nCoV_N2 Rev GCGCGACATTCCGAAGAA (34)
2019-nCoV_N2 Probe FAM-ACAATTTGCCCCCAGCGCTTCAG-MGBNFQ (34)
Pepper mild mottle virus PMMoV For GAGTGGTTTGACCTTAACGTTGA (14)
(PMMoV)
PMMoV Rev TTGTCGGTTGCAATGCAAGT (14)
PMMoV Probe VIC-CCTACCGAAGCAAATG-MGBNEQ (14)

Materials were obtained from Applied Biosystems (MA, USA). M = A/C, Y = C/T, R = G/A.
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given that WWS captures the daily abundance of viral genes within
the catchment area, for comparison purposes, we transformed the
% school absence due to illness data to represent the changes in
the daily incidence rate of illnesses in schools by calculating the
overall percent change (daily % absence due to illness reported—
% absence due to illness from the previous school day) for
primary and secondary schools in Ajax. Positive percent change
values represented the increase in daily incidence of illness within
schools, while negative values represented a decrease in illness
(students re-attending after recovery). Since we are not evaluating
the effectiveness of non-pharmaceutical interventions, only positive
percent changes in absences due to illness were used to infer the
incidence of new cases.

2.6. PMMoV normalization for comparisons
with influenza A case data and school
absenteeism

Viral WWS data are normalized with PMMoV to account for
the human fecal content in wastewater as PMMoV is generally
found at consistent levels in wastewater (WW) and reflects
population-level variability in waste production (14). PMMoV can
also be used to account for variability caused by slight changes
in extraction efficiency due to the complexity of the WW matrix
and variability in pellet weight. This normalization approach is
commonly used (10, 16-18) and helps not only reduce noise
due to variability but also helps to scale the data for comparison
with clinical surveillance data. Since PMMoV acts as a min-max
normalization factor to scale the data, the maximum and minimum
values are mostly within a 0 to 1 scale. This allows for comparison
with other data from different time periods or even different
sampling sites.

2.7. Statistical analysis

All data were assessed for normality. Wastewater viral
concentrations and % change in absenteeism due to illness were
not in compliance with parametric assumptions. Thus, a non-
parametric Spearman’s rank correlation coefficient (Rg) analysis
was performed using the daily PMMoV-normalized viral signals for
influenza A: (1) the associated influenza A cases clinically reported
and (2) the percentage (%) of change in school absenteeism for
primary and secondary schools. To examine if the strength of
associations between WWS data and clinical and absenteeism data
can be improved with smoothed data, the correlation was also
analyzed for 3-day and 5-day averages for both WWS data and the
absence/case data.

In addition, to examine the maximum Spearman’s correlation
values, a time-step correlation analysis was conducted between
WWS data and % change in school absenteeism and clinically
reported cases with a data offset of a range of +/- 7 days applied
to the % change in school absenteeism due to illness and reported
cases time series data. This data shift in clinical and absenteeism
metrics was applied to observe whether the correlation would be
stronger with a lead (- shifted) or lag (4 shifted) time for up to 7
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days. Zero-day offset refers to the correlation between wastewater
signals and the case counts on the day of the wastewater sampling.
Lead times refer to wastewater data being correlated with later case
counts (e.g., a lead time of 3 days refers to the correlation between
wastewater data and clinical cases 3 days later). Lag times refer to
the wastewater data being correlated with earlier case counts (e.g., a
lag time of 3 days refers to the correlation between wastewater data
and clinical cases 3 days later). Corresponding p-values (obtained
using the Mann-Whitney test) were also calculated to determine
the statistical significance of each correlation (o = 0.05). Only
p-values for strong correlation values (Ry > 0.50) are discussed
below. For each averaging time, WWS data were only compared to
absences/case data for the same averaging time. As per other studies
(17) performing similar tests, the averages did not overlap, meaning
it was not a moving average.

3. Results and discussion

3.1. Time-step correlation analysis between
PMMoV-normalized WWS data and clinical
surveillance metrics

Time-step correlation analyses were performed using PMMoV-
normalized influenza A WWS data and cases of influenza A
reported in the catchment area, which showed a strong correlation
between influenza A WWS data and clinical surveillance data
(Figure 1A). Comparisons of the daily PMMoV-normalized
influenza A signal to the daily number of clinically reported cases
showed a maximum Spearman’s rank correlation coefficient value
Ry = 0.80 (p = 0.579) when the data were adjusted with a 4-day
lead time. Comparing the 3-day average for PMMoV-normalized
influenza A WWS data to the 3-day average influenza A cases
by reported date, the highest correlation (R; = 0.75, p = 0.168)
was observed with a 6-day lead time. However, these correlation
values were not statistically significant. Only the 5-day average for
PMMoV-normalized influenza A WWS data compared with the
5-day average influenza A cases demonstrated a strong significant
correlation with clinically reported cases of influenza A (Rg = 0.79,
p = 0.036) with a 5-day lead time (Figure 1A).

Time-step correlation analyses between PMMoV-normalized
WWS data and clinical surveillance metrics have been previously
explored and shown to effectively determine a lead time for
COVID-19 WWS surveillance data (8, 17-23). Although, many
have stated that the differences in gastrointestinal replication and
fecal shedding of SARS-CoV-2 and influenza A were a cause for
concern with respect to the effective detection[/interpretation] of
influenza A in wastewater (12, 24-28). Our study has demonstrated
that a 5-day lead time between smoothed datasets (5-day averaged
influenza A WWS data and 5-day averaged influenza A cases)
provided a strong significant correlation (Ry = 0.79, p = 0.036),
indicating the presence of influenza genes in wastewater was found
5 days before the increase in clinically reported influenza cases.

This successful detection of influenza in raw influent
wastewater and its correlation to clinical cases complements
other recent studies (10, 25) that have also documented successful
influenza A detection in both influent and sludge samples.
Researchers examining primary sludge from communities in
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FIGURE 1
Results of time-step Spearman'’s rank (Rs) correlation analysis with a 7-day lag to a 7-day lead. Maximum Spearman’s rank correlation for each
averaging time highlighted if R¢ > 0.50 (strong correlation) or Ry > 0.30 but < 0.50 (moderate correlation) (A) PMMoV-normalized influenza A (M1
gene) viral signal vs. influenza A cases by reported date, (B) PMMoV-normalized influenza A (M1 gene) viral signal vs. % change in elementary school
absences due to illness, (C) PMMoV-normalized influenza A (M1 gene) viral signal vs. % change in secondary school absences due to illness, (D)
PMMoV-normalized SARS-CoV-2 (N2 gene) viral signal vs. % change in elementary school absences due to illness, and (E) PMMoV-normalized
SARS-CoV-2 (N2 gene) viral signal vs. % change in secondary school absences due to illness.

Ottawa were able to detect influenza A with a 14-21-day lead
time against reported clinical case data (10). We were unable to
detect influenza A in wastewater prior to the first identified case of
influenza A within the catchment. However, this is unsurprising
given the differences in the viral abundance of enveloped viruses
that have been identified between primary sludge and primary
influent (17, 21, 29, 30).

3.2. Correlation between
PMMoV-normalized viral WWS data and %
change in absences due to illness in
elementary and secondary schools

Examining the correlation between the daily PMMoV-
normalized influenza A WWS signal and the daily percentage of
change in elementary school absences (see Figure 1B), the time-
step correlation analysis showed that the maximum significant
correlation value was obtained with a 4-day lead time (Ry =
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0.96, p = 0.011). Comparisons of the smoothed 3-day averages of
influenza A WWS data and % change in elementary school absences
due to illness produced only a weaker correlation with a 6-day lead
time (Ry = 0.62, p = 0.035), while no correlation (Ry < 0.5) was
observed with the 5-day averaged dataset. The correlation of daily
WWS data to primary school absenteeism (Ry = 0.96) with a 4-
day lead time was much higher than associations with clinically
reported cases (Rs = 0.79, p = 0.036) with a 5-day lead time.

In terms of the correlation between influenza A WWS data and
the daily % change in absences due to illness in secondary schools
(see Figure 1C), the time-step correlation analysis demonstrated a
weak significant correlation with a 7-day lead time (Ry = 0.52, p
= 0.011). Moreover, weak correlations (Ry < 0.50) were observed
when averaging the data across 3 and 5 days.

We also concurrently monitored for the presence of SARS-
CoV-2 RNA viral signal in wastewater from the same samples.
This demonstrated that our experimental method can be utilized
to detect both SARS-CoV-2 and influenza in wastewater influent.
For elementary schools, only the correlations between the daily
PMMoV-normalized SARS-CoV-2 WWS data and the daily %
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change in elementary absences due to illness showed a moderate
significant correlation (Rg = 0.60, p = 0.017) with a 3-day lead and
2-day lag time of WWS data. However, in contrast to influenza A,
the daily PMMoV-normalized SARS-CoV-2 WWS data showed a
stronger statistically significant correlation (Rs = 0.76, p = 0.005)
with the % change in secondary school absences due to illness, with
a 3-day lag time (see Figure 1D).

When comparing the correlations between influenza A WWS
data and % change in absences due to illness for elementary
and secondary schools, the maximum Spearman’s rank correlation
coefficients were observed when looking at elementary absences (%
change) due to illness. For each data set, regardless of the daily, 3-
, or 5-day averages, elementary school absenteeism was observed
to correlate significantly higher with influenza A WWS data than
secondary school absences. This suggested that influenza A was
potentially a causative agent in the absences of the elementary
school students in the studied sewershed. Conversely, a strong and
significant correlation was found between SARS-CoV-2 WWS data
and secondary school absences (% change) due to illness. This may
be due to the notable differences in disease presentation between
influenza A and COVID-19 in children, where the former is
commonly symptomatic compared to the latter (31, 32). However,
due to the limited data, we could not confirm the number of SARS-
CoV-2 cases in secondary school students (14-18 years old) to
corroborate our findings.

3.3. PMMoV-normalized viral WWS data
trends over time

The monitoring of PMMoV-normalized influenza and SARS-
CoV-2 viral signals over time is shown in Figure 2. An increase in

Frontiersin Public Health

06

influenza WW signal can be observed from 13 October 2022 to 13
December 2022 along with increasing numbers of new influenza
cases reported within that time period which demonstrated that
WWS data may have an equivalent predictive power as clinical
testing. The PMMoV-normalized influenza wastewater signal to %
change due to absenteeism in elementary and secondary school
is also shown in Figures 2B, C. Thus, wastewater surveillance
was successfully employed using primary influent samples and
identified the influenza A outbreak within the community.

4. Conclusion

This study confirms that a primary influent-based wastewater
surveillance method is effective at monitoring influenza viral loads
in wastewater and that it can be monitored concurrently with other
infectious viruses such as SARS-CoV-2 using the same viral RNA
concentration and RT-qPCR method for both targets. Additionally,
this study demonstrated that school absenteeism may be a useful
tool for interpreting influenza A disease prevalence within a
pediatric population, and by extension, the total population within
a given sewershed.

Our results show that the highest statistically significant
correlation (Rg = 0.96, p = 0.011) occurred between daily
influenza A WWS data and elementary school absences due
to illness. This correlation coefficient is notably higher than
the highest statistically significant correlations observed between
influenza A WWS data and influenza A clinical case data
(Rs = 0.79, p = 0.036). Correlations between influenza A WWS
data and absences in secondary school were the lowest overall (see
Figure 1C). Interestingly, SARS-CoV-2 showed contrasting results
compared to influenza A WWS data, and the highest statistically
significant correlation observed was between SARS-CoV-2 WWS
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data and secondary school absences (R = 0.76, p = 0.005).
While SARS-CoV-2 WWS data and elementary absences showed
inconclusive results.

While absenteeism is a more coarse metric and relatively
ambiguous compared to clinical data, absences are less influenced
by sampling bias than clinical tests. This sampling bias is due to
clinical tests being reserved for a relatively small subset of the
population (typically the elderly or young children) that elect to
seek a healthcare intervention, whereas school absences are legally
required to be reported to the school by caregivers.

Overall, our results show great promise for inferring influenza
A prevalence in sewage-surveilled communities by adding student
absenteeism to the wastewater epidemiologist’s toolbox. However,
the application of this tool comes with some advantages and
disadvantages. With respect to advantages, we have confirmed that
there is a strong correlative relationship between specific clinical
indicators (influenza A cases) and WWS data. In addition, we
found an even stronger correlative relationship between a non-
specific clinical indicator (% change in elementary absences due
to illness) and WWS data. However, this method of comparing
non-specific clinical indicators of the pediatric population with
WWS data could be further improved by supplementing with
more WWS data representing other clinically significant pathogens
circulating within the pediatric population such as respiratory
syncytial virus (RSV). For example, RSV also has a notable
symptomatic presentation in pediatric populations compared
with older age children. Another potential limitation with this
approach may be that the WWS data are impacted by “legacy
viruses” that remain pseudo-persistent in wastewater and are later
resuspended under high flow or other turbulence events and
detected at higher concentrations using qPCR. However, the fate
and stability of viruses in wastewater have not yet been determined.
Introducing an effective sampling strategy where sampling sites
are carefully selected and composite sampling is utilized with a
higher sampling frequency can increase the chances of monitoring
for “legacy viruses” due to resuspension or sloughing events.
The success of SARS-CoV-2 surveillance programs worldwide has
demonstrated that WWTP from different countries, populations,
catchment sizes, and designs, can all be sampled and provide a
very strong estimation of COVID-19 prevalence without being
affected by legacy virus concentrations (6, 26, 35). This WWS
method for the detection of influenza is not capable of predicting
or forecasting the number of students absent due to a specific
pathogen. However, this method, combined with a suite of
pathogen data from WWS, is reasonable enough to provide a
robust system for determining the causative agents of diseases that
are strongly symptomatic in children to infer pediatric outbreaks.
This kind of information could then be used to inform public
health interventions aimed at pediatric populations as well as the
larger community.

Frontiersin Public Health

07

10.3389/fpubh.2023.1141136

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Author contributions

TM conceived the study, performed the lab work, generated
data, performed data analysis/interpretation, and wrote and
reviewed the finished paper. GI contributed to the study concept
and design, data interpretation, and writing and review. DS
contributed to the study concept and design, data interpretation,
and funding. J-PD contributed to the study concept and
design, data interpretation, writing and review, and funding. AK
contributed to the study concept and design, statistical analyses,
data interpretation, writing and review, and funding. All authors
contributed to the article and approved the submitted version.

Funding

Funding support for this research was provided by the Ontario
Ministry of Environment, Conservation, and Parks as part of their
Wastewater Surveillance Initiative.

Acknowledgments

We wish to thank Mary-Anne Pietrusiak, Alexandra Swirski,
and Tavis Nimmo from the Regional Municipality of Durham for
their assistance in providing data and wastewater sample collection.
We also wish to thank Matthew Cranney and Ashley Gedge for their
support during the course of this research.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1141136
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

de Melo et al.

References

1. Infection Prevention and Control Canada. Influenza Resources | IPAC Canada.
(2020). Available online at: https://ipac-canada.org/influenza-resources (accessed
January 3, 2023).

2. Flu (influenza): FluWatch surveillance - Canada.ca. Available online at:
https://www.canada.ca/en/public-health/services/diseases/flu- influenza/influenza-
surveillance html (accessed January 3, 2023).

3. Bliimel J, Burger R, Drosten C, Groner A, Giirtler L, Heiden M, et al. Influenza
virus. Transfus Med Hemotherapy. (2009) 36:32. doi: 10.1159/000197314

4. Types of influenza Viruses | CDC. Available online at: https://www.cdc.gov/flu/
about/viruses/types.htm (accessed January 3, 2023).

5. COVID-19 wastewater surveillance dashboard - Canada.ca. Available online at:
https://health-infobase.canada.ca/covid-19/wastewater/ (accessed January 3, 2023).

6. Hopkins L, Persse D, Caton K, Ensor K, Schneider R, McCall C, et al. Citywide
wastewater SARS-CoV-2 levels strongly correlated with multiple disease surveillance
indicators and outcomes over three COVID-19 waves. Sci Total Environ. (2023)
855:158967. doi: 10.1016/j.scitotenv.2022.158967

7. Public Health Ontario. Respiratory Viruses (including influenza) | Public Health
Ontario. Available online at: https://www.publichealthontario.ca/en/Laboratory-
Services/Test-Information-Index/Virus- Respiratory (accessed January 5, 2023).

8. Ahmed W, Angel N, Edson J, Bibby K, Bivins A, O’Brien JW, et al. First confirmed
detection of SARS-CoV-2 in untreated wastewater in Australia: A proof of concept for
the wastewater surveillance of COVID-19 in the community. Sci Total Environ. (2020)
728:138764. doi: 10.1016/j.scitotenv.2020.138764

9. Link-Gelles R, Lutterloh E, Schnabel Ruppert P, Backenson PB, St. George K,
Rosenberg ES, et al. Public health response to a case of paralytic poliomyelitis
in an unvaccinated person and detection of poliovirus in wastewater—New
York, June-August 2022. MMWR Morb Mortal Wkly Rep. (2022) 71:1065-1068.
doi: 10.15585/mmwr.mm?7144e2

10. Mercier E, D’Aoust PM, Thakali O, Hegazy N, Jia JJ, Zhang Z, et al. Municipal
and neighbourhood level wastewater surveillance and subtyping of an influenza virus
outbreak. Sci Rep. (2022) 12:15777. doi: 10.1038/541598-022-20076-z

11. Lewis GD, Metcalf TG. Polyethylene glycol precipitation for recovery of
pathogenic viruses, including hepatitis A virus and human rotavirus, from
oyster, water, and sediment samples. Appl Environ Microbiol. (1988) 54:1983-
8. doi: 10.1128/aem.54.8.1983-1988.1988

12. Wu Y, Guo C, Tang L, Hong Z, Zhou ], Dong X, et al. Prolonged presence
of SARS-CoV-2 viral RNA in faecal samples. Lancet Gastroenterol Hepatol. (2020)
5:434. doi: 10.1016/S2468-1253(20)30083-2

13. Islam G, Gedge A, Lara-Jacobo L, Kirkwood A, Simmons D, Desaulniers JP.
Pasteurization, storage conditions and viral concentration methods influence RT-
qPCR detection of SARS-CoV-2 RNA in wastewater. Sci Total Environ. (2022)
821:153228. doi: 10.1016/j.scitotenv.2022.153228

14. Zhang T, Breitbart M, Lee WH, Run JQ, Wei CL, Soh SWL, et al. Viral
community in human feces: Prevalence of plant pathogenic viruses. PLoS Biol. (2006)
4:0108-18. doi: 10.1371/journal.pbio.0040003

15. Bustin SA, Benes V, Garson JA, Hellemans J, Huggett J, Kubista M, et al. The
MIQE Guidelines: Minimum Information for Publication of Quantitative Real-Time
PCR Experiments. Clin Chem. (2009) 55:611-22. doi: 10.1373/clinchem.2008.112797

16. Galani A, Aalizadeh R, Kostakis M, Markou A, Alygizakis N, Lytras T, et al.
SARS-CoV-2 wastewater surveillance data can predict hospitalizations and ICU
admissions. Sci Total Environ. (2021) 804:150151. doi: 10.1016/j.scitotenv.2021.150151

17. D’Aoust PM, Graber TE, Mercier E, Montpetit D, Alexandrov I, Neault N, et al.
Catching a resurgence: Increase in SARS-CoV-2 viral RNA identified in wastewater
48 h before COVID-19 clinical tests and 96 h before hospitalizations. Sci Total Environ.
(2021) 770:145319. doi: 10.1016/j.scitotenv.2021.145319

18. Feng S, Roguet A, McClary-Gutierrez JS, Newton RJ, Kloczko N, Meiman ]G,
et al. Evaluation of sampling, analysis, and normalization methods for SARS-CoV-2

Frontiersin Public Health

08

10.3389/fpubh.2023.1141136

concentrations in wastewater to assess COVID-19 burdens in Wisconsin communities.
ACS ES&T Water. (2021) 1:1955-65. doi: 10.1021/acsestwater.1c00160

19. Larsen DA, Wigginton KR. Tracking COVID-19 with wastewater. Nat
Biotechnol. (2020) 38:1151-1153. doi: 10.1038/s41587-020-0690-1

20. Nemudryi A, Nemudraia A, Wiegand T, Vanderwood KK, Wilkinson
R, Correspondence BW, et al. Temporal detection and phylogenetic
assessment of SARS-CoV-2 in municipal wastewater. Cell Reports Med. (2020)
1:100098. doi: 10.1016/j.xcrm.2020.100098

21. Peccia J, Zulli A, Brackney DE, Grubaugh ND, Kaplan EH, Casanovas-Massana
A, et al. Measurement of SARS-CoV-2 RNA in wastewater tracks community
infection dynamics. Nat Biotechnol. (2020) 38:1164-1167. doi: 10.1038/s41587-020-
0684-z

22. Zhang T, Cui X, Zhao X, WangJ, Zheng J, Zheng G, et al. Detectable SARS-CoV-2
viral RNA in feces of three children during recovery period of COVID-19 pneumonia.
J Med Virol. (2020) 92:909-14. doi: 10.1002/jmv.25795

23. Wu E Xiao A, Zhang J, Moniz K, Endo N, Armas E et al. SARS-
CoV-2 RNA concentrations in wastewater foreshadow dynamics and
clinical presentation of new COVID-19 cases. Sci Total Environ. (2022)
805:150121. doi: 10.1016/j.scitotenv.2021.150121

24. Chan MCW, Lee N, Chan PKS, To KE Wong RYK, Ho WS, et al
Seasonal influenza A virus in feces of hospitalized adults. Emerg Infect Dis. (2011)
17:2038. doi: 10.3201/eid1711.110205

25. Heijnen L, Medema G. Surveillance of influenza A and the pandemic influenza
A (HIN1) 2009 in sewage and surface water in the Netherlands. ] Water Health. (2011)
9:434-442. doi: 10.2166/wh.2011.019

26. Kumar M, Joshi M, Patel AK, Joshi CG. Unravelling the early warning
capability of wastewater surveillance for COVID-19: A temporal study on
SARS-CoV-2 RNA detection and need for the escalation. Environ Res. (2021)
196:110946. doi: 10.1016/j.envres.2021.110946

27. Santos VS, Gurgel RQ, Cuevas LE, Martins-Filho PR. Prolonged fecal
shedding of SARS-CoV-2 in pediatric patients. A quantitative evidence synthesis.
] Pediatr Gastroenterol Nutr. (2020) 71:150-2. doi: 10.1097/MPG.000000000000
2798

28. Xing YH Ni W, Wu Q, Li WJ Li GJ, Wang W Di, Tong JN, Song XE et al.
Prolonged viral shedding in feces of pediatric patients with coronavirus disease 2019. J
Microbiol Immunol Infect. (2020) 53:473. doi: 10.1016/j.jmii.2020.03.021

29. YeY, Ellenberg RM, Graham KE, Wigginton KR. Survivability, partitioning, and
recovery of enveloped viruses in untreated municipal wastewater. Environ Sci Technol.
(2016) 50:5077-85. doi: 10.1021/acs.est.6b00876

30. Graham KE, Loeb SK, Wolfe MK, Catoe D, Sinnott-Armstrong N, Kim S,
et al. SARS-CoV-2 RNA in wastewater settled solids is associated with COVID-
19 cases in a large urban Sewershed. Environ Sci Technol. (2021) 55:488-
98. doi: 10.1021/acs.est.0c06191

31. Pierce CA, Herold KC, Herold BC, Chou J, Randolph A, Kane B, et al. COVID-19
and children. Science. (2022) 377:1144. doi: 10.1126/science.ade1675

32. Kondrich ], Rosenthal M. Influenza in children. Curr Opin Pediatr. (2017)
29:297-302. doi: 10.1097/MOP.0000000000000495

33. Collaborating Centers WHO. WHO information for the molecular detection of
influenza viruses. (2021) 1-68.

34. Victoriano CM, Pask ME, Malofsky NA, Seegmiller A, Simmons S, Schmitz
JE, et al. Direct PCR with the CDC 2019 SARS-CoV-2 assay : optimization
for limited—resource settings. Sci Rep. (2022) 12:11756. doi: 10.1038/s41598-022-
15356-7

35. Plaza-Garrido A, Ampuero M, Gaggero A, Villamar-Ayala CA. Norovirus,
Hepatitis A and SARS-CoV-2 surveillance within Chilean rural wastewater treatment
plants based on different biological treatment typologies. Sci Total Environ. (2023)
863:160685. doi: 10.1016/j.scitotenv.2022.160685

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1141136
https://ipac-canada.org/influenza-resources
https://www.canada.ca/en/public-health/services/diseases/flu-influenza/influenza-surveillance.html
https://www.canada.ca/en/public-health/services/diseases/flu-influenza/influenza-surveillance.html
https://doi.org/10.1159/000197314
https://www.cdc.gov/flu/about/viruses/types.htm
https://www.cdc.gov/flu/about/viruses/types.htm
https://health-infobase.canada.ca/covid-19/wastewater/
https://doi.org/10.1016/j.scitotenv.2022.158967
https://www.publichealthontario.ca/en/Laboratory-Services/Test-Information-Index/Virus-Respiratory
https://www.publichealthontario.ca/en/Laboratory-Services/Test-Information-Index/Virus-Respiratory
https://doi.org/10.1016/j.scitotenv.2020.138764
https://doi.org/10.15585/mmwr.mm7144e2
https://doi.org/10.1038/s41598-022-20076-z
https://doi.org/10.1128/aem.54.8.1983-1988.1988
https://doi.org/10.1016/S2468-1253(20)30083-2
https://doi.org/10.1016/j.scitotenv.2022.153228
https://doi.org/10.1371/journal.pbio.0040003
https://doi.org/10.1373/clinchem.2008.112797
https://doi.org/10.1016/j.scitotenv.2021.150151
https://doi.org/10.1016/j.scitotenv.2021.145319
https://doi.org/10.1021/acsestwater.1c00160
https://doi.org/10.1038/s41587-020-0690-1
https://doi.org/10.1016/j.xcrm.2020.100098
https://doi.org/10.1038/s41587-020-0684-z
https://doi.org/10.1002/jmv.25795
https://doi.org/10.1016/j.scitotenv.2021.150121
https://doi.org/10.3201/eid1711.110205
https://doi.org/10.2166/wh.2011.019
https://doi.org/10.1016/j.envres.2021.110946
https://doi.org/10.1097/MPG.0000000000002798
https://doi.org/10.1016/j.jmii.2020.03.021
https://doi.org/10.1021/acs.est.6b00876
https://doi.org/10.1021/acs.est.0c06191
https://doi.org/10.1126/science.ade1675
https://doi.org/10.1097/MOP.0000000000000495
https://doi.org/10.1038/s41598-022-15356-7
https://doi.org/10.1016/j.scitotenv.2022.160685
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	An alternative method for monitoring and interpreting influenza A in communities using wastewater surveillance
	1. Introduction
	2. Materials and methods
	2.1. Wastewater sample collection and PEG-NaCl viral concentration
	2.2. Nucleic acid extraction
	2.3. Quantitative reverse transcription PCR
	2.4. Influenza A case data
	2.5. School absences
	2.6. PMMoV normalization for comparisons with influenza A case data and school absenteeism
	2.7. Statistical analysis

	3. Results and discussion
	3.1. Time-step correlation analysis between PMMoV-normalized WWS data and clinical surveillance metrics
	3.2. Correlation between PMMoV-normalized viral WWS data and % change in absences due to illness in elementary and secondary schools
	3.3. PMMoV-normalized viral WWS data trends over time

	4. Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	References


