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ABSTRACT

Wastewater-based epidemiology has garnered increasing attention during the COVID-19 pandemic due to its
potential for accurate and cost-effective population-level surveillance. In this study, we analyzed wastewater
samples collected from six wastewater treatment plants in Tuscany, Italy, between April 2022 and March
2023. We compared SARS-CoV-2 RNA concentrations in wastewater with the number of positive COVID-
19 tests provided by the Italian Ministry of Health and observed significant discrepancies between the two
throughout the whole time window considered, with viral load ranging from 4 up to 8 orders of magnitude
higher that clinical tests. These inconsistencies tend to increase with time by 1-2 orders of magnitude. To
investigate the underlying causes of these discrepancies, we developed a Generalized Additive Mixed Model
incorporating both clinical testing intensity (using the number of tests performed and the positivity ratio as
proxies for testing accuracy) and viral subvariant prevalence. Our results indicate that variations in clinical
testing intensity introduce changes in the relationship between their estimates and the wastewater-based time
series, with an effect that is more than double the impact of Omicron subvariants. Shifts in viral subvariants
produce systematic changes in the wastewater signal with an effect more than double the one of clinical tests.
When not taken properly into account, they effectively act as a bias in the relationship between measured

concentrations and case numbers.

1. Introduction

The SARI project (Sorveglianza Ambientale dei Reflui in Italia,
Environmental Surveillance of Wastewater in Italy) is a national en-
vironmental monitoring network coordinated by the Italian National
Institute of Health.! Established during the COVID-19 pandemic, its
objectives are twofold: to enable retrospective epidemiological studies
through wastewater data analysis and to explore the feasibility of
wastewater-based epidemiology (WBE) as a permanent surveillance
tool for infectious diseases in Italy.

Projects similar to SARI were started in several countries, with
surveillance dashboards in 31 countries as shown by the World Health
Organization.”> WBE has emerged as a promising approach for public
health surveillance, offering early detection capabilities [1-3] at rela-
tively low cost [4,5]. Several studies have reported strong correlations
between SARS-CoV-2 RNA concentrations in wastewater and clinically
confirmed case numbers [6-10].

In the European Union, Directive 2024/3019 concerning urban
wastewater treatment [11] has recently stressed on the importance
of wastewater-based surveillance to protect public health following
the One Health approach. The directive encourages the institution of
wastewater-based surveillance program for preventive purposes, requir-
ing member states to monitor wastewater during health emergencies.
To pursue this goal, we need to gain a better understanding of how
noise factors affect the relationship between wastewater and clinical
test data.

Findings pertaining the correlation between wastewater data and
positive clinical test can be sometimes limited by several noise fac-
tors affecting both wastewater and clinical test data. The limitations
of clinical testing, including under-detection of asymptomatic cases
and dependence on healthcare system logistics, have been well doc-
umented [12,13]. For wastewater data, two main sources of variability
are commonly addressed: dilution effects due to changes in wastewater
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flow, often mitigated through normalization with proxies such as Pep-
per Mild Mottle Virus or flow rate [14-16], and degradation of viral
genomic material within the sewage system [17], typically modeled as
a first-order decay process [18-20].

Xiao et al. working on wastewater samples from the Greater Boston
area (2.3 million people monitored) from 2020-2021 noted that the
ratio between wastewater copy numbers of SARS-CoV-2 genetic ma-
terial and clinical cases is time-dependent [21]. The authors consider
the shifts in the ratio as due to clinical test accuracy and changes in
demography and propose this signal as a way to monitor the former. A
cohort study on 268 counties in 22 US States also found that during
the 2020-2022 time window the association between SARS-CoV-2
wastewater metrics and clinical tests positives declined, attributing this
trend to the adoption of home testing and the effect of vaccination [22].
Schill et al. working on Californian data between 2020 and 2023, found
a correlation between the time-dependent relationship shift and both
the clinical test rate and the presence of a different viral variant [23].

Another factor whose impact remains underexplored is viral vari-
ant prevalence. Different SARS-CoV-2 variants have been shown to
produce varying viral loads in infected individuals, which in turn
influences viral shedding and affects the concentrations measured in
wastewater [24,25].

In this study, we analyzed SARS-CoV-2 RNA concentrations mea-
sured at the inlets of six wastewater treatment plants (WWTPs) across
Tuscany between April 2022 and March 2023. We compared these con-
centrations to estimated infection trends derived from clinical test data
using the model proposed by Hetebrji et al. [26] which they applied
for the Netherlands. While we expected to observe a consistent cor-
relation, our results indicated a substantially weaker association than
typically reported in the literature, with notable temporal fluctuations,
particularly from January 2023 onwards.

To better understand the factors underlying these discrepancies,
we considered the factors that can affect the relationship between
clinical and wastewater signals. To disentangle those contributions,
we constructed a Generalized Additive Mixed Model (GAMM, [27])
to analyze the absolute differences between clinical testing trends and
wastewater concentrations. Our aim is to use this approach to identify
the main drivers behind the discrepance we observe and to quantify
their impact.

Our results highlight the need to account for subvariant-specific
shedding patterns and testing practices when interpreting wastewater
data for epidemiological surveillance. Importantly, they give a more
precise perspective of the underlying phenomena and to confirm solidly
the hypotheses found in literature. In addition, our work shows how the
viral prevalence effect is relevant even within the same viral variant
(Omicron, in this case), therefore considering subvariants belonging
to the same variant of concern. Such considerations are essential for
improving the accuracy and reliability of WBE as a non-traditional data
source for monitoring infectious diseases.

2. Materials & methods
2.1. Wastewater data

We extracted wastewater samples at the inlets of six different
WWTPs in the Tuscany region of Italy. These plants serve the cities
of Florence (San Colombano, 516,197 people), Prato (Baciacavallo,
174,023 people), Pistoia (Pistoia Central, 56,121 people), Arezzo (Ca-
solino, 62,771 people), Siena (Tressa, 49,089 people), and Grosseto
(San Giovanni Pianetto, 61,640 people). For each sewage network,
we delineated the catchment area by applying a 200 m buffer to the
network links using QGIS software and estimated the population served
by referencing resident population data from the National Statistics
Institute (ISTAT).

We collected sewage samples weekly from plants serving fewer than
100,000 people and bi-weekly on two consecutive days from the larger
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plants. Each sample was composite, comprising 24 hourly extractions
from the wastewater flow starting at 9 a.m. We recorded flow rate
estimates within the same timeframe using a flow meter. Our data
collection spanned from 07/04/2022 to 23/03/2023.

A more in detail description of the sampling process and the
methodology that was utilized to measure the RNA concentration in
each sample is contained in Morecchiato et al. [28]. We derived the
trend for each WWTP from the raw wastewater concentration data
following the methods described by Hetebrij et al. [26].

2.2. Clinical test data

We obtained clinical test data for the study period from the official
repository of the Civil Protection Department.’® The dataset reports the
total number of clinical tests analyzed aggregated at the Tuscany level
(administrative level 1), while it provides the number of positive cases
detected at the finer province level (administrative level 2). To derive
plant-level values, we assumed a homogeneous spatial distribution and
normalized the data based on the fraction of the regional or provin-
cial population residing within each catchment area. This assumption
implies that, during the 2022-2023 period, the COVID-19 pandemic
was sufficiently widespread that spatial variation in infection levels was
negligible. Under this assumption, the number of infected individuals
at the plant level can be estimated as a fraction of the corresponding
provincial total, with this fraction approximated by the share of the
provincial population residing within the plant’s catchment area.

Throughout the timeframe of this study, testing policies remained
largely constant. In Italy, the state of emergency declared for the
COVID-19 pandemic ended on 31 March 2022, one week before the
start of sampling. Consequently, no non-pharmaceutical interventions
were in place during the study period, except for the European green
certificate requirement for workers over 50 years old to access their
workplace, which ended on 1 May 2022. Individuals obtained this
certificate after receiving at least the first vaccine booster dose.

We derived the COVID-19 incidence trend in each catchment area
by smoothing the raw clinical data using the EpiLPS library [29].

We retrieved viral subvariant prevalence data at the national level
from the Tess-Y dataset provided by the European Centre for Disease
Control (ECDC).* In the same vein as per clinical tests, we assume that
there is not statistically meaningful difference between the prevalence
among people living in each plant’s catchment area and the national
data. Throughout the sampling period, the Omicron variant accounted
for at least 95% of total cases on any given day. The only non-
Omicron subvariant detected was B.1.617.2, a Delta subvariant. The
ECDC grouped minor subvariants under the category “Other”, while
tests yielding no clear result were reported as ‘“UNK” (unknown).
Subvariant data were unavailable after 29 January 2023.

We are aware that clinical tests suffer from severe underreporting
and that many advocate for the usage of alternative data sources, such
as the number of deceased or hospitalized paired with mathematical
models [30-32]. However, we chose to focus on the clinical tests only
since they are more closely linked to SARS-CoV-2 RNA concentration
in wastewater, without the need to incorporate the epidemiological
delay related to the deceased estimate alongside the ones already
affecting clinical tests and wastewater data. This additional modeling
burden would constitute an additional source of noise for our ap-
proach, which already faces limitations due to the coarseness of the
wastewater dataset. Finally, we think that comparing sources as close
as possible within the epidemiological evidence pyramid [33] is the
most straightforward choice.

However, we have also applied the model using the number of
deceased, collected from the same Civil Protection Department dataset.
Results are discussed in Appendix A.

3 https://github.com/pem-dpc/COVID-19
4 https://www.ecdc.europa.eu/en/publications-data/data-virus-variants-
covid-19-eueea
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2.3. Data analysis and feature selection

We began our analysis by applying the model proposed by Hetebrji
et al. to evaluate the correlation between SARS-CoV-2 trends esti-
mated from wastewater concentrations and those derived from clinical
testing data. This model pools all data into a unified fitting proce-
dure, potentially improving robustness by leveraging shared structure
across sites. However, despite this adjustment, the wastewater-based
estimates remained noticeably different from the clinical trends across
all WWTPs.

To quantify the discrepancy, we computed both the absolute and
relative differences between the two time series. Since both metrics
produced similar results, we focus on the absolute difference for the
remainder of the study. The difference for plant p at day ¢ is defined
as:

copies,,,

1 100,000 * C,
810700, 000

copies,,;

Dp,t = |logoC; — Wp,t| = |log;oC; 0810

(€8]

with D,, as the absolute difference for plant p at day ¢,

C, as the number of positive clinical tests reported on day ¢,

Wp,, as the Hetebrjietal.model estimate for plant p on day ¢,
copies,,, as the number of SARS-CoV-2 genomic copies found in the
wastewater from plant p on day r.

It should be noted that this comparison is based on same-day
estimates from both data sources, as no lag between wastewater and
clinical test data was identified. However, this finding is likely influ-
enced by the temporal granularity of the wastewater data. In particular,
weekly measurements do not allow for the detection of sub-weekly lags,
even if such lags are present. Nonetheless, given the available data and
the structure of the analysis, this definition of the difference appears to
be the most appropriate.

We hypothesize that the difference remains constant over time.
Although the numerical values of viral load and the number of infected
individuals may differ, wastewater measurements and clinical testing
data are expected to capture the same underlying COVID-19 pandemic
dynamics. Accordingly, both indicators should exhibit synchronous
increases and decreases, yielding a constant absolute difference. How-
ever, as shown in Fig. 3, this expectation is not supported by the
data. This suggests that the mechanisms underlying the discrepancy
between clinical testing and wastewater signals are time-dependent.
Furthermore, comparison of wastewater trends across catchment areas,
based on their absolute differences, reveals a high degree of simi-
larity, indicating that the underlying processes are consistent across
catchments and thus spatially homogeneous.

For additional safety, we also tried to use the relative difference in
place of the absolute difference. Since results were extremely close, we
will focus on the absolute difference only.

We subsequently investigated the influence of factors commonly
identified in the literature as potential drivers of such effects, while
imposing the constraint that any plausible explanation must exhibit
both temporal variability and spatial homogeneity in the context of the
COVID-19 pandemic.

We first considered changes in legislation affecting testing, or public
health guidelines as potential causes, but we verified that no major
policy changes occurred during the observation period [34]. Therefore,
we excluded this explanation. We did not, however, take into account
the possibility of a self-induced behavioral change in the population.

Next, we tested for statistical correlations, using both Pearson and
Spearman methods, between the absolute difference and several related
factors. We began with environmental and infrastructural factors, espe-
cially dilution effects, as we measure viral concentration in wastewater.
Population shifts and rainfall are the two primary drivers of dilution.
However, we had already normalized our data using daily average flow
rates to account for population-related changes, and this correction

Journal of Environmental Chemical Engineering 14 (2026) 123564

should mitigate such effects. Specifically, a larger population means a
higher water consumption and therefore a higher flow rate. Regarding
rainfall, in addition to dilution, it should also reduce signal degradation
by accelerating wastewater transit through the network, thus shorten-
ing exposure to the chemical environment in the sewage pipes that
breaks down viral RNA. Nevertheless, we found no significant corre-
lation between rainfall volume in the catchment area and the observed
differences, further weakening the rain effect hypothesis. Nevertheless,
we later tried to introduce rain as a feature in the GAMM. However, it
was always discarded during the fitting process and consequently the
variable is not present in any of the final models.

We then turned our attention to epidemiological variables. Specif-
ically, we investigated whether changes in clinical testing accuracy
could account for the discrepancy. Since direct estimates of clinical test
accuracy were unavailable, we used the test positivity rate (i.e., the
ratio of detected positives to total tests conducted) as a proxy. We found
that this variable correlated with the absolute difference, indicating
that variations in testing practices or test-seeking behavior, despite
the absence of changes in testing regulations, played a role in the
misalignment between the wastewater and clinical datasets.

Finally, we explored the role of viral subvariant prevalence. Prior
literature suggests that different SARS-CoV-2 variants may exhibit dis-
tinct shedding profiles, thereby altering the concentration of viral
material detected in wastewater. Our analysis confirmed that the differ-
ence correlated with the prevalence of specific subvariants, particularly
those showing clear dominance during the study period

Given these findings, we constructed a GAMM to quantify the
contribution of these factors — clinical testing patterns and viral sub-
variant prevalence — to the observed discrepancy. While correlation
tests established the presence of associations, the Generalized Additive
Mixed Model (GAMM) allowed us to assess the relative importance
and temporal dynamics of each variable in a statistically rigorous
framework.

2.4. GAMM

We constructed a GAMM for each wastewater treatment plant using
a set of selected explanatory variables. On the clinical testing side,
we included: the base-10 logarithm of the number of positive cases
per 100,000 people, the base-10 logarithm of the total number of
tests performed daily, and the positivity rate (i.e., the ratio between
the two). On the biological side, we incorporated the prevalence of
viral subvariants, as well as the “Other” and “Unknown” categories
reported in the ECDC dataset. Since the dataset provides no subvariant
information beyond 29 January 2023, we restricted model fitting to
data collected up to that date.

To explore the relationship between these variables and the ob-
served differences, we evaluated all possible modeling configurations
for each factor: (1) excluding the variable entirely, (2) modeling its
effect as linear, and (3) modeling its effect as non-linear using a cubic
spline smoother.

We used the absolute difference between the clinical test-based
trend and the wastewater-based estimate as the response variable. We
assumed its distribution to be either Gaussian or from the generalized
normal family.® In both cases, we modeled both the mean and variance
parameters.

We performed model fitting in successive steps using the gamlss
R package.® We began by fitting a baseline model with a constant
mean, then proceeded to fit the full model by first estimating the mean
structure and subsequently modeling the variance. To compare and
select the best-fitting model, we used the Akaike Information Criterion
(AIC, [35D).

5

_ 2
f()’|/4,0,v)=;exp[ 1@ M)] .

2o u/? 2 o

6 https://cran.r-project.org/web/packages/gamlss/index.html
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Normalized Genomic Copies and Clinical Tests by WWTP
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Fig. 1. Comparison between clinical test data and SARS-CoV-2 concentration normalized by daily average flow rate for all the 6 plants: Baciacavallo, Casolino,

Pistoia, San Colombano (SC), San Giovanni Pianetto (SGP), Tressa.
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Fig. 2. Pooled model trends for all the 6 plants: San Colombano (SC), Baciacavallo, Casolino, San Giovanni Pianetto (SGP), Pistoia, Tressa.

3. Results and discussion
3.1. Spatial heterogeneity

The starting data, i.e. positive clinical tests and SARS-CoV-2 concen-
tration in wastewater normalized by the daily average flow rate can be
seen in Fig. 1. The detachment between the two data series that can be
easily seen at the end of 2022 for all of the plants sparked our curiosity
and led us to use a different model for our data, capable of pooling the
plants together.

The model which describes the trend in each single plant as the
sum of a regional trend and a plant-specific deviation fits the data
well for most WWTPs, with a high proportion of observations falling
within the 95% confidence interval: Baciacavallo (57.53%), Casolino

(92.5%), Pistoia (76.32%), San Colombano (75%), San Giovanni Pi-
anetto (90.7%), and Tressa (85.37%). The notably lower performance
observed at the Baciacavallo plant likely stems from the elevated
proportion of industrial wastewater in its influent, particularly from the
city of Prato’s textile sector.

This strong model performance suggests that, despite plant-specific
effects, the underlying pandemic trends are regionally consistent. Even
when pooling all available data, we must note that 58% of the days in
the selected timeframe lack measurements from any of the plants, high-
lighting the challenge of incomplete temporal coverage. We present the
fitted trends for each WWTP in Fig. 2.

These results confirm that the model successfully captures the struc-
ture of the available data. It must be noted, as can be seen by the
scatterplot in Fig. 4, that the model fails to explain much of the
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variability in the system. The inability of the model to account for the
variance observed in clinical testing data provides further evidence that
wastewater measurements and positive clinical test differ over the con-
sidered time window. While the model is capable of accurately fitting
and describing wastewater trends, this alone is insufficient to reproduce
the dynamics of positive clinical test results. This divergence indicates
that the two data sources capture distinct aspects of the COVID-19
pandemic, thereby giving rise to the discrepancy that constitutes the
focus of this study. In addition, despite the good fit, the model outputs
clearly indicate a lack of correlation between wastewater and clinical

testing trends. To further investigate whether this misalignment could
be explained by a temporal lag between the two signals, we performed
a cross-correlation analysis.

We observed two key features in the data:

1. Similar to the clinical test trends, the wastewater-derived trends
display consistent patterns across all plants. This regional co-
herence suggests that the drivers behind the discrepancies are
not tied to individual plant characteristics but are instead shared
across the Tuscany region.
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Table 1
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Spearman correlation with the absolute difference between clinical tests trend and wastewater trend resulting
from the Hetebrji et al. model, all p-values are highly significant and << 0.05.

Value Baciacavallo Pistoia San Colombano Casolino San Giovanni Pianetto Tressa
confirmed cases —-0.42 —-0.44 -0.37 -0.53 —-0.46 -0.39
num of tests —-0.48 —-0.49 —-0.45 -0.54 -0.49 —-0.40
positive ratio -0.32 -0.34 -0.26 -0.48 -0.37 -0.35
rain [mm] 0.35 0.29 0.23 0.28 0.24 0.25
Other 0.47 0.24 0.46 0.25 0.43 0.42
Unknown —0.55 —-0.61 —0.46 —0.56 —0.56 —0.44
B.1.617.2° —-0.49 —-0.50 —-0.45 —-0.41 —-0.46 -0.42
BA.1 —-0.49 —-0.55 —-0.41 —-0.50 —-0.42 —-0.46
BA.2 —-0.52 —-0.69 -0.47 —0.58 -0.56 -0.30
BA.2.75 0.78 0.82 0.74 0.77 0.76 0.66
BA.4 -0.39 -0.30 -0.29 —-0.45 -0.29 -0.25
BA.5 0.08 0.13 0.04 0.06 0.09 -0.01
BQ.1 0.72 0.81 0.70 0.74 0.71 0.62
XBB 0.63 0.74 0.59 0.70 0.58 0.58
XBB.1.5 0.71 0.64 0.71 0.52 0.70 0.70

2 Only subvariant of the Delta family.

2. Both the absolute and relative differences between the wastew-
ater and clinical estimates vary over time. This time depen-
dence implies that the underlying factors contributing to the
discrepancy are temporally dynamic.

These observations guided our selection of explanatory variables for the
GAMM, as any candidate feature must exhibit both spatial uniformity
and temporal variability to plausibly explain the observed divergence.

To complement this analysis, we applied a linearly penalized seg-
mentation algorithm [36], implemented via the ruptures Python pack-
age [37], to identify structural changes in the time series of absolute
differences. This procedure revealed two prominent breakpoints that
appeared consistently across most WWTPs: 20 August 2022 and 2
January 2023. Interestingly, both dates occur approximately one month
after shifts in the dominant circulating SARS-CoV-2 subvariant.

3.2. Correlation test

To identify the variables driving the divergence between wastew-
ater and clinical data, we conducted correlation analyses between the
absolute difference in trend estimates and a set of explanatory features.
These included clinical testing metrics such as the base-10 logarithm of
the number of tests performed, the positivity rate, and their ratio, as
well as viral subvariant prevalence. Results for the absolute difference
are reported in Table 1.

All clinical testing variables showed negative correlation with the
absolute difference, indicating that improved testing accuracy, reflected
in higher testing volumes and lower positivity rates, reduces the dis-
crepancy between clinical and wastewater signals. The Omicron vari-
ant, considered as a whole, also showed an overall negative correlation
with the difference. However, this trend did not hold uniformly across
all subvariants. Several subvariants, namely BA.2.75, BQ.1, XBB, and
XBB.1.5, exhibited strong positive correlations with the absolute differ-
ence, suggesting that their emergence contributed to greater misalign-
ment between the two trends. These virus-related variables also showed
stronger correlations, in absolute terms, than any of the clinical testing
features.

By comparing these correlations with the prevalence time series ,
we observed that subvariants peaking later in the study period tended
to show positive correlations. Our literature-based hypothesis is that
this pattern may reflect differences in viral shedding: subvariants that
induce higher viral loads in infected individuals result in greater excre-
tion of genomic material, leading to higher concentrations detected at
the WWTP inlet [24,25]. Reduced viral load may also stem from host-
related factors, such as vaccine-induced immunity, as well as inherent
characteristics of the viral strain.

Analyses using the relative difference as the response variable pro-
duced comparable results concerning the subvariants. Clinical testing
features slightly increased their correlations in absolute value, although
they remained weaker than those associated with viral subvariant
prevalence.

3.3. GAMM model results

Tables 2 and 3 report the coefficients estimated by the GAMM for
the mean and variance components, respectively. Figs. 5 and 6 illustrate
the model fits for each plant.

Based on the AIC, we selected a generalized normal distribution for
modeling the response in three WWTPs, Baciacavallo, San Colombano,
and San Giovanni Pianetto, and a standard Gaussian distribution for the
remaining plants. Notably, only Pistoia exhibited signs of multimodality
in the distribution of the absolute differences. We are, unfortunately,
currently not able to explain the root cause of this multimodality.

Across most plants, subvariant-related predictors contributed more
substantially to modeling the mean of the response, while clinical
testing features had greater influence on the variance. This pattern
seemingly reinforces the interpretation that viral subvariants introduce
systematic effects: by altering the viral load produced by infected
individuals and influencing RNA degradation dynamics in the sewage
environment, different subvariants systematically shift the concentra-
tion measured at the WWTP inlet. In contrast, clinical testing quality
primarily affects the variability of the clinical tests signal. This rein-
forces the knowledge that we are comparing wastewater with a source
that has its own noise and error.

Some exceptions stand out. The BA.1 subvariant significantly in-
fluences both the mean and variance, indicating a broader impact on
measurement alignment. Meanwhile, XBB primarily affects the mean.
Interestingly, subvariants such as BA.2, BA.4, BA.5, and BQ.1 do not
show significant effects in the GAMM, despite prior correlation analysis
suggesting a meaningful role in at least some cases (notably BA.2 and
BQ.1). This discrepancy highlights the value of modeling approaches
like GAMM, which can account for the joint influence of multiple
factors and help distinguish spurious associations from robust effects.

3.4. Limitations

The main limitations to our study come from the coarseness of the
dataset. The wastewater data used in this study were not collected on a
daily basis, but rather at weekly or biweekly intervals depending on the
WWTP. This temporal resolution likely constrains our ability to detect
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Fig. 5. Fit results for the GAMM applied to Baciacavallo WWTP. The density estimate validates the Gaussian hypothesis for the difference distribution, and the

QQ-plot certifies the goodness of the fit.

Table 2
GAMM coefficients — mean.
Value Baciacavallo Pistoia San Colombano Casolino San Giovanni Pianetto Tressa
num of positives < 10.1] < 10.1] X < 10.1] X X
num of tests X X X X < 10.1 < 10.1
positive ratio X X 0.18 -0.14% X X
Other X X -0.10 X —0.65 < 0.1
Unknown < 0.2 X —0.63% -0.17¢ -1.242 X
B.1.617.2" -2.5 X X X 0.48 -1.05%
BA.1 X 0.2 -0.18* 0.21¢ -0.21 X
BA.2 X X X X X X
BA.2.75 0.15% 0.15 <10.1]2 <10.1]2 -0.17% <10.1]
BA.4 X X X <10.12 <10.1] <0.12
BA.5 <]0.1]? X < 0.1 X X X
BQ.1 X <]0.1]2 <10.1] <10.1] <10.1]2 <10.1]2
XBB X X X X X -0.37
XBB.1.5 X X X 0.16% X X
X means the feature is not selected in the best model.
@ Variable is smoothed by cubic spline in best model.
b Only subvariant of the Delta family.
Table 3
GAMM coefficients — variance.
Value Baciacavallo Pistoia San Colombano Casolino San Giovanni Pianetto Tressa
num of positives X —-0.60 X -1.01 -0.92 —-0.94
num of tests -1.08 X —-0.56 X X X
positive ratio X X X X X X
Other X X X -2.08 X X
Unknown X X X X X X
B.1.617.2° X X X 4.90* X —4.92
BA.1 0.46" 0.28" <10.1]2 X 0.33% 0.26
BA.2 X 0.23% X X X X
BA.2.75 < 0.1]* X X X X -0.287
BA.4 X <]0.1}? X X < 0.1 X
BA.5 <]0.1]2 X X <10.1}2 X <10.1]
BQ.1 X X X < 0.1 X X
XBB X X < [0.1] -1.07 X 0.53%
XBB.1.5 <]0.1]? X X —0.35% X

X means the feature is not selected in the best model.
2 Variable is smoothed by cubic spline in best model.
b Only subvariant of the Delta family.

potential time lags between wastewater signals and clinical testing
data. In the present analysis, no such lag was identified; however, this
outcome may be attributable to the limited sampling frequency, and
different results might emerge with daily observations. It should be
noted that the absence of an observed lag does not necessarily imply
the true absence of such a lag, which may have implications for the
selection of the same-day difference as the response variable in our

GAMM. Nevertheless, given the available data, this definition of the
difference appeared to be the most appropriate choice.

Furthermore, it remains unclear whether this sampling scheme
amplifies certain sources of noise or attenuates others. For exam-
ple, the impact of rainfall is probably not adequately represented at
this coarseness. This may be the reason behind our GAMM excluding
precipitation data. It must be noted, however, that many wastewater
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Fig. 6. Fit results for the GAMM applied to Pistoia WWTP. The density estimate shows some multimodality. The QQ-plot shows the presence of outliers.

datasets share similar temporal limitations, and thus may benefit from
the considerations discussed herein. Consequently, this study may serve
as a cautionary reference even for analyses based on higher-resolution
data.

The scope of the model is further constrained by the availability of
subvariant prevalence data from the ECDC, which are only reported
up to January 2023, thereby excluding the final two months of the
observation period. Nevertheless, there is no a priori reason to expect
substantially different model behavior during the omitted interval. In
addition, because the data are aggregated at the national level, the
estimation of catchment area-level measures requires the assumption
of spatial homogeneity. However, the prevalence of viral variants may
display substantial geographic heterogeneity, potentially undermining
this assumption.

The number of positive clinical tests was derived from coarse-
grained data, as described in Section 2.2. The assumption of a spatially
homogeneous epidemic introduces an additional approximation that
may influence the results. However, within the time window consid-
ered, this effect is expected to be negligible in the context of the
COVID-19 pandemic.

4. Conclusions

This study highlights the challenges inherent in designing and in-
terpreting WBE surveillance systems, particularly when used to track
infectious disease dynamics such as those of COVID-19. While WBE
offers clear advantages over clinical testing, most notably lower costs
and reduced logistical demands, it introduces its own complexities
that must be rigorously accounted for in both study design and data
interpretation.

Our analysis reveals that the relationship between viral genome
concentrations of SARS-CoV-2 in wastewater measured in Tuscany
in 2022 and 2023 and clinical case counts is neither constant nor
straightforward. This relationship varies over time and is sensitive to
multiple sources of noise. Some of these, such as population variability
or rainfall-driven dilution, can be partially mitigated through normal-
ization strategies. However, our results show that other confounding
factors, particularly the prevalent viral subvariant and clinical test
accuracy, significantly influence the alignment between wastewater
and clinical trends.

While precedent work was able to show the presence of factors
relative to viral variants and clinical tests, our work focuses on quan-
tifying the influence of specific clinical and virological features. We
found that clinical test performance, proxied by the positivity ratio,
primarily affects the variance of the discrepancy, whereas viral sub-
variants more directly shift the mean. These findings better highlight

and define how each component affects the relationship between the
RNA concentration measured in wastewater and clinical tests.

A novel contribution of our study is the incorporation of subvariant
prevalence into the modeling pipeline, an approach not commonly
implemented in WBE research. Our results demonstrate that subvariant
dynamics, and not only variant of concern dynamics, substantially
affect the wastewater signal and should be routinely monitored and
incorporated into future models to maintain accuracy over time. Conse-
quently, WBE systems must be flexible and adaptive, regularly updated
to reflect virological evolution and shifting public health contexts.

Therefore, we advocate for a holistic surveillance framework that
integrates wastewater data with other data sources such as clinical
testing, genomic surveillance, and behavioral indicators, to enhance
trend estimation and public health decision-making. Within such a
framework, WBE functions not as a replacement but as a complemen-
tary signal, particularly valuable when traditional testing capacity is
reduced.

In sum, this work represents an important step toward disentangling
the multiple overlapping sources of noise in WBE data. By clarify-
ing the role of clinical accuracy and viral subvariants, we offer a
more grounded basis for interpreting wastewater signals and improving
future modeling efforts. We hope that our findings will inform the
development of more robust, responsive WBE frameworks capable of
supporting ongoing and future epidemic monitoring.
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Appendix A. Analysis with deceased

Given the central importance of the inaccuracies affecting clinical
tests, we tried to replicate the model using an alternative data source,
namely the proportion of deceased individuals within the population.
This data source is expected to be less influenced by variations in
the general population’s willingness to undergo clinical testing. The
relationship between RNA concentrations measured in wastewater and
mortality is less direct than the association used in the GAMM approach
described in this paper. Nevertheless, because our analysis focuses on
trends rather than absolute values, the assumption that the difference
between the two data sources should remain constant over time if their
trends align continues to hold.

A.1. Deceased data and new GAMM

The mortality data are available in the same repository as the
clinical test data, but they are aggregated at the regional level. Specifi-
cally, the figures represent the cumulative number of COVID-19-related
deaths recorded across the entire Tuscany region up to each given day.
To estimate the number of newly deceased individuals on a specific
day, we computed the difference between the cumulative totals of
consecutive days.

To derive estimates for each WWTP, we assumed that mortality was
uniformly distributed across the region. Accordingly, the ratio of newly
deceased individuals associated with each WWTP was calculated as

(D(1) = D(t = 1)) * pop,
popr
where d,(1) denotes the ratio of newly deceased individuals for plant
p on day 1,
D(1) is the total number of deceased recorded in Tuscany on day 7,
pop, represents the population served by plant p,
and popy is the total population of the Tuscany region.

(A1)

dy(0) =

Journal of Environmental Chemical Engineering 14 (2026) 123564

No correction was applied to account for the temporal delay be-
tween clinical testing and mortality. The difference used for the GAMM
was the absolute difference between the mortality-based estimates
and those obtained from the Hetebrji et al. model. The GAMM was
constructed and fitted in the same manner as described in the main
paper, with this new difference serving as the target function. The
assumed distribution of the difference was again Gaussian.

A.2. Results and discussion

Tables B.4 and B.5 present the coefficients estimated by the GAMM
for the mean and variance components, respectively. Figs. B.7 and B.8
display the model fits for the same plants reported in the original
GAMM analysis.

Although multimodality is clearly not a concern, the model exhibits
notable difficulty in accurately fitting and describing the observed dif-
ferences. Regarding the estimated coefficients, the distinction between
viral subvariants and features related to clinical tests, which were
previously observed as primarily influencing the mean and variance
of the distribution respectively, is less evident. Proxies for clinical test
accuracy receive relatively larger coefficients even in the estimation
of the mean, emphasizing their continued importance. Conversely, the
influence of viral subvariants appears diminished, contributing less to
the estimation of both the mean and the variance.

This finding, while subject to caution due to the limited quality of
the model fit, is nonetheless noteworthy. It is unexpected that biases in
clinical testing appear to exert a stronger effect even when mortality
data are used, given that such biases should, in principle, have a much
smaller impact on the number of deceased individuals than on the
number of clinical tests.

Appendix B. Tables & figures

See Tables B.4 and B.5.

See Figs. B.7 and B.8.

Data availability

The data that has been used is confidential.

Table B.4

GAMM coefficients for deceased model — mean.
Value Baciacavallo Pistoia San Colombano Casolino San Giovanni Pianetto Tressa
num of positives < 0.1 X —0.61 X -0.1 < 10.1]
num of tests X -0.13 X < 10.1] X -0.15
positive ratio X 0.22% —0.42% X -0.16* X
Other X -0.16% X -0.14* X -0.13
Unknown X < 10.1? X X X < [0.1]2
B.1.617.2° X —-0.51 X X X —0.64
BA.1 X <01 <10.1] <10.1] <]0.1}? X
BA.2 X X X X X X
BA.2.75 X < 0.1]* < 0.1 < 10.1]2 < 10.1]* < 10.1]2
BA.4 < 0.1 <]0.1J <]0.1J2 <1012 <10.1] <10.1]2
BA.S5 X X X X X X
BQ.1 X <10.1] X X X <10.1]
XBB X X 0.14 < 10.1] X X
XBB.1.5 < 10.1] X X X -0.19 X

X means the feature is not selected in the best model.
2 Variable is smoothed by cubic spline in best model.

b Only subvariant of the Delta family.
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Table B.5
GAMM coefficients for deceased model — variance.
Value Baciacavallo Pistoia San Colombano Casolino San Giovanni Pianetto Tressa
num of positives X X X X X -0.65%
num of tests X —0.46 X —0.48% —0.98% X
positive ratio X X X 2.76 X
Other X X X X X X
Unknown X X X X X X
B.1.617.2" X X X X X X
BA.2 X X <10.1] X X X
BA.2.75 X 0.1 X 0.18% X 0.27
BA.4 X X X X X X
BA.5 X X X X X X
BQ.1 X X X <01 X X
XBB X -0.19° X —0.57 X -0.32
XBB.1.5 X -0.27° X X X 0.49¢
X means the feature is not selected in the best model.
2 Variable is smoothed by cubic spline in best model.
b Only subvariant of the Delta family.
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Fig. B.7. Fit results for the GAMM using the deceased as benchmark applied to Baciacavallo WWTP. The density estimate validates the Gaussian hypothesis for
the difference distribution, and the QQ-plot signals the presence of outliers at the tails of the distribution.
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