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ABSTRACT

In the wake of the largest-ever recorded outbreak of mpox in terms of magnitude and geographical spread in
human history since May 2022, we innovatively developed an automated online sewage virus enrichment and
concentration robot for disease tracking. Coupled with an artificial intelligence (AI) model, our research aims
to estimate mpox cases based on the concentration of the monkeypox virus (MPXV) in wastewater. Our
research has revealed a compelling link between the levels of MPXV in wastewater and the number of clinically
confirmed mpox infections, a finding that is reinforced by the ability of our Al prediction model to forecast
cases with remarkable precision, capturing 87 % of the data’s variability. However, it is worth noting that this
high precision in predictions may be related to the relatively high frequency of data acquisition and the rela-
tively non-mobile isolated environment of the hospital itself. In conclusion, this study represents a significant
step forward in our ability to track and respond to mpox outbreaks. It has the potential to revolutionize public
health surveillance by utilizing innovative technologies for disease surveillance and prediction.

© 2024 Chinese Medical Association Publishing House. Published by Elsevier BV. This is an open access article

under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Human monkeypox (mpox), a zoonotic disease of infectious etiol-
ogy, is precipitated by the monkeypox virus (MPXV) [1,2]. This patho-
gen is a large, enveloped virus, endowed with a double-stranded
deoxyribonucleic acid (DNA) genome of approximately 200 kilo base
pairs in length. It is taxonomically situated within the Orthopoxvirus
genus, under the expansive umbrella of the Poxviridae family [3].
The initial identification of this virus was in 1958 in Denmark, where
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an infection was detected in monkeys imported from Singapore, subse-
quently triggering an outbreak among experimental macaques [4]. The
definitive animal reservoir remains enigmatic, but the prevailing
hypothesis suggests that MPXV is perpetuated within small mam-
malian species indigenous to West and Central Africa [5,6]. The virus
is endemic to these regions, with sporadic human infections and
restrained transmission [7]. Isolated instances of mpox cases have
been reported beyond these endemic zones, predominantly associated
with travel, exposure in healthcare settings, or contact with imported
rodents [8].

As a disease with significant implications for human health, mpox
was first identified in Central Africa (Democratic Republic of the
Congo) in 1970 [9,10]. Despite its etymological roots in monkeys, it
is conjectured that the virus initially infected rodents and small mam-
mals [11]. Currently, the primary pathway for human-to-human trans-
mission is believed to be through direct skin-to-skin contact [12]. Most
of the cases reported so far have predominantly involved men who are
sexually active with other men, often referred to as men who have sex
with men (MSM) [13]. There is mounting evidence that suggests
sexual activity, especially when it involves skin-to-skin contact or
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HIGHLIGHTS

Scientific question

The accurate and early prediction of monkeypox outbreaks
is essential for effective public health response. We aim to
develop an integrated system using automated robotics
and Al-powered wastewater surveillance to enhance the
proactive detection and management of monkeypox out-
breaks.

Evidence before this study

The largest-ever recorded outbreak of monkeypox since
May 2022 highlighted the need for innovative
surveillance methods. Traditional disease tracking
methods have limitations, especially in early detection
and prediction of outbreaks. There was a lack of
integration between automated virus enrichment
methods and Al models for predicting disease outbreaks
based on environmental samples.

New findings

This study introduced an automated online sewage virus
enrichment and concentration robot coupled with an Al
model, demonstrating a strong correlation between the
concentration of monkeypox virus (MPXV) in wastewater
and clinically confirmed cases. The Al model predicted
monkeypox cases with high precision, capturing 87% of
the data’s variability.

Significance of the study

This research represents a significant advancement in pub-
lic health surveillance for monkeypox, offering a novel,
efficient, and proactive approach to predicting outbreaks.
The integration of automated virus enrichment robots with
Al models for analyzing wastewater samples could revolu-
tionize the tracking and management of infectious dis-
eases, potentially leading to earlier interventions and
better outbreak control.

the sharing of bodily fluids, serves as a likely conduit for transmission.
The virus gains entry into the human system via skin lesions, the res-
piratory tract, or mucous membranes [14,15]. In a host, a typical
MPXV infection peaks within 2—-4 weeks, potentially exhibiting symp-
toms such as fever, nausea, and the development of papules on the
face, groin, or other regions of the body [16,17]. Two distinct clades
of MPXV are recognized: clades I (the Congo Basin clades) and clades
II (the West African clades) [18-20]. In May 2022, a hitherto unprece-
dented large-scale outbreak of human mpox was instigated by the
clades IIb of MPXV, which rapidly disseminated across multiple
nations [21]. In response, the World Health Organization (WHO)
declared this outbreak as an international public health emergency
on July 23, 2022 [22].

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
pandemic has underscored the value of wastewater-based epidemi-
ology (WBE) in providing rapid and reliable data on community-level
viral transmission and mutation patterns [23-25]. This approach offers
distinct advantages over traditional clinical testing methodologies,
particularly in scenarios where societal stigma or discrimination asso-
ciated with specific infections (such as AIDS patients or mpox patients)
may deter at-risk populations from seeking medical attention [26,27].
Through the analysis of anonymous pooled samples, WBE allows for
the visualization of infection dynamics within a community without

compromising individual privacy. Empirical studies have substanti-
ated the efficacy of WBE in monitoring the spread of various viruses,
including Poliovirus and SARS-CoV-2 [28-31]. This approach enables
the tracking of emergent variants and provides an accurate depiction
of the infection landscape at the population level [24,32,33]. Analo-
gously, the detection of MPXV DNA in domestic wastewater is posited
as a valuable early-warning tool for tracking the spread of mpox within
communities, serving as a beneficial adjunct to conventional clinical
surveillance. MPXV DNA fragments have been identified in a wide
array of biological materials, including feces, burst blisters, desqua-
mated rash, swabs, sputum, semen, and urine, all of which can poten-
tially enter the domestic sewage system [34-36]. Moreover, MPXV can
infect and circulate among household pets and small mammals resid-
ing in sewer systems, providing a milieu for potential viral mutation
and subsequent zoonotic transmission to humans [37,38]. Conse-
quently, the wastewater-based monitoring of MPXV in sewage systems
could emerge as a significant public health resource, aiding in the
timely identification and containment of mpox outbreaks.

In the present study, we innovatively developed an automated
online sewage virus enrichment and concentration robot for disease
tracking, coupled with an artificial intelligence (AI) model, to estimate
the mpox cases based on the MPXV concentration in wastewater. Our
research observed a significant correlation between the concentration
of MPXV in wastewater and the clinically reported cases of mpox, fur-
ther underscored by the performance of the Al predictive model. This
study highlights the potential of applying online sewage virus enrich-
ment and concentration robot for MPXV surveillance in wastewater,
marking a significant advancement in disease outbreak tracking and
response, with the potential to revolutionize public health
surveillance.

2. Materials and methods
2.1. Sample collection and concentration

The collection and enrichment of wastewater samples were carried
out through the collaboration between the Shenzhen Third People’s
Hospital and Shenzhen Metasensing Technology Co., Ltd. An online
sewage virus enrichment and concentration robot was developed as
part of this collaboration. This robot has two operating modes: field
mode and laboratory mode. In field mode, the robot can automatically
collect sewage samples and perform subsequent experimental opera-
tions according to the set program. In laboratory mode, laboratory per-
sonnel place the collected sewage samples on the robot's sample rack
for the robot to perform subsequent experimental operations automat-
ically. In this study, the polymerase chain reaction (PCR) results of six
different samples were first compared between the robot's laboratory
mode and full manual experimental operations to test the performance
of the machine. Then the field mode was carried out at the hospital's
wastewater treatment plant for sample collection and processing.
The wastewater sample collection site was the inlet of the hospital’s
wastewater treatment system, where the water pump automatically
pumped water based on scheduled intervals before the sewage passed
through the grid in time scale of three months. Pumping commenced
at 9:00 am daily and recurred every 6 h. Simultaneously, clinically
confirmed data on patients infected with mpox in the corresponding
time period were collected.

The enrichment and concentration method employed was based on
the aluminum hydroxide adsorption-precipitation technique outlined
in the industry standard WS/T 799-2022 published by the National
Health Commission of China, both for the robot program and the man-
ual experiments. This method had previously been utilized for the
enrichment and concentration of the SARS-CoV-2 in wastewater
[29]. In essence, it involved the use of positively charged aluminum
hydroxide particles generated through the hydrolysis of aluminum
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chloride to adsorb negatively charged viral particles in the sewage.
Subsequently, centrifugation was employed to separate the viral parti-
cles enveloped by aluminum hydroxide. The virus was then released
from the aluminum hydroxide colloid through the chelating effect of
ethylenediaminetetraacetic acid (EDTA) disodium, resulting in the
concentrated virus solution.

2.2. Nucleic acid extraction and detection

The nucleic acid extraction procedure utilized the nucleic acid
extraction kit from Guangzhou Hybribio Technology Co., Ltd
(C221111A). The extraction steps involved adding 300 pL of the sam-
ple into the sample slot containing lysis buffer in the extraction Kkit.
Subsequently, the extraction kit was placed into a fully automated
nucleic acid extraction instrument. Following the instructions, the
instrument was set for a 10-minute magnetic bead lysis, a 1-minute
first wash, a 1-minute second wash, and a 5-minute elution. Through-
out this process, magnetic rods with magnetic properties automatically
transferred total nucleic acid substances. Finally, 60 pL of the sample
was obtained in the elution slot. The nucleic acid detection was per-
formed using the fluorescence quantitative PCR method. The PCR
reagents utilized included custom-designed primers (Table S1) from
Sangon Biotech (Shanghai) Co., Ltd and TransScript® Probe One-
Step qRT-PCR SuperMix (Code#AQ221-01) from TransGen Biotech
Co., Ltd.

2.3. Machine learning models

In the selection of machine learning models, the problem of low
accuracy or instability of predictions from a single model was taken
into consideration. Therefore, the stacking ensemble learning was
identified as the appropriate choice for this study, as it has multiple
advantages that make it popular in practical applications, and it was
applied in a coronavirus disease 2019 (COVID-19) wastewater predic-
tion case in Brazil with forecasting error less than 7 % [39]. Stacking
allows for combining multiple different base learners and leveraging
their respective strengths to enhance the performance and robustness
of the model. In addition, it can reduce the risk of overfitting as it bet-
ter balances the predictions from each base model, minimizing the
impact of incorrect decisions from a single model on the overall model.

The algorithmic software utilized in this study is Waikato Environ-
ment for Knowledge Analysis (WEKA). Prior to regression testing, our
data underwent preprocessing. The processing method involved using
the Standardize filter for normalization. Its principle lies in applying
linear transformations to each numeric attribute, converting attribute
values into a form with a mean of 0 and a standard deviation of 1.
Specifically, it employs the following formula for transforming each
attribute.

2.3.1. Data preparation

Initially, the training dataset was divided into multiple subsets,
each used to train a base learner. Subsequently, each base learner
underwent individual training. In this scenario, the models selected
were support vector machine regression (SVMR), random forest
(RF), and light gradient-boosting machine (LightGBM) as base learn-
ers, representing different types of learning algorithms.

2.3.2. Training of base learners

SVMR is a powerful model for regression tasks, as it attempts to
find a hyperplane to minimize the error between actual values and pre-
dictions. On the other hand, RF is an ensemble learning method com-
prising multiple decision trees, where each tree is trained on a random
subset of the dataset and their results are combined to provide robust
predictions. Additionally, LightGBM is a gradient-boosting framework
known for its strong performance in gradient-boosting trees; it trains
multiple decision trees using gradient-boosting to enhance predictive

performance gradually. Together, these models offer varied and com-
plementary approaches for achieving accurate and reliable predictions
in regression tasks.

2.3.3. Prediction by base learners

After training, the base learners were employed to predict both the
training set and potential test sets, generating predictions for each base
learner.

2.3.4. Training of meta learners

Subsequently, the predictions from base learners were used as
inputs to train a meta learner. Additive regression was chosen as the
meta learner. The task of this meta learner was to learn how to com-
bine predictions from various base learners to generate the final inte-
grated prediction.

2.3.5. Integrated prediction

Once the meta learner was trained, it was utilized to generate the
ultimate integrated predictions. These integrated prediction results
are typically employed in real-world applications for decision-
making and forecasting purposes.

2.3.6. Model evaluation

Utilizing mean absolute percentage error (MAPE), R-squared (R
Score, root mean square error (RMSE) and mean absolute error
(MAE) to assess the predictive accuracy of the model.

2.4. Statistical analysis

Statistical analyses were performed in Microsoft Office Excel
(2021), SPSS 25.0 and R v4.0.2. Normality tests were conducted to
ascertain the parametric or non-parametric nature of the data. A statis-
tical significance level of P < 0.05 was considered for all tests.

3. Results
3.1. The automated online sewage concentration method

In this study, we employed an automated online sewage concentra-
tion method based on the aluminum hydroxide adsorption precipita-
tion method. This automated enrichment technique involved
deploying a robotic system at the sewage inlet of the hospital’s
wastewater treatment plant (Fig. S1). The sewage was pumped into
a sewage basin, where a robot, using a robotic arm, operated a pipet-
ting gun and a centrifuge tube. The sewage from the basin was trans-
ferred to a 50 mL centrifuge tube containing aluminum chloride
coagulant. Subsequently, the robotic system transferred the centrifuge
tube to a pH adjustment module. Using a digital pH meter and a pre-
cision syringe pump, hydrochloric acid and sodium hydroxide were
added to adjust the pH of the solution to 6.0. The robotic arm then agi-
tated the solution with the pipetting gun for a specific duration before
transferring the centrifuge tube to a position-controlled centrifuge
machine equipped with temperature control functionality. The techni-
cal roadmap of this automated equipment is depicted in Fig. 1.

Following centrifugation, the samples in the centrifuge tube sepa-
rated into a supernatant and a flocculent precipitate enclosing viral
particles. The robotic system removed the centrifuge tube from the
centrifuge machine, opened the lid, removed the supernatant, and
added powdered disodium EDTA to the flocculent precipitate for thor-
ough mixing. The mixture was subsequently transferred to a metal
bath heating module and heated for 10 min. Finally, the concentrated
samples were placed into a refrigerated storage module, awaiting col-
lection by laboratory personnel for subsequent nucleic acid extraction
and PCR testing.
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Fig. 1. The technique scheme of the online automated robot.

Table 1

PCR detection results of MPXV in sewage samples from six different sampling points using automated and manual experimental methods.

PCR results via
automated concentration method

Sampling point

PCR results via
manual concentration method

1 2 3 Average CV (%) Ry (%) 1 2 3 Average CV (%) R (%)
1 38.49 39.55 39.27 39.10 11 25.3 39.14 39.39 39.02 39.18 0.4 24.1
2 39.18 38.95 39.75 39.29 0.9 22.4 38.78 39.31 38.88 38.99 0.6 27.2
3 39.56 37.87 39.20 38.88 1.9 29.2 38.29 39.55 38.88 38.91 1.3 28.7
4 38.86 38.72 39.44 39.01 0.8 26.9 38.65 39.08 39.49 39.07 0.8 25.8
5 38.71 39.35 38.34 38.80 1.1 30.7 39.28 39.32 39.12 39.24 0.2 23.2
6 38.85 39.54 38.92 39.10 0.8 25.3 38.61 39.12 39.25 38.99 0.7 27.1

Abbreviations: R,, recovery rate; CV, coefficient of variation; PCR, polymerase chain reaction.

Throughout the process, the robotic system autonomously handled
tasks such as opening and closing centrifuge tube lids and verified the
accuracy of lid closures, mimicking human experiments entirely. The
refrigerated storage module had the capacity to store eight samples.
In this study, we collected samples four times a day, and laboratory
personnel collected the samples within 48 h for PCR testing in the
laboratory.

Prior to commencing the online monitoring of MPXV in the hospi-
tal sewage station, the performance of this automated concentration
method was rigorously evaluated. Extensive testing was conducted
using blank samples to ensure the seamless operation of the equipment
over a continuous 7-day period without any malfunctions. Subse-
quently, sewage samples, sourced from areas where no cases of mpox
had been reported in the past 7 days, were marked as “blank sewage
samples” and subjected to quantitative addition of MPXV using this
automated system.

In parallel, manual experiments were conducted synchronously
during the experimental process for comparative analysis against the
automated method. A total of six blank sewage samples were selected
from different sampling points with similar wastewater treatment
plant (WWTP) facilities as the hospital, then mpox pseudovirus was arti-
ficially added to each sample at a concentration of 6,000 copies/mL.
Each sample was divided into parallel comparative portions, with
one portion being processed through the machine's laboratory mode
and the other through manual experimental operations. The samples

were then processed for virus concentration, purification and subse-
quent detection experiments. Deviations observed in the three experi-
ments were meticulously compared, alongside a detailed analysis of
discrepancies between the results obtained through the automated
method and manual experimentation.

The outcomes, as illustrated in Table 1, demonstrated a remarkable
consistency between the results obtained through the automated
method and those derived from manual experiments. In fact, the auto-
mated approach exhibited a slightly superior level of repeatability in
comparison to manual operations, underscoring its efficacy and preci-
sion in virus concentration processes. Simultaneously, the recovery
rates of MPXV in sewage samples were calculated using both the auto-
mated method and manual experiments. The recovery rate R, was cal-
culated according to Equation (1).

g _Nat _ CaA Vy _ CiorwA-12mL W
" Nog 30,000 copies 30,000 copies

Nz refers to the virus copy numbers recovered after concentration
and the N, refers to the virus copy numbers in the original water sam-
ples. Cg is the virus concentration of the enrichment solution while
the V4 is the volume of it which is 1.2 mL both in manual and auto-
mated methods. Cpcrer) is the PCR sample concentration determined
based on the standard curve function generated through PCR testing
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Fig. 2. Daily surveillance dynamic data of mpox cases and MPXV. A) Daily dynamics in hospital admissions for patients with mpox. B) Daily dynamic variation of
MPXV concentration in wastewater. Abbreviations: MPXV, monkeypox virus; Max, maximum; Avg, average.

with quantitative pseudovirus. It can be converted into sample concen-
tration. In this study, the PCR sample concentration refers to the con-
centration before nucleic acid extraction, thus Cpcr.) €ncompasses the
nucleic acid extraction recovery rate. The results of 6 sampling points
indicated a close similarity in the recovery rates of MPXV between the
two methods, ranging from 22 % to 30 %.

3.2. MPXV in hospital wastewater and its correlation with reported cases

From June 10 to September 17, 2023, we conducted a comprehen-
sive collection of wastewater samples from the sewage treatment sys-
tem at the Shenzhen Third People’s Hospital. Initiated at 9:00 am
daily, samples were systematically gathered every six hours using an
online sewage virus enrichment and concentration robot. At the start
of our study on June 10, 2023, the hospital recorded 4 clinically con-
firmed cases and 2 new cases of mpox on that day. All confirmed and
new cases of mpox patients were quarantined in the hospital’s isolation
ward area. Throughout the study period, we observed a maximum of
16 daily inpatient cases of mpox (recorded on June 29 and July 1,
2023), with a total of 10 days exceeding 10 inpatient cases. Addition-

ally, the highest number of new daily cases reached 10 on June 29,
2023 (Fig. 2A).

During the whole wastewater sample collection process, which
spanned 100 days, a positive signal for the MPXV in the wastewater
was detected on 41 days. Out of the 283 wastewater samples collected,
153 tested positive for the presence of the MPXV, resulting in a posi-
tive detection rate of 54.06 % (Fig. 2B). Notably, during the 25-day
period from August 11 to September 1, only one day (August 29) reg-
istered a positive signal for the MPXV in the wastewater, with a con-
centration of approximately 2,161 copies/mL. Concurrently, within
this same period (August 11 to September 1), a total of six new mpox
cases were reported, with a maximum of two new cases per day.

In an endeavor to explore the association between the concentra-
tion of MPXV in wastewater and clinical mpox cases, we initially
aligned the data of mpox patients to correspond with the days a posi-
tive signal for the MPXV was detected in wastewater samples (Fig. 3).
Our findings revealed that out of 41 days where a positive signal for
the MPXV was detected in wastewater, new cases of mpox were
observed on 19 of these days.

For a more comprehensive investigation of the correlation between
the concentration of MPXV in wastewater and the reported clinical
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cases, we employed Pearson’s correlation analysis, in addition to con-
sidering the normal distribution of the data. A significant positive
correlation was discerned between the concentration of MPXV
observed in hospital wastewater samples and the presence of clinically
reported cases (Fig. 4). Specifically, the peak concentration of MPXV in
wastewater bore a correlation coefficient of r = 0.82, P < 0.001 with
the number of mpox cases, while the mean concentration of MPXV in
wastewater exhibited a correlation coefficient of r = 0.73, P < 0.001
with the number of mpox cases, denoting a notably strong correlation.

3.3. Forecasting case numbers using sewage virus concentration via machine
learning

In order to accurately forecast the number of mpox infections
through the information obtained from viruses in wastewater, we con-
structed a predictive model using machine learning models. Arash
Zamyadi's research team has collected WBE data from 108 sampling
points in five regions: Scotland, Catalonia, Ohio, the Netherlands,
and Switzerland and utilized a machine learning model, specifically
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the Random Forest algorithm, for epidemic prediction [40]. We col-
lected data from the influent water quality at hospital sewage treat-
ment stations, virus concentrations in sewage, and the number of
confirmed cases on the same day, totaling 101 sets of such data (of
which viruses in sewage were detected for 42 days, yielding 42 valid
datasets). Subsequently, 70 % of the data were used as the training
set, and 30 % as the test set. We employed a stacking fusion model
to predict the number of confirmed cases. In this study, three hydro-
logical and water quality parameters were utilized, namely chemical
oxygen demand (COD), pH of the water, and flow rate, along with
the concentration data of MPXV in sewage, as input variables to pre-
dict the number of confirmed disease cases. The accuracy of predic-
tions and model performance were evaluated mainly according to
the MAPE value. The framework of stacking models was shown in
Fig. 5.

MAPE is a metric employed to assess the performance of regression
models, especially when measuring the relative error between model
predictions and actual values is necessary. It calculates the average
absolute percentage error, representing the extent of the model’s error
in percentage terms.

231

The formula for calculating MAPE is as follows (2):

|(Forecast; — Actual;)|
Actual;

1
MAPE ==Y )
n-

This approach allowed us to comprehensively assess the model’s
predictive accuracy in the context of disease cases, integrating various
water quality parameters along with virus concentration data for a
more robust evaluation.

The performance metrics of the final integrated model are as fol-
lows: MAPE = 16.94 %, R? score = 0.87, RMSE = 1.11, MAE = 0.67.

The predicted number of confirmed cases and the actual confirmed
cases are compared in the graph shown in Fig. 6.

These metrics demonstrate the accuracy and reliability of the inte-
grated model in predicting the number of confirmed disease cases. The
MAPE value of 16.94 % indicates that, on average, the model’s predic-
tions deviate by approximately 16.94 % from the actual values, showcas-
ing the model’s robustness in forecasting disease cases. The high R value
(0.87) signifies that a significant proportion of the variance in the data is
captured by the model. Additionally, the relative low values of MAE and
RMSE indicate that the model’s predictions are close to the actual values.
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4. Discussion

Since May 2022, the largest-ever documented outbreak of mpox in
terms of magnitude and geographical spread began in human history,
both in terms of its scale and geographical reach [41]. This unprece-
dented epidemic, caused by the clade IIb MPXV, has swiftly traversed
borders, infiltrating several countries that have historically remained
untouched by this disease.

Here, we developed an online sewage virus enrichment and con-
centration robot and underscored a significant relationship between
the concentration of MPXV in wastewater and the clinically reported
cases of mpox. Furthermore, we constructed an Al model for precise
inferring the number of confirmed cases through the concentration
of viruses in sewage. Over the course of this 100-day study, we
employed an online sewage virus enrichment and concentration robot
to systematically collect wastewater samples every six hours. This
high-frequency online sewage sample processing solution, as opposed
to traditional low-frequency approaches, aids in capturing the detoxi-
fication periods of patients and obtaining effective signals. Within this
duration, we identified the presence of the MPXV in the wastewater on
41 distinct days out of a total of 100 days. Furthermore, out of the 283
collected samples, 153 tested positive for the MPXV, translating to a
positive detection rate of 54.06 %. In our quest to uncover the link
between the concentration of MPXV in wastewater and the clinically
reported mpox cases, we matched the data of mpox patients with
the dates when a positive signal for the MPXV was identified in the
wastewater samples. The findings pointed towards a significant posi-
tive correlation between the concentration of MPXV in the hospital’s
wastewater samples and the clinically reported cases. Specifically,
the peak concentration of MPXV in wastewater correlated with the
number of mpox cases, and the mean concentration of MPXV in
wastewater correlated with the number of mpox cases, indicating a
notably strong correlation. Our research results are in concurrence
with studies from France and the United States [42,43], which have
underscored a potent correlation between the concentration of MPXV
in wastewater and the number of mpox cases. Wurtzer et al. [43]
observed a strong association between the weekly number of mpox
patients and the corresponding concentration of mpox virus in sewage.
Likewise, Wolfe et al. [42] observed a positive relationship between
the occurrence of MPXV DNA in solid waste and the reported instances
of the disease at locations where positive samples were detected for
more than 10 days. Contrarily, Sherchan et al. [36] did not find any
correlation between the MPXV concentration in wastewater and the
count of new mpox cases. These findings suggest that the concentra-
tion of MPXV in wastewater could potentially act as an indicator of
the number of clinical cases in the hospital. However, given that our
study was conducted in a single hospital, it may limit the broader
applicability of our findings. Therefore, further research is needed to
validate our findings in diverse settings and to explore the potential
applications of this method for monitoring other types of viruses in
wastewater.

McMahan et al. [44], conducted a WBE study in South Carolina to
monitor SARS-CoV-2 transmission. Through the analysis of wastewater
samples for SARS-CoV-2 ribonucleic acid (RNA) and the utilization of
a susceptible-exposed-infectious-recovered (SEIR) model based on the
RNA mass rate, they were able to predict the number of infected indi-
viduals. Upon comparing their model predictions with confirmed
cases, they found that the rate of unreported COVID-19 cases was
approximately 11 times that of confirmed cases, a figure consistent
with an independent estimate of 15 infections for each confirmed case
in South Carolina. This underscores the robustness of the SEIR model
as a method for estimating the total number of infected individuals in a
sewershed, thus providing an additional and valuable tool for inform-
ing policy decisions. Ando et al. [45], developed a highly sensitive
method, the Efficient and Practical Virus Identification System with

Enhanced Sensitivity for Membrane (EPISENS-M), and a mathematical
model based on viral shedding dynamics, for tracking SARS-CoV-2
RNA concentrations in wastewater and estimating newly reported
cases using the RNA data and recent clinical data. Their study success-
fully predicted the cumulative number of newly reported cases after
5 days with a high degree of precision, demonstrating that the
EPISENS-M method combined with the mathematical model can be a
powerful tool for predicting COVID-19 cases, particularly in the
absence of intensive clinical surveillance. In contrast to COVID-19 test-
ing, clinical testing for MPXV is limited to cases in which patients exhi-
bit severe skin boils. Asymptomatic and mildly symptomatic cases
often go unreported, as individuals may not seek medical attention
due to the self-limiting nature of the disease. Furthermore, the devel-
opment of severe boils after contracting the virus can be a gradual pro-
cess. The absence of precise data on MPXV infection presents
challenges in creating a prediction model or establishing a correlation
between clinical cases and WBE data.

Fascinatingly, a study modeled MPXV excretion to investigate the
likelihood of detecting MPXV in wastewater across various settings
and detection limit ranges [32]. This theoretical research indicated
the potential for monitoring MPXV in sewage. However, it also empha-
sized the importance of collecting data on infection kinetics and shed-
ding in different human body fluids to establish a connection between
sewage surveillance data and clinical mpox cases [32]. Our ensemble
model based on Al-Powered wastewater MPXV surveillance data exhi-
bits strong accuracy and reliability in predicting the number of mpox
cases. The relatively low values of MAE and RMSE indicate a close cor-
respondence between the model’s predictions and the actual values,
demonstrating its efficacy and practical utility in predicting disease
case numbers. Additionally, the model’s R* score of 0.87 implies that
it can account for 0.87 of the variability in the data. This high score
underscores the model’s excellent fit to the data, capturing most of
its variability, thereby further validating the model’s effectiveness in
predicting disease case numbers. However, we also note that the
MAPE is 16.94 %, indicating that the model’s predictions deviate from
the actual values by an average of approximately 16.94 %. Although
this error rate is not negligible, it is acceptable given the numerous
variables our model incorporates, including water quality parameters
and virus concentrations, and the potentially complex interrelation-
ships among these variables. Overall, our model demonstrates high
accuracy and robustness in predicting the number of disease cases.

However, we must also acknowledge some limitations of the
model, such as potential prediction errors. Future research can further
optimize the model by incorporating more input variables, adjusting
model parameters to enhance the model’s predictive accuracy. This
Al-driven prediction approach opens up a new avenue of thinking.
Hospitals are typically the first warning and important diffusion pro-
tection points for infectious diseases. Long-term monitoring of infec-
tious disease viruses such as mpox in hospital sewage stations can
accurately predict the number of infections, provided that the monitor-
ing duration is sufficiently long and the sample database is rich. This is
of significant importance for the construction of urban epidemic
surveillance and early warning systems. The non-intrusive, non-
complainant nature, and point-to-surface characteristics of sewage
virus monitoring can enhance the efficiency and objectivity of epi-
demic data collection while reducing data acquisition costs. Further-
more, hospital sewage virus data can provide practical references for
nosocomial infection monitoring.

In conclusion, our study highlights the promising potential of using
automated online sewage virus enrichment and concentration robots
for monitoring the presence of viruses in wastewater. The strong cor-
relation between the concentration of MPXV in wastewater and clini-
cally confirmed cases suggests that this method could potentially be
utilized as an early warning system for outbreaks of mpox and possibly
other viruses. Future research should focus on enhancing the sensitiv-
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ity and specificity of this method and exploring its potential applica-
tions in different settings.
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