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Abstract

Public health authorities have increasingly used wastewater-based epidemiology (WBE) to monitor community transmission of SARS-
CoV-2 and other agents. In this study, we evaluate the utility of WBE during the COVID-19 pandemic in England for estimating SARS-
CoV-2 prevalence. We use wastewater data from the Environmental Monitoring for Health Protection program and prevalence data
from the REal-time Assessment of Community Transmission-1 study. Across the pandemic, we describe how wastewater-based
modeling can achieve representative SARS-CoV-2 prevalence estimates in fine and coarse spatial resolutions for relatively short-time
horizons (of up to 1 month), and thus assist in filling temporal gaps in surveillance. We infer a temporally evolving relationship
between wastewater and prevalence which may limit the utility of WBE for estimating SARS-CoV-2 prevalence over longer time
horizons without a concurrent prevalence survey. Exploring further our finding of time-varying, population-level fecal shedding, we
characterize WBE for SARS-CoV-2 prevalence as (i) vaccination coverage dependent and (ii) variant- specific. Our research suggests
that these factors are important considerations in future uses of WBE by public health authorities in infectious disease outbreaks. We
further demonstrate that WBE can improve both the cost efficiency and accuracy of community prevalence surveys which on their
own may have incomplete geographic coverage and/or small sample sizes. Therefore, in England, for the objective of high spatial
resolution prevalence monitoring, strategic use of SARS-CoV-2 wastewater concentration data nationally could have enhanced, but
not replaced, community prevalence survey programs.
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Significance Statement

Wastewater-based epidemiology (WBE) was employed globally throughout the COVID-19 pandemic, including for the estimation of
clinical indicators. However, despite recent advances, the dynamics of the relationship between SARS-CoV-2 wastewater concentra-
tions and community prevalence remains an underdeveloped area of research. Likewise, it remains unclear how, and if, WBE could be
employed effectively for monitoring prevalence across a nation over sustained periods of time. Here, we discover moderate-to-strong
potential for wastewater-model-based estimation of SARS-CoV-2 community prevalence yet also find a temporally evolving
prevalence-to-wastewater relationship in the aftermath of widespread vaccination and changing dominant variants. These two fac-
tors of vaccination and variants influence the time horizon for which reliable wastewater-based prevalence estimates can be made
without a concurrent community prevalence survey, for both high and coarse spatial resolutions. Finally, we demonstrate that des-
pite the temporally evolving relationship, SARS-CoV-2 wastewater surveillance could enable greater logistical and economic efficien-
cies for high-resolution community prevalence surveys, although wastewater concentration data alone, in the absence of a
calibrating prevalence survey, is likely insufficient for reliable, stable estimation of SARS-CoV-2 prevalence over long-time horizons.

Introduction SARS-CoV-2 (the virus that causes COVID-19), WBE was applied

Monitoring the distribution of viruses has been a common use of
wastewater-based epidemiology (WBE) in recent years (1). WBE in-
volves collection of samples from wastewater sites that capture
human excretions through urine or fecal matter, and has enabled,
for example, surveillance of poliovir uses (2). During the COVID-19
pandemic, as governments and public health authorities around
the world sought to monitor the transmission and spread of

as an infection surveillance tool, since SARS-CoV-2 is excreted
in the feces of both symptomatic and asymptomatic infected
individuals.

Clinically confirmed SARS-CoV-2 prevalence estimates are
sensitive to test-seeking biases, asymptomatic infections, and
clinical testing capacity. Conversely, WBE represents an indirect,
noninvasive, population-level infection surveillance tool for
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cost-effective, real-time monitoring of pathogen transmission
(3, 4). Several studies have established strong correlations be-
tween wastewater SARS-CoV-2 concentrations and reported
COVID-19 cases (5-7), while others estimated the time depend-
ency and lead time (varying from 4 to 10 days) from detection in
wastewater to date of testing in clinical cases (8-10). During the
pandemic, SARS-CoV-2 prevalence in England was estimated for
45 sewage site catchments (11), while further research estimated
weekly viral wastewater concentrations in a spatially continuous
domain (12). More recently, the issue of how best to incorporate
wastewater surveillance into a prevalence estimation framework
has been explored with a specific focus on now casting commu-
nity prevalence in counterfactual scenarios (13).

Here, across 21 months of the COVID-19 pandemic in England,
we provide a high-resolution spatiotemporal analysis and evi-
dence synthesis of the utility of WBE for estimating community
SARS-CoV-2 prevalence. Our analysis uses data from one of the
world’s largest community prevalence surveys; the REal-time
Assessment of Community Transmission-1 (REACT-1) study,
and the Environmental Monitoring for Health Protection (EMHP)
wastewater surveillance program.

Our geospatial framework maps wastewater concentrations
from a sewage treatment plant to the level of a Lower Tier Local
Authority (LTLA). Then, our analysis provides a rigorous investi-
gation of the relationship between wastewater concentration
estimates and estimated infection prevalence from REACT-1.
We investigate the stationarity of this relationship over time
and whether we can disentangle factors that influence the
prevalence-to-wastewater relationship. Leaning on this explora-
tory analysis, we perform extensive modeling analyses to investi-
gate the spatial and temporal extent to which WBE can facilitate
reliable estimation of community prevalence of SARS-CoV-2.
Our analyses and the lessons learned therein will serve as rec-
ommendations for future infectious disease outbreaks where
authorities wish to combine infection surveillance by survey
data and WBE.

Results

Our analysis, across two distinct studied periods of the COVID-19
pandemic (labeled early and late periods which are segmented due
to surveillance differences—see Materials and methods), focuses
on how SARS-CoV-2 wastewater concentration estimates can be
associated with the community SARS-CoV-2 prevalence estimates
from individual rounds of the REACT-1 survey. We consider
varying spatial scales in our analyses; from coarser (regional)
to fine (LTLA) resolution. Our wastewater-based, gradient
boosting model learned the relationship between wastewater
concentrations and survey prevalence estimates during model
training. The wastewater-based model was then used to estimate
out-of-sample (i.e. hypothetically unobserved) SARS-CoV-2
prevalence within individual prevalence survey rounds. For con-
text, the aforementioned early period of analysis (rounds 3 to 11,
from 2020 July 24 to 2021 May 3) was the first period of overlap be-
tween the wastewater surveillance program and REACT-1 survey.
The period corresponded to a duration of relatively low, stable
SARS-CoV-2 prevalence levels (mean LTLA estimate: 0.55%) and
vaccination was at low levels (mean fully vaccinated proportion
for an LTLA in round 11 was 12.2%). Conversely, the 10-month
late period (rounds 12-19, 2021 May 20 to 2022 March 31) incorpo-
rated expanded wastewater testing coverage and the epidemic’s
evolution was characterized by high prevalence levels, heteroge-
neous vaccination of the population, and occurrence of a new,

highly transmissible Omicron variant with different properties,
such as lower viral loads, selective reduction in Omicron infectiv-
ity in the intestinal tract, and shorter duration of respiratory shed-
ding, compared with the Delta variant (14-16).

Relationship between SARS-CoV-2 RNA
wastewater concentrations and prevalence

Before assessing how a wastewater-based model may be used to
estimate SARS-CoV-2 prevalence, we describe the relationship be-
tween SARS-CoV-2 prevalence estimates and corresponding
wastewater concentrations, at varying time periods throughout
the COVID-19 pandemic. Consistent with the underlying scientific
premise, in the early period (REACT-1 rounds 3 to 11, from 2020
July 24 to 2021 May 3), estimated wastewater concentrations
at an LTLA level were moderately to strongly correlate with
SARS-CoV-2 prevalence (Spearman’s correlation r=0.62; 95% CL:
0.59-0.65). These trends were observed at fine spatial resolution
(LTLA), and stronger relationships were observed at coarser spa-
tial resolution between (population-weighted) regional and na-
tional average wastewater concentration and corresponding
(population-weighted) averages of prevalence estimates (Table S1).
Looking at the time evolution of the prevalence-wastewater
relationships (Fig. 1), as measured by correlations between all
wastewater concentrations and SARS-CoV-2 prevalence within
moving (centrally aligned) windows of five survey rounds, we esti-
mated relatively stable, consistently strong relationships until
the emergence of the Delta variant and the onset of increasingly
widespread vaccination in the population (from rounds 11 to 12
onwards—which began on 2021 April 15 and 2021 May 20, respect-
ively). Indeed, across the entire late studied period (rounds 12 to
19, from 2021 May 20 to 2022 March 31), we found the relationship
between concentrations and prevalence to be more complex,
volatile, and temporally evolving (Fig. 1). For example, within a
subset of five pre-Omicron rounds (rounds 12 to 16, 2021 May 20
to 2021 December 14) of the late period, we report weaker correl-
ation (r=0.28; 95% CI: 0.23-0.33) between LTLA-level concentra-
tions and prevalence. Similarly diminished relationships were
observed between the regional population-weighted prevalence
estimates and corresponding wastewater concentrations, despite
the increased geographic coverage of the wastewater surveillance
program during this period. We note that these trends of dimin-
ishing correspondence were similarly observed if we assessed
the correlations (over time) between prevalence and concentra-
tion estimates within each LTLA (or region) separately (Fig. S1).
To further investigate these findings of time-varying complex-
ities, we propose here a new metric (which may be a useful tool for
future infectious disease outbreaks)—the estimated prevalence
per concentration in wastewater (Fig. 1D). The metric captures
the prevalence-to-wastewater relationship, and so population-
level fecal shedding over time (with higher values indicating lower
average fecal shedding per person). Relationship complexity (sug-
gested previously by the aforementioned five-round-windowed
correlations and now in the prevalence per concentration) was
evident in the presence of (i) rapid rollout of vaccination of LTLA
populations nationally, and (ii) rapid replacement of the Delta
variant by the Omicron BA.1and BA.2 subvariants (Fig. 1). In terms
of the impacts of vaccination on the prevalence-to-wastewater re-
lationship, we observed substantially diminishing correlation be-
tween prevalence estimates and wastewater concentrations
(Fig. 1) during five-round windows where full vaccination was in-
creasingly prevalent (i.e. from rounds 12 onwards). In terms of our
proposed metric, across all observations from rounds 12 to 19
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Fig. 1. Prevalence-wastewater relationship. A) Population-weighted regional (and national) averages of SARS-CoV-2 prevalence estimates per survey
round of the REACT-1 study. B) Spearman’s correlation between all LTLA-level observations of SARS-CoV-2 wastewater concentrations and REACT-1
SARS-CoV-2 prevalence across moving five-round windows centered on each survey round from REACT-1 rounds 5 (commencing 2020 September 18) to
17 (ending 2022 January 20). 95% Cls were obtained by the Clopper-Pearson method (17). The number of observations used for computing the correlations
across each five-round window varied depending on the number of LTLAs covered by the wastewater surveillance program. C) Analogous visualization of
correlation between all observations of regional wastewater concentration and SARS-CoV-2 prevalence estimates within the same moving five-round
windows (n=45 for each window). Regional estimates were derived by population-level weighting of the corresponding LTLA-level wastewater
concentrations and prevalence estimates. To visualize how any LTLA- and region-specific heterogeneities in wastewater concentrations and/or
prevalence estimates impact their individual prevalence-wastewater relationships, we also calculated correlations within each LTLA (region) separately
(visualized in Fig. S1). D) Population-weighted regional (and national) REACT-1 prevalence per population-weighted regional (and national) estimated
wastewater concentration by round of data collection, from REACT-1 rounds 3 (2020 July 24) to 19 (2022 March 31). Greater values of the ratio correspond
to lower implied population-level fecal shedding rates, i.e. per positive infected individual. For reference, vaccination began in round 8 (2021 January 6)
with full vaccination becoming prevalent from round 12 (2021 May 20) onwards (when the survey round estimate of the national average proportion of
the entire population fully vaccinated is 31.7%), the Delta variant was dominant from rounds 11 to 16 (2021 April 15 to 2021 December 14), and the
Omicron BA.1 and BA.2 subvariants are dominant in rounds 17 to 19 (from 2022 January 5 to 2022 March 31). E) Population-weighted regional (and
national) proportions of the population with two or more doses of a licensed vaccine, as estimated per survey round of the REACT-1 study. Note that only
data from REACT-1 rounds 3 to 19 are displayed as this represents the time period which overlaps with the wastewater surveillance program.
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(from 2021 May 20 to 2022 March 31), the estimated prevalence per
wastewater concentration was moderately correlated (r=0.45;
95% CI: 0.41-0.48) with the corresponding (estimated) proportion
of an LTLA population that was fully vaccinated (two or more
doses of any vaccine), though correlation was stronger when we
instead considered the population proportion fully vaccinated in
the previous round (r = 0.51; 95% CI: 0.48-0.54). Similarly, focusing
on the evolution of vaccination prevalence per concentration over
time within LTLAs, the median of the LTLASs’ correlations (n=309),
calculated using each LTLA’s observations across eight survey
rounds, between prevalence per concentration and fully vacci-
nated proportion from the previous round was 0.64.

Thus, in understanding the association between SARS-CoV-2
prevalence and wastewater concentrations, it is important to ac-
count for the proportion of a population fully vaccinated and spe-
cifically the percentage of vaccinated individuals in the preceding
month. The implied lag may reflect time taken for a vaccine to be-
come effective at reducing fecal shedding. Inclusion of the vaccin-
ation-concentration interaction (see Table S2) increased the
wastewater-infection prevalence correlation (r=0.71, 95% CIL:
0.69-0.73) relative to the unadjusted model.

By mid-December 2021, the REACT-1 study and EMHP waste-
water program had found that Omicron BA.1 had become the
dominant SARS-CoV-2 variant in England (18, 19). Here, we
show that the percentage testing positive per concentration in
wastewater increased during the Omicron period, indicating less
fecal shedding per infected individual at a population level
(Fig. 1). Reduced levels of detected population-level fecal shedding
were observed as wastewater concentrations did not show the
same magnitude of increases as prevalence levels. Such reduced
population-level shedding was observed during survey rounds
and there was initially a breakdown in the longitudinal corres-
pondence between LTLA-level concentration and prevalence
(around REACT-1round 17), although the correlation strengthens
when we narrow our focus to this new period with widespread, re-
duced population-level fecal shedding (Figs. 1 and S1).

Out-of-sample wastewater-model-based
estimates of REACT-1 prevalence

Moving toward our wastewater-based modeling analysis, we now
describe results in out-of-sample environments, where estimates
were out-of-sample in the sense that we omitted the prevalence
data for each (entire) individual testing survey round (and all sub-
sequent rounds). To assess the predictive performance of our
(wastewater-based) models in estimating the prevalence, our
out-of-sample approach split the data into training and testing
sets. We considered two data splitting strategies: (i) iterative esti-
mates where we estimated community SARS-CoV-2 prevalence
within a single survey (testing) round using a wastewater-based
model trained/calibrated on all prevalence data up to one round
before each testing round, and (ii) multistep estimates where we
estimated prevalence for three individual (testing) survey rounds
using a wastewater-based model where the model is not recali-
brated across the three testing rounds.

Employing an iteratively updating wastewater-based, gradient
boosting model, in the early period, from REACT-1 rounds 7 to 11
(2020 November 3 to 2021 May 3), we report weak-to-moderate
within-round predictive accuracy for estimating LTLA-level
REACT-1 prevalence, which is reflected in Mean Absolute Error
(MAE) values, occasional failure to detect which LTLAs were ex-
periencing the most extreme prevalence levels across the nation,
and suboptimal accuracy for detection of prevalence level

changes (Table S3). These results are reflective of modest pre-
dictive abilities of the wastewater-based model, yet also collect-
ively suggest occasional difficulties in relying exclusively on a
wastewater model (post-calibration) for high-resolution preva-
lence inferences. Nevertheless, if we assess the iteratively up-
dating wastewater-based model’s out-of-sample estimates
collectively (i.e. over time) across the five survey rounds, there
was moderate-to-strong predictive accuracy (MAE =0.37%) and
strong correspondence between the model’s estimates and the
survey prevalence estimates, both within LTLAs  individual
time series (median r=0.85) and across all LTLA-level observa-
tions (r=0.66). Moving toward a coarser regional geographic
scale (where population-weighted regional mean prevalence es-
timates were obtained by weighting the LTLA-level estimates by
their corresponding populations), there was greater representa-
tiveness in the wastewater-based model’s estimates (Figs. 2 and
S3, Tables S3 and S4). The superior predictive accuracy is
reflected in the ability to reliably estimate regional average
prevalence (MAE=0.27%) and the accuracy of 88.9% (95% CI:
75.9-96.3%) in estimating whether the regions were experien-
cing increasing or decreasing prevalence levels.

Remaining within the early period, but focusing on REACT-1
rounds 9 to 11 (2021 February 4 to 2021 May 3) to enable compari-
son between the iteratively updated and multistep estimates pro-
duced for these three rounds, we observed relatively similar,
weak-to-moderate predictive accuracy at an LTLA level for the it-
eratively updating and multistep, wastewater-based model’s esti-
mates (Table S5). At a regional level, both the iteratively updating
and multistep wastewater-based model’s estimates were strong
atestimating prevalence movements (i.e. increasing or decreasing
prevalence levels) and the correlation between the model-based
estimates and REACT-1 survey-based prevalence was strong in
both settings. Nevertheless, the iteratively updating model’s
(population-weighted) regional prevalence estimates benefited
from the recalibrations of the prevalence-to-wastewater relation-
ship as its estimates (n=27) outperformed across the metrics of
MAE (iterative: 0.17%, multistep: 0.21%), detecting prevalence
movements (iterative: 92.6%, multistep: 77.8%), and correlations
with the prevalence (iterative: 0.94, multistep: 0.93; Table S5).

Moving toward the late period (2021 May 20 to 2022 March 31)
with higher prevalence levels and increasing population vaccin-
ation levels, the iteratively updating wastewater-based model’s
out-of-sample prevalence estimates, at an LTLA level for
REACT-1 rounds 15-19 (2021 October 19 to 2022 March 31), indi-
cated moderate predictive power in terms of detecting prevalence
movements (75.4%, 95% CIl: 73.2-77.5%) and tracking precise
prevalence levels (r=0.65; Tables S6 and S7). Similarly, looking
at the out-of-sample estimates for the five rounds collectively
(i.e. over time), there was once again a moderate-to-strong corres-
pondence between our LTLA-level model-based estimates and
survey-based prevalence (r=0.65, MAE=1.65%) and likewise,
when analyzing the correspondence within individual LTLASs sep-
arately (median r=0.78, Q1=0.57, Q3=0.90). Largely similar
trends were observed in coarser regional spatial resolution when
we weighted our LTLA-level (wastewater-model-based preva-
lence) estimates by their corresponding populations within the re-
gions (Fig. S4, Tables S6 and S7).

Nevertheless, despite the iteratively updating model’s recali-
bration of the prevalence-to-wastewater relationship every round
(i.e. an expanding model training window), the onset of the
Omicron BA.1 peak in REACT-1 round 17 (2022 January 5 to 2022
January 20) was largely underestimated and undetected by our
wastewater-based model (Table S6 and Fig. 2). The LTLA-level
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Fig. 2. Regional out-of-sample, wastewater-model-based prevalence estimates in A) rounds 9 to 11 (2021 February 4 to 2021 May 3) and B) rounds 17 to 19
(2022 January 5 to 2022 March 31). Out-of-sample wastewater-model-based prevalence estimates are shown alongside REACT-1 prevalence (blue), where
estimates were out of sample in the sense that we omitted the prevalence data for each (entire) individual testing survey round (and all subsequent
rounds). The wastewater-based model was trained at an LTLA level (i) with iterative (green) updating of the model (thus expanding the training set every
round with an additional training round), and (ii) without model recalibration (red—which means there was a fixed training set size across the three
testing rounds). The two scenarios amount to employing a wastewater-based model for either a single survey round (i.e. a relatively short period of time
up to 1 month) or for three survey rounds (i.e. a more sustained period of up to 3 months), and thus enable comparison of predictive performance with,
and without, regular model calibration of the wastewater-to-prevalence relationship. The wastewater-model-based and REACT-1 prevalence estimates
for each region (per individual round) were obtained by weighting the LTLA-level prevalence estimates by the corresponding LTLA populations within the
region. The shaded 95% PIs were obtained by 5,000 nonparametric bootstrap samples. In A), the mean regional (population-weighted) average prevalence
across rounds 9 to 11 was 0.28%, and in B), the mean regional (population-weighted) average prevalence across rounds 17 to 19 was 4.57%. The substantial
differences in prevalence levels are the reason for the different y-axes for prevalence across A) and B).

prevalence estimates departed from survey-based prevalence lev-
els (MAE = 2.76% and movement detection accuracy of 62.8%, 95%
CI: 57.1-68.2%). Focusing further on the comparison of the itera-
tive updating and multistep test set estimates during the
Omicron wave of rounds 17 to 19 (from 2022 January 5 to 2022
March 31), the multistep estimates suffered severely during these
rounds, seemingly due to the variant-induced reduction in
population-level fecal shedding and thus, the changes to the
prevalence-to-wastewater relationship (Figs. 1 and 2). The poor
predictive performance of the multistep estimates across rounds
17 to 19is reflected in the accuracy for detecting LTLA level (52.0%,
95% CI: 48.7-55.3%) and regional prevalence movements (48.1%,
95% CI: 28.7-68.1%,; Table S8). Such inability to detect prevalence
movements is in contrast to the iteratively updating model’s esti-
mates where the accuracy at an LTLA level was 75.9% (95% CL:
73.1-78.7%) and at a regional level was 81.5% (95% CI: 61.9-93.7%).

Despite the inability of our iteratively trained wastewater mod-
el to account for large initial surges in REACT-1 prevalence (in
round 17) induced by the Omicron variant, following further mod-
el calibration in rounds 17 and 18, in round 19 (the Omicron BA.2
peak), our out-of-sample wastewater-based LTLA-level and re-
gional estimates closely track the movements in LTLA level and
regional REACT-1 prevalence levels, with corresponding preva-
lence movement detection accuracies of 91.3% (95% CI: 87.5-
94.2%) and 100.0% (95% CI. 66.4-100.0%), respectively (Table S6
and Fig. 2). Indeed, even if there were only a single new model up-
date (or equivalently new calibration round), say round 17 (i.e.
omitting REACT-1 round 18), during the Omicron wave (round
19, from 2022 January 5 to 2022 March 31), the wastewater model
enabled detection of 87.4% (95% CI: 83.2-90.9%) of the within-
round LTLA-level REACT prevalence changes.

Complementary use of WBE for monitoring
SARS-CoV-2 prevalence

We have thus far demonstrated unstable wastewater-based mod-
el performance for prevalence estimation in out-of-sample scen-
arios without concurrent prevalence surveys, possibly due to the
temporal inconsistency of the prevalence-to-wastewater relation-
ship (e.g. due to change in fecal shedding related to different var-
iants of the virus) and/or limitations of our spatiotemporal
alignment. We now focus on assessing the utility of WBE in
England to complement and enhance prevalence surveys for rep-
resentative, high-resolution estimation of SARS-CoV-2 prevalence
for both economic and logistical efficiency. In short, we no longer
omit the survey-based prevalence estimates for a full survey
round when testing our model’s predictive performance as results
are now presented for varying simulated (counterfactual) inten-
sities of community prevalence surveys. To ensure robustness
of inferences (about the utility of WBE), we focus primarily on re-
sults for the late period (rounds 12 to 19, 2021 May 20 to 2022
March 31) due to more complete, representative wastewater sur-
veillance. Our approach here is 2-fold as we examine simulated
environments (i) with reduced geographic survey coverage, and
(ii) with reduced survey-round sample size of participants.

First, for the simulated scenarios of varying LTLA-level geo-
graphic survey coverage, across the varying proportions of
LTLAs within each round that were used for model training, to
enable equitable comparisons, we specified a random 10% of
withheld LTLAs from each survey round for wastewater-model-
based prevalence estimation. Fixed test set sizes across the train-
ing sets of different sizes enabled equitable comparisons of model
performance and the procedure was replicated 50 times, across
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different training-testing environments of the same proportions,
to reduce sensitivity of inferences to individual training and test-
ing sets.

As expected, relative to survey-based REACT-1 prevalence lev-
els, maintaining a higher geographic coverage of 224 prevalence
surveys throughout the 10-month period allowed more accurate
out-of-sample wastewater-based prevalence monitoring across
the rounds (Table 1 and Fig. S5). Nevertheless, training environ-
ments with fewer LTLA-level observations enabled representative
indication of rising or declining REACT-1 prevalence levels for the
omitted LTLAs across the sustained period, although the precise
estimates tended to depart from survey-based prevalence levels.
Similar results were attained for training-testing environments
in the early period of 2020 July 24 to 2021 May 3 (Table S9), as great-
er survey geographic coverage (during model training) yielded
more accurate wastewater-model-based estimates of test set
prevalence, although increasing coverage from 80 to 90% of a
REACT-1round’s LTLAs yielded marginally inferior predictive per-
formance (possibly due to incomplete LTLA-level wastewater geo-
graphic coverage or the noisiness during epidemic periods with
lower SARS-CoV-2 prevalence). The representativeness across
rounds of out-of-sample prevalence estimates (over time) for
the test set (i.e. omitted) LTLAs, in the presence of a concurrent,
reduced-scale prevalence survey, is an apparent consequence of
the regular, simultaneous model calibration (which allows for
temporal monitoring and thus, updating of the prevalence-to-
wastewater relationship). The performance may also be enhanced
by the spatial consistency of the prevalence-to-wastewater rela-
tionship (Fig. S6). For example, in the late period with expanded
wastewater surveillance, estimated population-level fecal shed-
ding rates generally became increasingly consistent across LTLAs.

Finally, we also evaluated how wastewater surveillance (and
our associated modeling) in England could have enabled reduc-
tions in the number of participants within survey rounds and
thus contributed to greater cost efficiencies in prevalence surveys.
Across each setting of varying (simulated) reduced survey-round
sample sizes of participants, relative to a (pseudo-independent,
ideal) benchmark of spatially smoothed prevalence levels derived

Table 1. Results of wastewater-based complementary prevalence
estimates across rounds 12 to 19 (2021 May 20 to 2022 March 31)
using varying geographic coverage of prevalence surveys for
training.

Training-testing MAE r Change detection
(95% CI)

40-10% 0.69% 0.90 84.2% (79.7-88.8%)

60-10% 0.63% 0.91 85.4% (81.0-89.8%)

80-10% 0.59% 0.93 85.8% (81.5-90.2%)

90-10% 0.56% 0.94 86.6% (82.4-90.9%)

Wastewater-based models were trained using 40 to 90% of each REACT-1
round’s LTLAs (i.e. 40 to 90% of the SARS-CoV-2 prevalence estimates and of the
SARS-CoV-2 wastewater concentrations), and 10% of the LTLAs per round were
used for real-time, out-of-sample wastewater-based prevalence estimation.
Identical test sets of equal size (n =247, across eight rounds) were used (within
each training-testing environment) to enable comparison of the model-based
information offered by various training environments, while the procedure was
repeated 50 times (i.e. 50-folds) to reduce sensitivity to any individual training—
testing splits. The average test set prevalence across the 50-folds was 2.25%.
Note that MAE represents the median of MAE values and r represents the
median of the fold-specific Pearson’s correlation coefficient across the all
testing observations across the eight rounds, thus measuring modeling
performance across sustained time periods (as opposed to performance within
individual survey rounds). Change Detection indicates the median of the
fold-specific directional accuracy, while the corresponding 95% CI is attained
by Clopper-Pearson method, otherwise known as the exact confidence
interval (17).

from full-sized surveys (see Materials and methods for further de-
tails, including limitations), we observed a consistent trend (Fig. 3)
of wastewater-model-based estimates improving upon the corre-
sponding reduced-survey-based prevalence estimates (in terms of
predictive accuracy). Within each round, the average MAE (rela-
tive to the aforementioned benchmark derived from full-sized
surveys) expectedly declined as the survey round’s sample size to-
tals increased for both the reduced survey only and combined
survey-wastewater environments, although the wastewater mod-
el consistently yielded improvements upon the survey-based
estimates for almost every round and survey sample size of partic-
ipants. Irrespective of whether we attempted to spatially smooth
prevalence estimates from reduced survey total numbers of
participants (with and without wastewater), wastewater-based
modeling improved the accuracy of prevalence estimates ob-
tained from reduced surveys (where accuracy is defined to the
spatially smoothed prevalence benchmark derived from full-sized
surveys).

Discussion

Across a time horizon of 21 months of the COVID-19 pandemic in
England, our spatiotemporal analyses are the first nationwide de-
tailed evidence synthesis of (i) the prevalence-to-wastewater rela-
tionship, and relatedly, (ii) the utility of WBE for SARS-CoV-2
prevalence estimation. Our investigations uncover how increas-
ing vaccination coverage levels, dynamically changing circulating
variants, and evolving population immunity levels are important
factors in understanding the prevalence-to-wastewater relation-
ship (20).

Exploring in further detail the evolution (over time) of correla-
tions between SARS-CoV-2 prevalence in the population and viral
particle concentration in wastewater, and the corresponding ratio
of prevalence to wastewater concentration, we found strong cor-
respondence between the survey-based prevalence and the
wastewater concentrations during the early studied epidemic pe-
riods with low prevalence levels and negligible vaccination of the
population. Nevertheless, as mentioned above, we subsequently
identified two identifiable factors in a temporally evolving
prevalence-to-wastewater relationship: (i) levels of vaccination
coverage and (ii) differences in fecal shedding according to pre-
dominant variants.

There exists a myriad of potential external influences (or con-
founders) on the relationship such as changing population-level
immunity and human mobility patterns in response to time-
varying nonpharmaceutical intervals and the epidemic trajectory
(21). However, reduced population-level fecal shedding follow-
ing widespread vaccination is consistent with findings from
community-based wastewater surveillance of COVID-19in educa-
tional facilities (22). On the other hand, variant-specific fecal
shedding rates (specifically lower shedding rates during the
Omicron period) may have led to the observed modifications to
the relationship between wastewater concentrations and preva-
lence. However, the initial breakdowns in the relationship at the
beginning of the Omicron wave cannot be disentangled from the
greater background vaccination and immunity, compared with
previous waves. Indeed, changes in the relationship had already
been observed in the preceding months (from September 2021),
possibly due to changes to the dominant SARS-CoV-2 variant (as
the Delta variant became dominant in the English population)
(18). Nevertheless, the relationship between wastewater concen-
trations and REACT-1 prevalence estimates is stronger (and
more consistent) once again when we restrict measurement focus
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Fig. 3. SARS-CoV-2 prevalence estimate accuracy in simulations of reduced survey sample size of participants with and without wastewater modeling. In
individual rounds of 12 to 19 (from 2021 May 20 to 2022 March 31), the following procedure was replicated 100 times for proportions ranging from 5 to
100% in increments of 5%: environments were simulated to include 5 to 100% of each LTLA’s REACT-1 survey rounds’ total number of participants, and
the number of positives was simulated binomially from each such reduced total number of participants with success probability equal to the REACT-1
weighted prevalence. Then, for each proportion, reduced-sized survey-based prevalence levels were used to calibrate wastewater-model-based
estimates. Both the reduced-survey-based prevalence levels (orange) and combined reduced survey-wastewater estimates (green) were compared, to a
spatially smoothed REACT-1 prevalence benchmark derived from full-sized surveys, via the MAE within each of the 100 simulation replicates. The mean
average of the MAE values (across the replicates) is visualized above. Note the different scales of the y-axes for MAE which are instructive due to the
differences in mean prevalence levels (and hence, MAE) across the eight survey rounds.

to the three rounds where Omicron (BA.1 and BA.2) is the domin-
ant SARS-CoV-2 variant, which may be indicative of a returning
stabilization of the prevalence-to-wastewater relationship as the
population-level fecal shedding settled at reduced levels. Our
findings of implied reduced fecal shedding during the Omicron
wave were similarly observed in a community-based analysis of
wastewater in the United States (23). While our findings are at
the population (rather than individual) level, they are also consist-
ent with clinical data for the Omicron variant which indicate pref-
erential infection of the upper airway, selective reduction in
Omicron infectivity in the intestinal tract, as well as lower viral
loads and shorter duration of respiratory shedding, compared
with the Delta variant (14-16, 24).

Leaning now on the results of our modeling analysis, across
both periods of our analysis (which are characterized by highly
contrasting epidemic dynamics and differing intensities of
wastewater surveillance), a trained wastewater-based gradient
boosting model with iteratively produced prevalence estimates
yielded moderate predictive accuracy for estimating survey-
based, high spatial resolution (LTLA-level) prevalence for individ-
ual rounds (i.e. up to 1 month) in settings without any concurrent
prevalence survey data. Interpreting these findings alongside
the stronger predictive accuracy in the coarser spatial reso-
lution of regional level, we deduce that reliably estimating
SARS-CoV-2 prevalence from a (recently) calibrated wastewater

model alone for a single survey round (i.e. for up to 1 month)is a
feasible task.

While wastewater-model-based multistep prevalence esti-
mates (i.e. produced using wastewater data alone for several
individual rounds without any recalibrations of the prevalence-
to-wastewater relationship) in the early period (2020 July 24 to
2021 May 3) generally provided representative accounts of
out-of-sample LTLA level and regional trends for up to 3 months
(without a simultaneous prevalence survey), there was a notably
different picture in the late period (2021 May 20 to 2022 March
31). In particular, in the late period, characterized by high preva-
lence levels, increasing vaccination coverage, and changing var-
iants, the multistep estimates failed to provide an accurate
account of the substantial prevalence movements present
throughout the Omicron wave, at both LTLA and regional spatial
resolutions. Such weak out-of-sample predictive performance
(when the wastewater model was not recalibrated for ~3 months)
may be a consequence of the increasingly temporally unstable re-
lationship between wastewater and prevalence (apparently influ-
enced by both vaccination and the emergence of the Omicron
variant). Our identified lack of temporal consistency is compatible
with the findings of Xiao et al. (10), where the wastewater-to-
clinical cases ratio also changed substantially during the pandem-
ic. In contrast to multistep estimates, our iteratively produced
wastewater-model-based prevalence estimates for the Omicron
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BA.2 peak in round 19 (2022 March 8 to 2022 March 31) were
strongly representative of the observed sharp increases in preva-
lence at LTLA and regional level. Indeed, a single additional
round of model recalibration during the Omicron wave enabled
more representative estimates of survey-based prevalence.
These examples highlight the important lesson; accuracy and
utility of wastewater-model-based prevalence estimates relies
heavily on understanding any changes to the circulating variants
and relatedly, the prevalence-to-wastewater relationship. We
deduce the importance of concurrent prevalence surveys for
wastewater-based model calibration, alongside the potential use
case of WBE which could be undertaken between rounds of
a prevalence survey to improve continuity of prevalence esti-
mates, contingent on availability of vaccination and variant track-
ing data to inform the updating of the prevalence-to-wastewater
relationship.

Limitations of our analysis include the sparse geographical
coverage of wastewater collection sites earlier in the pandemic,
sensitivity of the wastewater surveillance (and the unknown vary-
ing sampling strategies) for quantifying RNA concentrations (25),
and imprecision of the REACT-1 prevalence survey data at the
LTLA level, as well as possible inaccuracies in the weighted esti-
mates employed to correct for variable response rates in different
sectors and demographics of the population (26). Further limita-
tions (discussed in Supplementary Materials 6 and 8) include the
temporal resolutions of our data, the discrete time periods of
data collection, the lack of adjustment for variability in estimated
wastewater concentrations and prevalence estimates, and the
spatial and temporal mismatches which result in averaging of
concentrations across treatment plants and across a survey
round. Additionally, we acknowledge that our analysis of the util-
ity WBE is strictly confined to the use case within a nation where a
community prevalence survey (REACT-1) exists to calibrate the
prevalence-to-wastewater relationship.

Focusing now on the complementary role of WBE, by lever-
aging the estimated spatial consistency of the prevalence-to-
wastewater relationship (Fig. S6), we show that wastewater-based
modeling can improve logistical and economic efficiency of preva-
lence surveys by providing prevalence estimates over sustained
periods for geographies not covered by prevalence surveys.
Similarly, relative to spatially smoothed survey-based prevalence,
for simulations of reduced survey-round sample size, combined
survey-wastewater-based estimates consistently improved upon
the accuracy of prevalence levels from reduced surveys alone,
even for extremely small-sized surveys. Therefore, we demon-
strate that combining WBE with intermittent survey data or fewer
samples of survey data may help to maximize the geospatial
reach, accuracy, and value of the information, while reducing
the cost. Thus, WBE data could be used to provide additional, re-
liable information to fill in the spatial gaps in estimating
SARS-CoV-2 prevalence during intervals with reduced survey
data. This could be a cost-effective approach, since the WBE
data are relatively cheap to obtain compared with conducting
population surveys. Further work including an economic evalu-
ation would be needed to model different scenarios based on tim-
ing, extent, and duration of survey data and geospatial coverage of
the wastewater data. While this is beyond the scope of the current
work, briefly, a cost-benefit analysis for Germany estimated that
the national cost for WBE surveillance reagents would be only
0.014% of those required for clinical testing (27), although this
did not account for the relatively unknown value (accuracy) of in-
formation from WBE compared with prevalence survey data. We
recognize that community prevalence studies were not a feature

of many nations’ response to the COVID-19 pandemic and thus,
it is somewhat unclear how WBE could be used to estimate
SARS-CoV-2 prevalence in the absence of prevalence surveys in
a nation. While beyond the scope of the current research, we
tentatively suggest that in this scenario, WBE could be used
for well-documented alternative uses (such as early warning
detection and variant tracking (23, 28)) or concurrent prevalence—
wastewater analyses from other nations may be used to calibrate
how the wastewater concentrations correspond to community
prevalence.

From a public health policy perspective, we have uncovered
several important lessons which may be useful for future infectious
disease outbreaks. These lessons include that using WBE alone may
be insufficient for modeling survey-based SARS-CoV-2 prevalence
over several months without any concurrent prevalence survey,
potentially hampered by limitations (including wastewater
uncertainty, survey-based uncertainty, and/or spatiotemporal
mismatches). However, for time horizons up to 1 month, contin-
gent on recent survey-based calibration of the prevalence-to-
wastewater relationship, a wastewater-based model can fill any
temporal gaps in surveillance between survey rounds by provid-
ing useful, reliable information on prevalence trends in both
fine and coarse spatial resolutions. Indeed, reliable wastewater-
model-based prevalence estimation, at fine or coarser spatial
resolution is often contingent on recent model calibration (via
community prevalence surveys), with the regularity of recalibra-
tion determined by factors including changing dominant variants
and changing vaccination levels. Importantly, wastewater-based
modeling can evidently play a complementary role in improving
the cost efficiency of prevalence surveys by also filling gaps in spa-
tial coverage of prevalence surveys or by enhancing accuracy of
reduced-size surveys. Thus, there is clear value in the ability of
WBE to complement prevalence surveys and achieve greater
cost efficiencies. Therefore, we deduce that the appropriateness
of WBE in England is dependent on the precise use case (WBE
alone or complementary to prevalence surveys), the spatial reso-
lution (coarse or fine), and the concurrent epidemic dynamics
(such as vaccination and variants). In the event of future out-
breaks of infectious diseases, a combination of surveillance by
survey data and WBE is likely to be a cost-effective approach to
obtaining situational awareness for policy makers. This will like-
ly require concomitant monitoring of vaccination coverage and
variants (accessible via prevalence surveys, WBE, and genotyp-
ing), alongside clinical indicators of epidemic dynamics.
Together, these will help to determine the optimal timing of
wastewater model recalibration and the scale of survey and
wastewater monitoring required ensuring representative preva-
lence estimation.

Materials and methods

Study design

The objectives of the study were 2-fold: (i) to establish how
SARS-CoV-2 wastewater concentration estimates related to corre-
sponding SARS-CoV-2 community prevalence estimates and (ii)
how wastewater concentrations could be effectively used, pos-
sibly alongside community prevalence surveys, for monitoring
SARS-CoV-2 prevalence in varying spatial resolution across
England.

Wastewater concentration data were sourced from the EMHP
program, which was led by the United Kingdom Health Security
Agency and tested untreated sewage across England for frag-
ments of SARS-CoV-2. The program monitored wastewater viral
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concentrations of SARS-CoV-2 RNA, variants of concern, and var-
lants under investigation. For estimation of wastewater concen-
trations, samples were collected three to four times weekly at
sewage treatment works (STWs) and sewer network sites (18).
The monitoring program commenced in July 2020 at 45 STWs
and a large-scale expansion occurred nationally in June 2021.
The wastewater samples were obtained in one of two ways: either
via (1) grab samples (a single sample taken using a small container
at one pointin the day) or (ii) composite samples (an auto sampler
samples at regular intervals throughout the day and mixes the
samples together in a container). The program did not disclose de-
tails of the method used (grab or auto sampler) for individual sam-
ples. See Supplementary Material 8 for discussion of further
sources of wastewater uncertainty and potential inaccuracies
(18, 25).

Viral concentrations of SARS-CoV-2 RNA were obtained from
wastewater samples by quantifying the number of SARS-CoV-2
N1 gene copies per liter via the RT-gPCR process, a quantification
method which combines two main steps of RT and gPCR (6).
Normalization of wastewater flows is necessary to account for
precipitation dilution of concentrations of SARS-CoV-2 RNA. The
indirect normalization conducted under the EMHP program is de-
scribed elsewhere (25), but briefly, the technique assumed that
wastewater flows were not directly observable, flow variability
was estimated, and outliers were identified. The data were then
presented as the flow-normalized viral concentrations of
SARS-CoV-2 RNA, defined in units of numbers of gene copies per
liter.

Community prevalence data were sourced from the REACT-1
study which obtained estimates of weighted prevalence of
SARS-CoV-2 infection in England from 2020 May 1 to 2022 March
31. Across 19 distinct rounds of cross-sectional surveys (29), ran-
dom samples of the English population (over 5 years of age)
were taken (26, 30). Rounds of REACT-1 were approximately
monthly with round durations between 15 and 31 days. The study
involved participants using a self-administered throat-and-
nose swab kit and completing a questionnaire. The swabs
were sent to a laboratory (either by courier or by priority post)
where the samples were tested for SARS-CoV-2 by RT-PCR.
The laboratory extracted nucleic acid for SARS-CoV-2 using
the ViroBOAR 1.0 RT-gqPCR kit (EuroFins Genomics, GmbH,
Ebersberg, Germany) and the Roche Lightcycler 480 II (Roche
Diagnostics, Almere, The Netherlands) to detect in parallel two
gene targets: the N gene and E gene. Valid laboratory test results
were defined as positive for an individual if both the N gene and E
gene targets were detected or if the N gene was detected with a
cycle threshold (Ct) value <37. Date of swabbing was used for
prevalence estimates where available, and otherwise, the
study used date of pickup by courier or date of scan in post office
(26, 30).

Throughout the 19 rounds, there were ~2.5 million respondents
who had a valid laboratory RT-PCR test for SARS-CoV-2. The use of
random sampling of individuals in the study was advantageous as
it avoided many of the inherent biases that exist with only testing
of symptomatic individuals, test-seeking behaviors, and the
availability of tests. Nevertheless, the REACT-1 study also used a
within-round random iterative method, weighting to correct
prevalence estimates to be representative of the population (and
thus, account for possible nonresponse bias) (31). The weighting
was adjusted for gender, age, LTLA counts, deprivation status,
and ethnic group (30). We provide more extensive details of the
REACT-1 study design, sampling strategy, and statistical analyses
in Supplementary Material 7.

Geospatial mapping of wastewater
concentrations and relating to REACT-1

In our analysis, our temporal resolution is individual REACT-1
survey rounds. For each survey round, we took the median value
of an STW’s flow-normalized viral concentrations (henceforth
termed the concentrations), which are then log-transformed. In
terms of spatial resolution, the catchment areas of STW locations
for the reported concentrations do not align with the spatial reso-
lution of the REACT-1 study; the 315 LTLAs of England. We there-
fore used a geospatial approach to align the spatial resolutions, i.e.
to map the wastewater concentrations from the STW level to
LTLA level (of the prevalence survey). We employed the lookup ta-
ble provided by Hoffmann et al. (32), which gives a mapping of
wastewater catchment areas to lower layer super output areas
(LSOAs); small regional geographies that combine to form the lar-
ger geography of an LTLA. For 21 STWs of the EMHP program
which are not included in the lookup table, to estimate their
catchment areas, we employed an approximation method pro-
posed by Li et al. (12).

Equipped with the catchment-to-LSOA mapping area data and
Office for National Statistics 2019 mid-year population estimates,
we then derived geospatial population estimates (GPEs) for the
intersection area between each catchment area of STW i and
LTLA k. Our geospatial approach is adapted from Hoffmann
etal. (32), and we assumed that each LSOA population is uniform-
ly distributed across the area serviced by STWs:

J
Pe=Y ),
=1

where By is the GPE for LTLA k and pj is our estimate of the serviced
population of LSOA j based on our population estimates for the
intersection area between the catchment area of STW i and
LSOA j (see Supplementary Material 6 for further details).

Foreach LTLAk, the weight wy, assigned to STW i for concentra-
tions was the ratio of the GPE for the intersection area between the
catchment area of STW iand area of LTLA k divided by the GPE for
LTLA k:

where gj is the GPEs for the intersection area between the catch-
ment area of STW i and area of LSOA j. If any particular STW s
failed to report concentrations within a round of the REACT-1
study, the weights of LTLA k for that round were re-weighted
such that 3~ wy =1 and wg, = 0.

Finally, for a given round, the estimated concentration of an
LTLA was the weighted average of the median STW-level concen-
trations within that LTLA. The weights employed here were
the STW-LTLA population estimates. We also (Supplementary
Material 9) considered alternative approaches such as taking the
wastewater measurement of the (single) dominant STW in an
LTLA, the mean STW-level concentration across the round (as op-
posed to the median), and various lead/lag times where we ex-
panded/reduced the window for wastewater measurements to
account for potential early or prolonged wastewater-based detec-
tion of SARS-CoV-2. Each alternative approach did not led to an
enhanced relationship between the estimated wastewater con-
centrations and REACT-1 prevalence estimates.

In the event of future outbreaks of infectious diseases, the de-
veloped approach could be applicable to population-level waste-
water analyses which require spatial alignment of wastewater
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catchments to geographies used by public health authorities.
Nevertheless, there exists limitations with the predictive ap-
proach of using GPEs, such as transient populations, uncertainty
surrounding population estimates of small geographic areas,
and potentially unrepresentative wastewater concentration
estimates for some LTLAs, each of which are discussed in
Supplementary Material 6.

Relationship between wastewater concentrations
and REACT-1 prevalence

Our spatiotemporal analyses are divided into two distinct periods;
the early period of rounds 3 to 11 (2020 July 24 to 2021 May 3—the
first time periods where the EMHP program intersects with the
REACT-1 study) and the late period of rounds 12 to 19 (2021 May
20t0 2022 March 31). The two periods are primarily analyzed inde-
pendently due to differences in wastewater surveillance geo-
graphic coverage and the EMHP program’s transition from usage
of two laboratories to a single laboratory.

To allow for any potential nonlinearities, Spearman’s correl-
ation was used to assess the relationship between (log) concentra-
tion and SARS-CoV-2 prevalence. Note that log concentration, as
opposed to concentration, was used in these analyses as this
variable served as our predictor within our best-performing
wastewater-based gradient boosting models (see below). In par-
ticular, we studied correlations between all LTLA-level (and
regional population-weighted averages of) SARS-CoV-2 waste-
water concentration estimates and REACT-1 SARS-CoV-2 preva-
lence estimates (i) across the early and late periods separately
and (ii) across moving five-round windows centered on each sur-
vey round from REACT-1 rounds 5 (starting 2020 September 18)
to 17 (ending 2022 January 20). Then, for comprehensiveness, we
also assessed the correlations within the time series for each indi-
vidual LTLA (and each region) to understand any variability in the
relationships for different geographies nationally.

Modeling REACT-1 SARS-CoV-2 prevalence

Our primary model for estimating LTLA-level SARS-CoV-2 preva-
lence is an extreme gradient boosting model which is imple-
mented via the xgboost package in R version 4.2.1 (33, 34).
Briefly, the extreme gradient boosting (known as XGBoost) ma-
chine learning algorithm is comprised of an ensemble of weak
learners consecutively fit to data in a greedy manner. The algo-
rithm is a parallelized, optimized version of the general gradient
boosting algorithm (35). XGBoost was chosen due to its predictive
capabilities and highly flexible nature (ability to handle complex
nonlinearities and time-varying relationships such as the
prevalence-to-wastewater relationship over the course of the
COVID-19 pandemic), while also enabling regularization (via mod-
el hyperparameters such as the learning rate) and cross-
validation. Indeed, XGBoost often produces state-of-the-art
predictive performance across a variety of settings, including for
our research objective of estimating SARS-CoV-2 prevalence
from wastewater concentrations (11). We developed a Bayesian
hierarchical model to ensure robustness of conclusions from our
modeling analysis (described in Supplementary Material 10).
Vaccination data from REACT-1 were used as covariates in the
late period, and a full description of covariates used in our
wastewater-based models of SARS-CoV-2 prevalence is provided
in Table S2. 95% prediction intervals (PIs) were obtained using
5,000 nonparametric bootstrap samples/replicates of the original
training sets.

Types of wastewater-model-based estimates

Our appraisal of model performance focused on wastewater-
model-based estimates of SARS-CoV-2 prevalence. Note that we
only trained our model at an LTLA spatial resolution (as model
training at a regional level produced inferior accuracy in regional
estimates to those obtained by training at an LTLA level). Regional
estimates were achieved by weighting the LTLA-level estimates by
the corresponding LTLA populations within the region.

There were three broad types of scenarios for wastewater-
model-based prevalence estimates: (i) Iterative training and test-
ing involved calibrating our wastewater-based model using a
minimum of four REACT-1 rounds and subsequently using waste-
water data in our model to estimate prevalence for a full REACT-1
round (for which we omitted prevalence data) one-at-a-time. In
further detail, we made use of wastewater and prevalence data
up to one survey round before each testing round, and then our
wastewater-based model used the testing round wastewater
data to produce prevalence estimates in each testing round. The
idea was to evaluate inferences gained from subsequently relying
on WBE alone (for up to 1 month) or temporarily between rounds
of a prevalence survey. (ii) Multistep testing involved training our
wastewater model for five to six survey rounds but using waste-
water data to estimate prevalence for three individual survey
rounds (for which prevalence data was omitted for testing) with-
out recalibrating the model. In other words, the model learned
the relationship between wastewater and prevalence during
training rounds, and then used wastewater data alone (within
the model) during model testing for estimation of prevalence
within the three individual survey rounds. The intuition here
was to appraise the exclusive application of WBE over an
~3-month period without any concurrent REACT-1 survey data
to recalibrate the prevalence-to-wastewater relationship. (iii)
Complementary wastewater-based estimation differed to the cases
above as it did not omit all of the testing rounds’ prevalence
data and hence, involved partially (counterfactually) complete,
survey rounds. In doing so, we assessed the effectiveness of
WBE for complementing incomplete prevalence surveys which
could arise due to funding and/or logistical limitations which pre-
vent a large-scale, national survey program. Here, we (i) first con-
sidered reduced geographic coverage of prevalence surveys as we
excluded varying numbers of random LTLAs from single survey
rounds, and the corresponding prevalence levels were estimated
using our wastewater-based model and compared with corre-
sponding REACT-1 prevalence estimates. (ii) Second, we investi-
gated how WBE could contribute to prevalence estimation in the
event of reduced survey sample size totals (i.e. fewer survey par-
ticipants) within rounds. Using reduced survey-round totals of
participants, we simulated the number of positive individuals in
an LTLA (within a round) from a binomial distribution with suc-
cess probability equal to the REACT-1 weighted prevalence. We
replicated the simulation 100 times to reduce sensitivity to sour-
ces of randomness. A key challenge in the simulation analysis
was to decide an appropriate benchmark against which we could
compare the accuracy of prevalence estimates, in survey rounds
of varying sizes, with and without a wastewater model. The lack
of an external benchmark to validate estimates is a key limitation
of our simulated reduced sample size analysis. In the absence of
knowing the true prevalence in communities (the ideal bench-
mark), we used a pseudo-independent, spatially smoothed ver-
sion of reported REACT-1 prevalence levels (i.e. spatially
smoothing the full-sized survey-based prevalence estimates). In
doing so, we attempted to reduce the likelihood of bias and
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misleading conclusions potentially caused by benchmarking
reduced-survey estimates against either complete survey-based
prevalence estimates or completely wastewater-model-based es-
timates, while further considering the potential presence of spatial
autocorrelation in SARS-CoV-2 prevalence. Briefly, the degree of
spatial smoothing of LTLA-level prevalence observations within
each round was determined by fitting of simple Kriging models to
each of the 309 observations and the distances between LTLA cent-
roids, thus accounting for the degree of spatial autocorrelation in
prevalence levels within each survey round. Sensitivity of infer-
ences to the choice of spatial smoothing method was appraised
by also smoothing according to a smoothing kernel.

Due to our study’s objective of assessing the utility of WBE for
complementing or replacing survey-based prevalence estimates,
the predictive accuracy of wastewater-model-based estimates
(i.e. performance of our model on new, unseen data) was ap-
praised relative to REACT-1 SARS-CoV-2 prevalence estimates
(unsmoothed unless stated otherwise), using metrics such as
MAE, Pearson’s correlation with the response (r), and accuracy
in detecting directional prevalence movements. As MAE is gener-
ally dependent on the prevalence levels of a specific round, we
often report the mean prevalence level to provide context for
each attained MAE. Note that we also assessed LTLA-specific pre-
dictive accuracy by focusing on the estimates for each LTLA/
region individually (i.e. stratifying the time series) and then re-
porting summary statistics across the LTLA/region-specific
performance metrics. The intuition for assessing LTLA/region-
specific predictive accuracy is that we may be interested in track-
ing the prevalence trends of individual geographies over time.
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