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anticipating outbreaks.
+ Feature engineering has proven valuable for
developing predictive models.
* LightGBM models robustly generalize predictions
across an entlre region. We developed a model that provides accurate predictions of viral outbreaks and successfully
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ABSTRACT: The COVID-19 pandemic, caused by the severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2), triggered a global emergency that exposed the urgent need for surveillance approaches
to monitor the dynamics of viral transmission. Several epidemiological tools that may help anticipate
outbreaks have been developed. Wastewater-based epidemiology is a non-invasive and population-wide
methodology for tracking the epidemiological evolution of the virus. However, thorough evaluation and
understanding of the limitations, robustness, and intricacies of wastewater-based epidemiology are still
pending to effectively use this strategy. The aim of this study was to train highly accurate predictive
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models using SARS-CoV-2 virus concentrations in wastewater in a region consisting of several

municipalities. The chosen region was Catalonia (Spain) given the availability of wastewater SARS-

CoV-2 quantification from the Catalan surveillance network and healthcare data (clinical cases) from the

regional government. By using various feature engineering and machine learning methods, we developed

a model that can accurately predict and successfully generalize across the municipalities that make up

Catalonia. Explainable Machine Learning frameworks were also used, which allowed us to understand

the factors that influence decision-making. Our findings support wastewater-based epidemiology as a

potential surveillance tool to assist public health authorities in anticipating and monitoring outbreaks.
KEYWORDS: SARS-CoV-2, Wastewater based epidemiology, Surveillance, Machine learning,

Predictive models, Model explainability

1 Introduction

The WHO officially declared COVID-19 - caused by
the SARS-CoV-2 virus - a pandemic on March 11,
2020, and announced its end on May 5, 2023 (Sarker
etal., 2023). The evolution of the virus challenged
health systems and government institutions worldwide,
resulting in 765 million diagnosed cases and 6.9 million
deaths. Despite the official end of the pandemic,
COVID-19 waves persist, most times triggered by
much more virulent variants of the virus, which become
dominant by taking advantage of the mobility
phenomena in the context of globalization (Islam et al.,
2022).

Throughout the pandemic, different diagnostic
strategies for virus detection have been developed and
used to track the behavior and evolution of the virus
during the different waves. Individual diagnostic tests,
primarily PCR and antigen tests, have been available
since nearly the beginning of this health crisis. Beyond
diagnosis and population screening, these tests have
also enabled effective contact tracing, suppression of
transmission chains, and containment of outbreaks
(Vandenberg etal., 2021; Daza-Torres etal., 2023).
Moreover, the implementation of massive virus
detection tools, based on the detection and
quantification of the virus in wastewater collection
systems, has gained relevance in Wastewater-Based
Epidemiology (WBE). Implemented in numerous cities
worldwide, these tools have proven effective for early
detection, assessing trends in viral circulation and
monitoring community health (Lopez-Penalver et al.,
2023; Chen etal., 2024). This methodology can be
applied in large urban centers, in smaller districts, or in
specific facilities such as schools, nursing homes, social
care centers, etc., as it provides valuable information
that can be used by public administrations and
government agencies to support decision-making.

However, despite the potential of monitoring
wastewater collection systems, the interpretation of the
resulting data is complex, as it depends on several
factors such as population size, traffic and transport
infrastructure, season, weather conditions, or
wastewater treatment plant (WWTP) factors, among
others (Shang etal., 2023; Silva, 2023; Liao etal.,
2024).

Statistical models are needed to explain the involved
covariates and make accurate predictions of
epidemiological trends. The development of these
models could be highly effective in providing a deep
understanding of the epidemiological context,
ultimately aiding public health authorities by offering a
surveillance system to support the formulation of
adaptation and prevention policies (Jeng et al., 2023).

In recent years, predictive models, using algorithms
to identify patterns in data and forecast future trends,
and in particular machine learning (ML) models, have
become key in the epidemiological surveillance of
COVID and other infectious diseases. These models
have proven effective in predicting disease progression
(Joseph-Duran et al., 2022). They can help governments
prepare for future pandemics, identify the risk factors
that contribute to their spread, and/or assess the
effectiveness of the implemented control measures
(Santangelo et al., 2023).

Statistical models using Al and ML to improve
screening, diagnosis, predictive analysis, public health
monitoring, and vaccine development have been widely
used in the context of the COVID-19 pandemic.
Statistical models have proven to be essential in
multiple aspects in the management of pandemic,
underscoring the critical role of data science in tackling
unprecedented public health challenges (Lalmuanawma
and Hussain, 2020; Booth et al., 2021; Chadaga et al.,
2021).

Machine learning

algorithms, including
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Autoregressive Integrated Moving Average (ARIMA), 2 Materials and methods
Neural Networks, and Random Forest methods, have

been successfully used to estimate COVID-19 trends
(Jeng etal., 2023) and predict the effects of various
vaccination strategies, such as those modeled by the .
recently developed SEIR models (Schneider et al.,
2023). Furthermore, ML methods offer the advantage
of generating accurate predictions without the
challenges associated with models that require prior
knowledge. The flexibility and versatility of ML
models make them highly effective for prediction
purposes (Weinan, 2020). Regarding WBE specifically,
several research groups have made significant strides in
WBE for tracking and predicting COVID-19 trends.
Vallejo etal. (2022) employed both linear and non-
parametric models to estimate the actual prevalence of
COVID-19 infections using data from a WWTP.
Similarly, Hill et al. (2023) demonstrated the ability to
predict COVID-19 hospitalizations up to 10 days in
advance through the use of Generalized Linear Mixed
Models (GLMM). Expanding beyond single-site
studies, other researchers, such as Ai et al. (2022) and
Joseph-Duran etal. (2022), developed predictive
models for multi-community or regional cohorts,
extending the applicability of WBE to larger
populations and broader geographic areas.

From a societal perspective, refining and improving
these models with complementary data from
wastewater monitoring can reduce healthcare costs and
optimize resource allocation, helping to prevent further

2.1 Software, tools, and code availability

transformation, aggregation, and feature
engineering were performed using R 4.3.2. (R Core
Team, 2024), while for model development and
validation Python 3.10.12 (van Rossum, 1995) was
used. The main packages used in this work were the
tidyverse suite (Wickham et al., 2019), the scikit-learn
suite, the LightGBM package (Ke et al., 2017) and the
SHAP package (Lundberg and Lee, 2017).

2.2 Data acquisition

WWTP SARS-CoV-2 concentrations were obtained
from the Catalan Surveillance Network of SARS-CoV-
2 in sewage (Guerrero-Latorre etal.,, 2022). Viral
concentrations  were calculated by RT-qPCR
amplifications of the N1, N2, IP4, and E gene targets.
Variables for precipitation and measured flow of the
WWTP at the time of sampling were also collected
from the data set. Quantitative determination of SARS-
CoV-2 in wastewater (by RT-qPCR and the N1, N2,
IP4, and E gene targets) was the method adopted by the
Ministry for the Ecological Transition and the
Demographic Challenge of Spain (based on ISO 15216-
1:2017) and was made the reference guideline since the
beginning of the pandemic (Randazzo et al., 2020). Use
strain on the health system. of multiple genetic targets provides high sensitivity and

The aim of the present study was to analyze the use SPecificity of the RT-qPCR results (Lu et al., 2020). N1
of ML models to predict future COVID-19 in past and N2 are two different regions within the
outbreaks, using clinical cases counts from various nucleocapsid (N) gene (essential for viral replication
populations in Catalonia between 2020 and 2022. This and assembly, and highly conserved among SARS-
research focused in developing wastewater-based ML ~COV-2 strains); E stands for the Envelope (E) gene,
models to predict clinical COVID-19 cases across an Which codes for a small protein involved in viral
entire region, encompassing multiple municipalities. assembly; and IP4 refers to a region within the ORFlab
The goal was to create a generalized model that could ~Polyprotein translated from the viral genome, essential
be applied across diverse populations. To enhance its for viral replication. The results of the amplifications
adaptability, the model incorporated contextual Were only considered valid if at least two genetic
variables and feature-engineered variables, allowing it targets were amplified from the samples (Kumar et al.,
to account for population-specific factors and improve 2021). This work compiled the information for every
its predictive accuracy. The models were evaluated WWTP of Catalonia, collecting the information for
using the coefficient of determination (R%), Mean every major population in the region starting July 2020.
Absolute Error (MAE), and Root Mean Squared Error The clinical data from Catalonia was retrieved from
(RMSE). R? assesses how well the model explains the the open data provided by the transparency portal of the
variability in the data, while MAE and RMSE indicate government of Catalonia (Generalitat de Catalunya,
the size of the prediction errors. Furthermore, the 2023). This data set dates from early 2020 to July 2022.
effectiveness of machine-learning based methods Population data for the municipalities were downloaded
creates new opportunities for their application in the from the National Institute of Statistics of Spain
surveillance of other infectious diseases. (Instituto Nacional de Estadistica, 2023).
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2.3 Data exploration and preprocessing

The three data sets mentioned earlier were merged by
municipality and truncated to provide data up to July
2022. Any record missing relevant variable was
excluded from the final data set. The variables for the
four amplified genetic targets in the data set were
combined into a single variable, with the higher
concentration for each record chosen as the SARS-
CoV-2 concentration (Joseph-Duran etal.,, 2022).
SARS-CoV-2 concentrations were treated with locally
estimated scatterplot smoothing (LOESS) using a span
of 10% to mitigate different factors that add noise to the
data, including temperature, precipitation, sampling
site, different molecular targets, or water levels and
flow in the WWTP (Arabzadeh et al., 2021).

Virus concentrations and case data were also
processed with Box-Cox transformations and zero-
mean, unit-variance normalization (to the transformed
data) to optimize for normality and adapt to the
properties of each variable individually, which will be
favorable for the ML algorithms to fit better to the data
(Blum et al., 2022; Marimuthu et al., 2022).

The entire data set was aggregated to represent
weekly data. To introduce context for clinical cases to
the model, a number of variables were introduced using
2-week and 4-week moving averages for cases and
SARS-CoV-2 concentrations in wastewater for each
municipality. This methodology was successfully
explored by other research groups (Zhu et al., 2022).

Finally, since the detection of SARS-CoV-2 in
wastewater has proven highly effective for forecasting
of COVID (Lopez-Penalver etal., 2023), the target
variable in the predictions for this work are the 1-week
leaded cases. Moreover, the final data set excludes
same-week cases, making the trained models agnostic
to “current” cases. This inherent delay in data collection
by healthcare authorities makes it unrealistic to include
this variable into the model.

2.4 Model selection and training

A preliminary screening of several models was
conducted using the LazyPredict package in Python
(version 0.2.12), which offers a broad selection of
models for this purpose and has been widely utilized in
research (Pirzada et al., 2023). The screening involved
training the models on 75% of the data and testing them
on the remaining 25%. This train-test size was selected
to ensure the metrics reflect the model’s true
adaptability to the data and not because of overfitting.
The measures utilized for the scoring and evaluation of
the models were the R? and the Root Mean Squared

Error (RMSE). The R2 metric quantifies the model’s
ability to explain variance, while the RMSE measures
the magnitude of prediction errors.

This way we estimated which modeling strategy
adjusted better to the data set.

The models chosen from the preliminary screening
were evaluated using 5-fold cross-validation. This
method divides the data sets into five 80/20 splits
covering the whole data set as testing data to discard
any model over-fitting the data or any relevant problem
in the training process. The same scoring measures
were used in the training process.

Finally, the selected model was fine-tuned by
exploring hyperparameters through Grid and Random
Search techniques, incorporating cross-validation. Fine-
tuning was performed on 80% of the data set, on which
a grid (hand-selected or randomized) of different
parameter combinations were evaluated to find the
optimal combination to fit the data. R? between the
actual data and predictions was used as the evaluation
metric to maximize during the hyperparameter tuning
process, guiding the evaluation of different parameter
settings. The evaluation of each model configuration
was carried out using 5-fold cross-validation to ensure
robustness and minimize the risk of overfitting,
meaning the hyperparametrization process was
performed with 64% and 16% of the whole data set for
training and testing, respectively. Finally, the best
performing model configuration was tested against the
remaining 20% of the data set to evaluate the final
metrics.

The best performing model was employed to generate
the final predictions and assessments.

2.5 Model explainability

Model explainability is key for interpreting the
predictions of ML models. To enhance interpretability
of the final model used in this work, the Shapley
Additive exPlanations (SHAP) framework was
employed (Lundberg and Lee, 2017). SHAP is a model-
agnostic method for explainable Al based on Shapley
values, a concept grounded in cooperative game theory
(Shapley, 1952). This methodology offers a unified
measure of importance by attributing each feature’s
contribution to the model’s output, providing both local
and global interpretability of the predictions. This
approach facilitates a thorough understanding of which
features contribute most significantly to model
predictions. As a result, it has become a leading method
for model explainability (Clement et al., 2023).

The SHAP values obtained were utilized to interpret
the final model predictions, validate the relevance of
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each feature, and identify potential interactions among
variables.

Figure 1 summarizes how the data were structured to
build the final data set used to train the models (Fig.
1A) and the workflow followed to produce the final
model (Fig. 1B).

3 Results

3.1 Data exploration results

Regarding SARS-CoV-2 molecular targets, the N1 gene
was usually the most amplified, representing 72.5% of
the total data set, consistently exhibiting the highest
concentrations. The second most amplified target was
N2 (23% of the time); IP4 and E genes exhibited the
highest concentrations on 4.4% and 0.07% of the
observations respectively.

These variables were also analyzed to determine the
number of missing cases for each one. The most
prevalent target in the data set was N1, missing only in
0.25% of the observations. Genes N2 and IP4 were
missing in 35.63% and 66.87% of the observations,
respectively. Again, the least represented variable was
the E gene, missing in 96.95% of the observations.
Nonetheless, the combined feature of all four genetic
targets were present across the entire set of observations
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(Supplementary Fig. S1).

SARS-CoV-2 concentrations in wastewater and
cases, which are the central features in the data set,
exhibited a skewed distribution (Fig. 2A). When
processed using Box-Cox transformation and the
subsequent scaling, these variables approximated
normal distributions (Fig. 2B).

After aggregating WWTP data sets and clinical data,
a clear concordance between SARS-CoV-2
concentrations and clinical cases was observed (Fig. 3).
Moreover, the variables showed a distinct distribution
on population size when municipalities were
categorized into bins according to their number on
inhabitants.

3.2 Model training and selection

The preliminary analysis for model selection showed
that models trained on the original distributions for
SARS-CoV-2 concentration in wastewater and clinical
cases achieved superior performance in the evaluations,
i.e., higher R? between real data and predictions on the
testing set (Supplementary Table S1). Nonetheless,
during cross-validation, certain folds of the data sets
exhibited inconsistencies and produced inaccurate
evaluation metrics. For example, the extra-trees
regressor, which initially achieved an R? of 0.84

without data transformation showed significant
B —,—;
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Fig. 1 Summary of Data Processing steps (A) and Machine Learning Workflow (B).
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Fig. 3 Heatmap depicting the qualitative progression of clinical cases (top) and SARS-CoV-2 wastewater treatment plant
concentrations over time (weekly resolution). Municipalities were grouped into five bins and ordered from top to bottom based
on population size for visualization. Darker colors indicate higher values of the represented variable.

variation in R? values when evaluated using 5-fold
cross-validation. The R? values ranged from —2.91 to
0.87 (Supplementary Table S2), indicating poor
generalization and an incorrect fit for the entire data set.

With the Box-Cox transformation, the best
performing model was the Light Gradient Boosting
Model (LGBM) regressor (R? of 0.79). When subjected
to 5-fold cross-validation, the R? was 0.788 + 0.01,
suggesting consistent performance across the whole
data set.

Moreover, the models that performed best during the
preliminary evaluation were those based on gradient
boosting, random forest, and neural network types.
From these three different types of ML algorithms, the
best performing from each group was also evaluated
with cross-validation. The selected models were the
aforementioned LGBM, the Extra-Trees Regressor
Model (ETRM), and the Multi-layered Perceptron
Neural Network (MLPNN). The results of the 5-fold
cross-validation are presented in Table 1. It important
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to note that the use of the MLPNN required additional
data transformation, specifically maximum-minimum
normalization, to scale all variables within the 0 to 1
range.

The MLPNN exhibited the lowest correlation
between real data and predictions among the chosen
models; however, the RMSE is the lowest of the
selected models. Furthermore, while the ETRM
provides similar predictions to the LGBM, the
execution time of the models is much shorter with the
latter.

Thus, the MLPNN and the ETRM were excluded
from further fine-tuning.

3.3 Model fine-tuning and final evaluation

Among the various adjusted hyperparameters, those
that had the most significant impact on the algorithm’s
performance were the boosting learning rate, the
maximum tree depth for base learners, the total number
of estimators, the maximum tree leaves for base
learners, the subsample ratio of columns when
constructing each tree, and the L1 and L2 regularization
terms on weights. These parameters were manually
selected for the grid search. The top-performing
parameters identified through the grid search were
further refined using Random Search for optimal
results. Results for all hyperparameters in Grid and

Table 1 Performance comparison of the top-performing models
using 5-fold cross-validation

Model Fit time (s) Score time (s) R? RMSE
LGBM 0.04 0.00 0.78 0.480
0.03 0.00 0.79 0.458
0.03 0.00 0.81 0.447
0.03 0.00 0.78 0.469
0.03 0.00 0.78 0.447
ETRM 0.56 0.02 0.78 0.480
0.56 0.02 0.78 0.458
0.57 0.02 0.80 0.458
0.56 0.02 0.77 0.480
0.57 0.02 0.78 0.458
MLPNN 0.14 0.00 0.71 0.100
0.14 0.00 0.72 0.100
0.14 0.00 0.71 0.100
0.14 0.00 0.68 0.100
0.14 0.00 0.70 0.100

Notes: RMSE: Root Mean Squared Error; LGBM: Light Gradient
Boosting Model; ETRM: Extra-Trees Regressor Model; MLPNN: Multi-
Layered Perceptron Neural Network.

Random Search are in Supplementary Table S3. The
results of the predictions for the validation data set were
an R? 0f 0.803 and an RMSE of 0.454.

Using the above-mentioned parameters, the LGBM
was retested using 5-fold cross-validation. Results were
highly consistent, with an R of 0.806 = 0.01 and an
RMSE of 0.440 + 0.01. Model fine-tuning slightly
improved prediction accuracy of compared to the
previous analysis.

The learning curve for the fine-tuned model
(Supplementary Fig. S2) illustrates the model’s
adaptability, as it reaches a point of diminishing returns
relatively  quickly, approximately after 300
observations. This observation suggests that the model
has successfully generalized from the data and has
effectively captured the underlying patterns in the data
set.

The model’s final predictions seem very consistent
across the entire range of input values (Fig. 4(A)).
However, the residual plot (Fig. 4(B)) reveals that the
model’s predictions exhibit slightly more variance in
the lower range of clinical case values.

For the final validation test to assess the model’s
performance, data from three randomly selected
municipalities (Montcada i1 Reixac, Vallirana, and
Vilanova i La Geltri) were removed from the training
data set, specifically the data from July 2021 onwards.
Next, predictions were made on that time window in an
attempt to recreate the epidemiological curve for these
municipalities (Fig. 5). The fine-tuned model
accomplished a MAE of 0.23, 0.45, and 0.36 for each
municipality respectively, which corresponds to 26, 34,
and 83 clinical cases of MAE when applying the
inverse transformation to return the variables to its
original scale.

3.4 Model explainability

The results from the SHAP framework (Fig. 6) showed
that the most important features were the 2-week
moving average for the clinical cases, the population
size of each municipality, and the 2-week moving
average for SARS-CoV-2. These three variables all
have a direct relationship with the predicted variable: an
increase of any of these features leads to an increase in
the model’s output, though the effects vary in
distributions.

The month used as a seasonality variable proved to be
especially relevant. Examining the predictions for each
month, we can observe that months with a higher
number of clinical cases such as December and
January, typically have a greater impact on the model’s
values (Fig. 7). Similarly, most of the lowest-impact
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values on the model occur in months with fewer clinical
cases, such as October.
Interestingly, the current concentration of SARS-

CoV-2 in wastewater is the fourth least relevant
variable for the model, with higher values of the
variable influencing predictions where case numbers
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are lower.

Lastly, the features related to the WWTP, such as
water flow and precipitation, had minimal impact on
the model and were among the least relevant variables.
The impact of water flow appears somewhat random,
showing inconsistent SHAP values when the variable’s
values are high. Nonetheless, with high precipitation,
the model's output would shift toward lower values for
clinical cases.

4 Discussion

A strong correlation has been shown between SARS-
CoV-2 concentrations in wastewater and clinical cases
and hospitalizations (Lopez-Penalver et al., 2023), with

the correlation becoming even more pronounced when
a lead time of 1-2 weeks is considered. Based on
previous research, this study used ML to build
predictive models of future outbreaks. These models
can usually fit to complex data sets and generate
advanced and sophisticated predictions without a
complete understanding of the underlying variables,
compared to classical statistical models (Gregovic
etal., 2023).

Data processing and transformation have enabled
better control of model behavior across all data ranges,
leading to improved prediction accuracy. Smoothing
techniques, such as LOESS, require careful application,
due to the potential risk of reducing or even eliminating
significant patterns or signals, which could compromise
the robustness of the final predictions. Nevertheless,
smoothing of viral concentrations has been an explored
topic in WBE predictive models to reduce the
inherently noisy nature of wastewater data (Arabzadeh
etal., 2021). The implementation of LOESS with a
narrow span (10%) has proven beneficial in controlling
the trade-off between smoothing and signal retention.
Additionally, the Box-Cox transformation has proven
useful in ML modeling, as it is tailored to each specific
variable rather than relying on a generic transformation
function like logarithmic transformation (Atkinson
et al., 2021; Blum et al., 2022).

The results in this study show the success of various
ML models in accurately fitting epidemiological data
and virus concentrations in wastewater. Notably, Light
Gradient Boosting models achieved the highest
accuracy and lowest deviations from the actual data
(RMSE = 0.44). In recent years, Gradient Boosting
models have gained significant popularity, particularly
in the medical and diagnostic fields, due to their
remarkable ability to adapt to various data sets
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(Karabayir et al., 2020; Adamidi et al., 2021; Li et al.,
2022). This finding is further supported when training
is performed on large data sets, as the success of these
models lies in their ability to effectively generalize
across large data sets.

Since one of the objectives of this study was to
develop a model that could be broadly applicable to
other populations, the data set used included the
historical records for the entire population of Catalonia
from 2020 to 2022. This data set enabled us to
showcase the generalization capability of ML models
while ensuring the reliability and accuracy of the
predictions. For example, Spearman’s rank correlation
(p) between the normalized SARS-CoV-2 concentration
in wastewater and the number of clinical cases is 0.37.
Although this may be interpreted as a low correlation, it
is influenced by the aggregation of data from different
municipalities and the variation across distinct
epidemiological waves. The correlation increased
between 0.27 and 0.86 when each municipality is
assessed separately.

The heterogeneity in the data set contributes to the
observed decrease in correlation. Nonetheless, the
model has proven its ability to adapt to different
populations by incorporating population size as an
additional variable and effectively generalizing across
various epidemiological waves. This adaptability may
be linked to contextual variables associated with
clinical cases.

Numerous researchers have employed various ML
and  statistical models in  wastewater-based
epidemiology (Ai etal.,, 2022; Joseph-Duran et al.,
2022). However, the inference of clinical cases across
different populations within a large region remains
relatively unexplored. Some researchers have addressed
this issue by making separate predictions for each
WWTP. Using the same data set from Catalonia,
Joseph-Duran etal. (2022) achieved an R* > 0.9
between actual and predicted data in most cases.
Nonetheless, incorporating a larger number of WWTP
and municipalities would require recalibrating the
model to accommodate the new data. In this study, we
achieved a slightly lower level of accuracy, yet with the
advantage of a robust implementation across a wide
range of municipalities, without the need for
recalibration when incorporating new populations. Ai
et al. (2022) used a deep learning model to predict at a
multi-community level using data from nine
sewersheds, achieving an R? = 0.81 with a single
model.

The aim of this study was to develop a model that
provides personalized predictions and risk assessments
for each individual municipality. This approach allows

for detailed observations of epidemiological
progression and its specific characteristics, ultimately
enabling public health authorities to make more
informed decisions and take appropriate measures to
protect the public. Hence, ongoing wastewater-based
epidemiology demonstrates its intrinsic value. This
approach complements traditional epidemiological
surveillance methods by offering non-invasive, cost-
effective means to monitor epidemiological patterns
during outbreaks within communities. It also provides
accurate estimates of COVID-19 incidence relative to
population size. This tool has the potential to assist in
the early detection of emerging COVID-19 outbreaks,
such as the recent surge in cases in June 2024, thereby
facilitating the prompt implementation of necessary
control measures.

The wastewater-based epidemiological approach has
also proven effective in detecting other biomarkers of
infectious diseases, such as the genetic material of
influenza viruses (Zheng etal., 2023), enteroviruses
(Randazzo et al., 2019) or the monkeypox virus (Tiwari
et al., 2023). For other pathologies of infectious nature,
integrating ML and predictive models into this
approach would significantly enhance its effectiveness
in proactively averting potential outbreaks or adverse
situations. The feature engineering and model building
guidance presented in this study could be adapted to
expand the range of pathogens detected by wastewater-
based epidemiological surveillance.

Additionally, it is important to recognize that model
explainability is crucial in the development of
predictive models. Not only does this allow deeper
insight into the underlying processes and a better
understanding of the covariates associated with the
epidemiological evolution in that particular scenario,
but it also eliminates the concept of predictive
algorithms as opaque entities. Instead, it provides
transparent, interoperable, and explainable solutions.

A major limitation in conducting this research was
the availability of open data. Specifically, data on virus
concentration in WWTP are still reported weekly in the
Catalan Surveillance Network of SARS-CoV-2 in
Sewage. However, clinical data for SARS-CoV-2
infections ceased in July 2022. This is crucial for
building predictive models, as larger data sets enable
algorithms that are more robust and more accurate
predictions. The relevance of open data cannot be
overstated, as it empowers researchers to develop
effective models and fosters collaborative efforts to
address these challenging scenarios.

Another limitation of this work is the reliance on pre-
existing data to train the predictive models and the
difficulty in extrapolating beyond the reference data,
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which poses a challenge in the early stages of a crisis,
such as a pandemic or an outbreak of a novel pathogen.
However, in these initial stages, model explainability
can help quickly identify key variables influencing the

epidemic's progression and facilitate the
implementation of preventive measures to mitigate its
impact.

This study has revealed the crucial role of context
variables through model explainability, underscoring
their importance in providing accurate predictions.
However, it is crucial to recognize that mishandling
context variables can lead to data leakage in predictive
models. This issue was thoroughly addressed in the
study through a rigorous selection and training process.
Among the context variables, previous infections
emerged as one of the most important, though it was
not the sole variable considered for predictions.
Interestingly, current SARS-CoV-2 concentration in
wastewater was found to be less relevant for the model
compared to other features. This is somewhat surprising
but could be explained by lagging effects between viral
concentration in wastewater and clinical cases. The

population size also  significantly  influenced
predictions, indicating the model’s ability to generalize
across different population sizes. Additionally,

seasonality was a key factor, with the Month variable
being the fourth most relevant to the model. Higher
infection rates were observed in December and January,
which corresponds with the epidemiological data of the
region, a fact that is also reflected in the predictions
through the SHAP values. Colder months are known to
promote virus transmission, influenced by various
factors including environmental conditions (high
temperatures shorten the half-life of the virus) or human
behavior (Christmas Holidays increase travel between
regions and contacts between individuals) (Zoran et al.,
2022).

WWTP flow rate and precipitation both contribute to
the dilution of viral RNA in wastewater. Nevertheless,
neither of these variables seem to have a substantial
impact on the predictions, only certain high
precipitation values that shift the model to lower
clinical cases predictions.

Future studies could benefit from including variables
that affect the stability and concentration of the virus in
model evaluations, such as daily temperature.
Additionally, parameters related to case prevalence,
such as the age distribution within each municipality,
should be considered. Finally, the developed model will
be tested in other infectious pathologies with airborne
transmission patterns similar to SARS-CoV-2, such as
the influenza virus. This testing will serve as a
foundation for creating new models for other epidemic

outbreaks that share some of the variables used in the
current predictive model.

5 Conclusions and future
perspectives

Wastewater-based epidemiology is becoming an
essential tool for monitoring emerging outbreaks and
supporting public health authorities. The success of the
wastewater-based epidemiology approach presented in
this study could enhance the surveillance of emerging
pathogens and novel outbreaks. Additionally, this work
shows how integrating ML or predictive algorithms into
routine practice can enhance the tool’s accuracy and
validity in predicting clinical cases. This capability can
aid health authorities anticipate challenging situations
and make informed decisions to address potential
issues.

This research also explores the relevance of model
explainability, which is essential for building
confidence in predictive modeling. By providing
valuable insights into how the model makes predictions,
explainability enhances the reliability and transparency
of the model. A significant breakthrough in this study is
the identification of the crucial impact of contextual
variables, such as the moving averages of past cases
and seasonality, on the model’s output and accuracy.

Further research is needed to assess the effectiveness
of this methodology in predicting new COVID-19
outbreaks and its applicability to other infectious
diseases to fully wvalidate its potential. Moreover,
enhanced accuracy and general improvements in model
performance could be attained through the integration
of additional contextual variables pertaining to
environmental conditions (e.g., ambient temperature),
demographic data (e.g., age distribution, mobility
patterns), and social factors (e.g., vaccine coverage
data). Another prospect would be to apply the model to
a wider range of geographical regions, encompassing
more diverse environmental conditions and population
densities, with a view to enhance the robustness and
generalizability of the predictions.
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