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Abstract

Wastewater-based epidemiology (WBE) played a vital role during the COVID-19 pandemic
by providing early warnings of outbreaks through SARS-CoV-2 RNA detection in sewage.
Many rural communities did not benefit from WBE because limited centralized sewer
infrastructure challenged conventional WBE surveillance strategies. We present a multi-
agent computer model simulating COVID-19 spread in a U.S. county with both sewered
and non-sewered zones to assess the performance of WBE in this setting. We evaluate
how the sewage service status of the first SARS-CoV-2 carrier, cross-zone community
mobility, and WBE detection thresholds influence outbreak detection timing at the county’s
wastewater treatment plant under basic reproduction numbers (R0) of 4 and 8. Our key
findings include that (1) a detection threshold of 10 gc/mL can identify outbreaks up to six
days earlier than a threshold of 50 gc/mL; (2) outbreaks originating in non-sewered zones
are detected 1-2 days later, compared with outbreaks in sewered zones; and (3) cross-zone
community mobility impacts detection timing only when outbreaks begin in non-sewered
zones. Furthermore, once detected, disease prevalence can increase by five- to eleven-fold
within the following week. These results underscore the importance of WBE sensitivity and
tailored surveillance strategies in both sewered and non-sewered zones of a community.
Strengthening WBE capabilities at local treatment facilities can improve early outbreak
detection, thereby supporting timely public health interventions.

Keywords: wastewater-based epidemiology (WBE); agent-based model; COVID-19; mixed
wastewater infrastructure; infectious disease; SEIR model; GIS data

1. Introduction

Wastewater-based epidemiology (WBE) tracks pathogens in sewage and wastewater,
especially those transmitted through the waterborne or fecal-oral routes [1,2]. Comple-
mentary to the clinical surveillance that may identify symptomatic clinical cases, hos-
pitalizations, or deaths, WBE may detect the presence and transmission of pathogens
at the community level, even in the absence of symptoms, access to healthcare, or
health-seeking behaviors [1-3].

The use of WBE can be traced back to the mid-1800s [4]. Since the 1970s, this approach
has been widely implemented to help eradicate poliovirus globally [5,6]. Along with
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the extensive use of the Polymerase Chain Reaction (PCR) and its associated techniques,
such as reverse transcription PCR (RT-PCR) and quantitative PCR (qPCR), researchers
have detected pathogens from at least 24 viral families in wastewater [1]. Therefore, it is
unsurprising that WBE detection was deployed to surveil the spread of COVID-19 from
the beginning of the pandemic. The findings on the fecal shedding of SARS-CoV-2 among
patients [7] and the persistence of SARS-CoV-2 RNA in wastewater [8] further support the
applicability of WBE in this context.

Studies have demonstrated that WBE detection may provide early warnings to public
health officials regarding the presence and transmission of COVID-19 in sewered commu-
nities, allowing critical lead time for action, particularly since COVID-19 vaccines were
unavailable until the end of 2020 [2]. For example, by comparing the concentrations of
SARS-CoV-2 RNA in primary sewage sludge in the New Haven, Connecticut, USA, with
the clinic testing results and the local COVID-19 hospital admissions, Peccia et al. [9] found
the changes in SARS-CoV-2 RNA concentrations appeared 0-2 days ahead of the percentage
of positive tests by date of specimen collection, 14 days ahead of local hospital admis-
sions, and 6-8 days ahead of the publicly reported positive test results for SARS-CoV-2.
A more extensive systematic review of 92 studies on wastewater surveillance for COVID-19,
conducted from January 2020 to May 2021, summarized that 13 studies reported positive
detections in wastewater before the first community cases were detected, and at least
50 studies reported an association between viral load and community cases [3].

Despite its ability to provide authorities with critical lead time during outbreaks like
COVID-19, WBE indicators are only valuable when testing is not delayed [10]. However,
many rural areas that lack testing capacity face challenges in receiving timely results, as
samples must be transported to testing labs. WBE'’s effectiveness also depends on regional
infrastructure. In areas with both sewered (i.e., homes connected to public sewer systems)
and non-sewered zones (decentralized wastewater systems not connected to public sewer
systems, such as septic tanks, pit latrines, etc.), outbreaks in non-sewered regions may go
undetected, increasing the risk of transmission. This risk is especially high in communities
where frequent interactions occur between populations across different wastewater service
systems [11,12]. Therefore, understanding the infection spread patterns in these areas will
help elucidate the extent to which WBE processes, both performed through centralized
labs and local mobile laboratories, may improve the public health responses in such
rural settings.

In recent decades, agent-based models (ABMs) have emerged as a powerful tool
for exploring system outcomes by capturing the extensive interactions among numer-
ous elements, in both epidemiology and water science [13-16]. By defining interactions
among individual agents and incorporating variables relevant to the scenarios of inter-
est, ABMs have helped guide targeted public health interventions by simulating differ-
ent situations and shedding light on the dynamics of disease transmission, including
COVID-19 [13,15]. In water science, ABMs have been applied to facilitate the understand-
ing of water system dynamics, inform water management decision-making, and inspire
interdisciplinary studies at both the micro- and macroscale [16]. Specifically, the application
of ABMs in the field of wastewater treatment has enabled researchers to measure the
heterogeneous bacterial reactions and interspecies reactions in wastewater to enhance the
systems, such as the biological phosphorus removal system, and physical structures in
wastewater treatment plants [17].

Since the COVID-19 pandemic, several research groups have developed ABMs that
link models of infectious disease transmission, community population characteristics,
viral load data, and wastewater data to enhance the application of WBE in facilitating
successful public health initiatives, strategies, and action plans. Fazli et al. [18] devel-
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oped three stochastic models that integrate a susceptible-exposed-infected-recovered
(SEIR) model, viral load in wastewater, and the COVID-19 case count, and compared
the forecasting quality of these models. Their results suggest that the SEIR model
based on viral load data can reliably predict the number of infections in outbreaks.
DelaPaz-Ruiz et al. [19] developed an ABM integrating three submodels—disease spread,
population mobility, and wastewater production—to simulate COVID-19 outbreaks and
wastewater infection levels within a sewered community, which provided a comprehensive
means to track outbreak dynamics and visualize spatiotemporal maps of infected wastew-
ater flow in a wastewater system. Recent work from a research team in Germany [20,21]
developed an ABM that further integrated infection dynamics, viral shedding curves, and
a hydrologic model of sewage flow to investigate the effect of sampling protocols, precipita-
tion infiltration, viral decay, normalization strategies, and intervention timing on infection
dynamics. Their modeling results suggest that wastewater-based surveillance data can
serve as an early epidemiological indicator to facilitate outbreak prediction. Overall, these
studies expand our understanding of the potential of using wastewater data to surveil the
spread of infectious diseases by integrating increasingly comprehensive information into
ABMs at both temporal and spatial scales. However, all of them focus on the areas with
full sewage service. In the USA, approximately 20% of the population is not connected
to a centralized sewage system [22]. In many regions, such as the one simulated in this
study, these people may live adjacent to those connected to a centralized sewage system
and interact socially. Therefore, it is important to understand the performance of WBE in
such regions to design effective WBE strategies.

In this study, we developed a multi-agent wastewater-based epidemiology model
(hereinafter referred to as the WBE model) to explore the possible transmission patterns
of COVID-19 within Boyd County, Kentucky, a U.S. county of 48,447 inhabitants, which
comprises a mixture of sewered and non-sewered zones. The WBE model focuses on
simulating the dynamics of the COVID-19 epidemic originating from either the sewered or
non-sewered zones in this county. At the county level, it integrates an SEIR epidemic model
with GIS data of county sewage systems, county population demographics, social networks
(such as households, schools, workplaces, and communities), population mobility, and
clinic viral loads to simulate the daily and cumulative prevalence of COVID-19 during
the early stage of outbreaks (i.e., the first 60 days), with a low quarantine rate and no
vaccination. Using the model, we evaluated how the rates of community travel between
sewered and non-sewered zones (hereinafter referred to as the cross-zone travel) and
the sewage service status of the first SARS-CoV-2 carrier (i.e., non-sewered vs. sewered)
influence the spread of COVID-19 under varying transmission levels and how different
WBE detection thresholds may impact the detection timing. Specifically, we selected R0
values of 4 and 8 to represent moderate and high transmission scenarios and used detection
thresholds of 10 gc/mL and 50 gc/mL as the lower and upper bounds of SARS-CoV-2 WBE
assay sensitivity [23]. Additionally, we examined the cumulative prevalence progress if
detection is delayed by transporting the wastewater sample to a centralized lab, which may
take multiple days, especially when shipping from rural/remote regions. In this article,
we present the development of the WBE model and the modeling results that answer the
following questions:

(1) At the basic reproduction numbers (R0) of 4 and 8, how do the WBE detection sensi-
tivity, sewage service status of the first SARS-CoV-2 carrier, and the cross-zone travel
rate affect the number of days required for the viral concentration in the aggregated
wastewater at the local wastewater treatment plant to reach the predefined WBE
detection threshold?
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(2) At the basic RO of 4 and 8, how do the WBE detection sensitivity, sewage service status
of the first SARS-CoV-2 carrier, and the cross-zone travel rate affect the cumulative
COVID-19 prevalence when the predefined WBE threshold is reached?

(3) At the basic RO of 4 and 8, how do the respective cumulative prevalences progress in
the seven days after the WBE threshold is reached in the simulated county?

2. Materials and Methods
2.1. WBE Model Development

The WBE model (Figure 1) was developed using NetLogo 6.4 [24], a multi-agent mod-
eling environment designed for agent-based models. Building on a susceptible-exposed-
infectious-recovered (SEIR) epidemic model that simulates the transmission and progres-
sion of infectious diseases [25], we integrated GIS information, population mobility, social
networks, and wastewater surveillance components to simulate COVID-19 transmission
dynamics driven by interpersonal interactions in Boyd County, Kentucky, USA. We se-
lected this county due to its diverse wastewater infrastructure, combination of rural and
semi-urban environments, and availability of detailed GIS data. Within the county, two
wastewater treatment plants handle the pooled wastewater from most of the cities that pro-
vide sewage services within their respective limits, with a minority portion of the sewage
(the blue region in Figure 1) transferred to a treatment plant in an adjacent county. However,
many areas of the county still rely on septic tanks for wastewater management. The spatial
proximity and social connections between the sewered and non-sewered regions allow
frequent interactions among residents in these areas.
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Figure 1. The WBE model interface. The left panel displays a spatial representation of the simulated
county, divided into sewered (green, blue, purple) and non-sewered (white) zones. Human agents
move and interact in these regions. The central panel presents the model control buttons and user-
adjustable parameters. The right panel provides the real-time outputs, including case trajectories and
wastewater detection results.

Below, a detailed model summary is provided following the Overview, Design
concepts and Details (ODD) protocol [26] to describe the model development and the
key components.

2.1.1. Purpose

The WBE model simulates the transmission patterns of COVID-19 in a U.S. county
that encompasses both sewered and non-sewered zones. Specifically, this WBE model
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aimed to represent the spread of SARS-CoV-2 within the county during the early stage
of an outbreak to gain insights into how community mobility, sewage service status
(non-sewered vs. sewered), and WBE detection sensitivity affect outbreak detection timing
and the associated disease prevalence at different basic reproduction numbers (RO0).

2.1.2. Entities, State Variables, and Scales

The model used three types of agents: land patches, houses, and humans. Land patches
mapped the county and defined key properties of the population, such as population
density and geographic distribution, in the simulated county. A total of 16,105 patches
represent 15 county census tracts in the model based on the GIS census tract boundary data.
Each patch represents an area of 163 by 163 square meters. We overlaid county sewage
system GIS data on the census tracts [27] to accurately locate the sewage system in the
model. All the GIS data were measured in QGIS 3.30 [28].

Household and population data from the 2021 American Community Survey [29]
were used to create and distribute household and human agents within the census tracts in
the model, resulting in a total of 18,251 household agents and 48,447 human agents. The
sewage service status and number of household members were defined for each house
agent based on their geographic locations. The state variables of human agents fell into
three categories: geographic location, disease transmission, and social network (Table 1),
allowing us to observe disease spread patterns in the human population through four
different networks: family, school, workplace, and community. Each time step of the WBE
model represented one day.

Table 1. State variables for each human agent.

Category Variable Variable Specification

Geographic Location  tt-tract-ID Human tract ID
home-x, home-y Human home coordinates
Sewered? Human home sewage service status (True/False)

Disease Transmission ~ States of disease susceptible, exposed (presymptomatic), infectious (symptomatic), recovered
Measures vaccinated, quarantine
Shed-pathogens? Does the person shed viruses?
Infected-by-me The number of people the agent has infected
Infect-any? Has the agent infected any people? (True/False)

Social Network Household-id Household ID used to set up the family network
Age Age in years
School? Does the person attend a school? (True/False)
class-ID A school attendee’s class ID
Work? Does the person work? (True/False)
Family-contact A person’s contacts at home
School-contact A school attendee’s contacts at school
Work-contact A worker’s contacts at the workplace
Non-community-contact A person’s combined contacts at home, school, and workplace.

2.1.3. Initialization and Input

Figure 2 illustrates the initiation process of the WBE model. The GIS data of census
tracts [27] and the county’s sewage system defined county tract boundaries and sewage
system configuration. We considered tracts within city limits as fully sewered and applied a
sewage coverage of 80% [22] to the tracts where not all households were sewered, resulting
in 90-91% sewage coverage in the county. Next, the household and population data from
the 2021 American Community Survey [29] informed the distribution of the human agents
and established their social networks within the county. An exposed agent, i.e., a carrier,
was then introduced into the model to initiate an outbreak.
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Figure 2. WBE model initiation.

2.1.4. Process Overview and Scheduling

At each time step (i.e., one day), the model procedure followed people’s typical daily
activities, determined by their age, mobility, employment, social network, and disease
status. These activities happened in a predefined order, as specified below.

1. Wastewater surveillance: The aggregated wastewater from the previous day was sam-
pled and tested at the county’s wastewater treatment plant to measure the concentra-
tion of SARS-CoV-2 RNA copies.

2. Quarantine: The model examined the status of infectious agents and updated their
quarantine status according to a defined quarantine rate.

3. Travel: Based on the defined community traveling rate, a portion of human agents
aged 18-74 traveled across the sewered and non-sewered zones or within the sewered
or non-sewered zones for reasons such as shopping, visiting friends, entertainment,
etc. These travels are distinct from school and work activities. Cross-zone travel rates
were varied as a part of our analysis to examine the effect of this variable.

4. Disease transmission through social networks: An SEIR compartmental model simulated
SARS-CoV-2 viral transmission and disease progression. During this process, human
agents contacted others through four social networks. Specifically, agents contacted
family members, community members (i.e., other human agents on the same patch
but excluded from family), classmates, and human agents in their workplace net-
works. During weekdays (Monday through Friday), PreK-college students (aged
0-17 and aged 18-64 enrolled in college) and workers (aged 18-64 and employed) also
interacted with their classmates or colleagues. Exposed and unquarantined infectious
individuals may transmit SARS-CoV-2 viruses to their susceptible contacts, based on
a transmission rate defined for each network. The disease states of individual agents
were updated after each interaction.

5. Travel: Human agents who traveled in step 2 returned home.

6.  Iterating the model: The overall population disease status and simulated dates
were updated.

2.1.5. Design Concepts

Emergence: Three emergent properties were elucidated by this model: the popula-
tion prevalence, epidemic duration, and SARS-CoV-2 RNA concentration at the county’s
primary wastewater treatment plant (i.e., the green region in Figure 1). The population
prevalence and epidemic duration emerged from the interactions among human agents in
the simulated population, and the viral RNA concentrations in the wastewater treatment
plant resulted from the disease spread and virus fecal shedding within the population.

Interaction: The SEIR compartmental model defined the interactions related to disease
spreading and progress (see Section 2.1.6 for details). These interactions occurred through
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four social networks: family, school, workplace, and community. For each agent, the
members of the first three networks remained relatively stable in each test, while the
members of their community network could vary daily due to population mobility.

Stochasticity: The WBE model comprised four submodels: social networks, disease
transmission, population mobility, and wastewater surveillance (see Section 2.1.6 for de-
tails). All four submodels encompassed stochastic elements. To establish family and
community networks, human agents were first assigned to households semi-randomly due
to the lack of detailed family census data. Then, school-age agents and adult employed
agents were assigned to school or workplace networks, also in a semi-random manner.
While the total number of contacts in these networks remained the same, the composition
of the family, community, school, or workplace network for each human agent varied in
each test.

For disease transmission, network-specific probabilities were defined based on the
tested RO value. Both the incubation period and disease period varied among human
agents, with the standard deviation of 1 day and 2 days, respectively. The quarantine
status was randomly assigned to the infectious agents based on a defined quarantine
rate. Population mobility was also influenced by defined probabilities and randomness.
Based on the changing rates of mobility in the population mobility data [30], people who
were traveling were randomly selected from the unquarantined adult agents and moved
to a random county patch that contained at least one other person. In the wastewater
surveillance submodel, exposed and infectious agents were randomly designated to shed
virus in their stool for 21 days based on a defined shedding probability.

Observation: The model generated various system outputs, including daily new cases,
COVID-19 cumulative prevalence, epidemic duration, and SARS-CoV-2 RNA concentra-
tion in wastewater. We were specifically interested in observing these outputs when the
epidemic was initiated in a sewered zone vs. a non-sewered zone. We also examined the
changes in cumulative prevalence over the week following the day when the viral RNA
concentrations reached the predefined threshold in the wastewater treatment plant. These
outputs provided insight into the impact of surveillance testing time lags on the spread of
COVID-19 in the early stage of an outbreak.

2.1.6. Submodels

Social networks: The present model incorporated four types of social networks—family,
school, workplace, and community—following the processes and categories established in
existing studies on social networks [31-33]. Using household and population data, we dis-
tributed 48,447 people into 18,251 households to establish the family network based on age.
Each household was assigned 1-7 members, with at least one adult member. The school
networks included individuals aged 0-17 years (i.e., PreK-12 students) and those aged
18-64 who were enrolled in college (i.e., college students). The toddlers (aged 0-4)
were placed in daycare or preschool networks, with up to 10 daily contacts. The pri-
mary /secondary school-aged children (aged 5-17) were assigned to K-12 school networks
with up to 25 daily contacts. College students (aged 18-64 and enrolled in college) were
assigned to college networks with up to 25 daily contacts. Employed adults (aged 18-64)
were assigned to workplace networks with up to 13 contacts per day. Adults working
across networks, such as teachers, were assigned to workplace networks due to a lack of
detailed data. In addition to these three structured networks, people on the same patch on
a given day formed a community network with up to 13 daily contacts, as established in
existing studies [31,33].

Population Mobility: People’s daily traveling activities can be complex. In this model,
we primarily focused on travel related to community networks, as interactions within
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family, school, and workplace networks were assumed to be relatively stable over short
periods, such as 6 to 12 months. To explore the impact of disease initiated from sewered
versus non-sewered zones on epidemic development, we differentiated the travel occurring
within the same zone type (within-zone travel) and travel across two different zone types
(cross-zone travel) (Figure 3). The Google Community Mobility Reports [30] suggested
population mobility could change up to 25% between weekdays and holidays. Therefore,
we use 25% as the maximum percentage of adults who travel within the sewered or non-
sewered zone. Considering that about 90% of the population was sewered in the model,

we capped the cross-zone traveling at 10%.

Figure 3. People may travel within the sewered (green, blue, purple) or non-sewered (white) zone
(a) and across sewered and non-sewered zones (b) for social community activities. This travel only
affects the community network.

During within-zone travel and cross-zone travel, selected agents physically moved
from one patch to another patch with at least one other human agent. This travel enabled
agents to contact agents outside their immediate community (e.g., neighborhoods), result-
ing in broader social mixing. A travel rate of 0% means that no agents physically move
in the model. Agent contacts related to workplace and school interactions are embedded
within the corresponding social networks and do not require the agent to physically travel
in the model. Therefore, when travel parameters are disabled in the WBE model, disease
can still spread through social networks. Disease spread can only be completely stopped
by adjusting the transmission rate parameters to zero.

Disease transmission: The SEIR framework (Figure 4) has been used in multiple studies
for modeling WBE, including both equation-based compartmental models [34-36] and
agent-based models [18,20]. In this study, we employed the SEIR framework, following
a similar structure to that of existing agent-based epidemic models, to simulate disease
transmission. Namely, a susceptible agent becomes an exposed agent if it is infected in
a social interaction (S->E); an exposed agent progresses to the infectious stage after an
incubation period (E->I); and an infectious agent either recovers or dies after experiencing
a disease period (I->R). In the present model, parameters specific to the original strain of
SARS-CoV-2, including the incubation period, the disease period, the infectious period, and
mortality, were utilized to simulate the spread patterns of this disease (Table 2). Quarantine
and vaccination parameters were also incorporated into the model with the assumption
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infect

that quarantined agents do not infect others and vaccinated agents are not susceptible
to COVID-19. In this WBE model, the infectious period starts from the last 2 days of the
incubation period and lasts through the disease period [37].

!

Susceptible

Infectious Recovered
(quarantined)
Incubation Disease
Exposed period period
Infectious Dead
(unquarantined)

infect

Figure 4. SEIR Compartmental Model.

The basic reproduction number (R0) of SARS-CoV-2 was used to determine the trans-
mission probabilities in this model because Ry can be derived from the transmissibility of
the pathogen, contact rate, and the duration of infectiousness [38]. The relationship can be
represented using Equation (1).

RO=cxpxd (1)

where c is the contact rate, p is the transmissibility of the pathogen, and d is the
duration of infectiousness.
In the current WBE model, Equation (1) was converted into Equation (2).

p=R0/(c x d) @)

Using the contacts defined in the social networks and the infectious period, we deter-
mined the transmission rate to set up a theoretical RO for each social network. The RO of
SARS-CoV-2 differed by virus variant. The estimated RO value of the original strain was
3.38 £ 1.40 [39], the Delta variant had an estimated RO of 5.08 [40], and the Omicron variant
had an estimated RO of 8.2 [41]. Based on this range, we selected R0 values of 4 and 8 to
represent moderate to severe transmission situations.

Wastewater Surveillance: Equation (3) was used to estimate the daily concentration of
viral copies in aggregated wastewater at the county’s wastewater treatment plant.

Concy = (Mf X V¢ X Ngy)/(Df X Qw) 3)

where Concy is the daily concentration of viral copies per individual shedding viruses
in wastewater; M is the daily feces mass (g/person*day); V¢ is the fecal virus load (gene
copies/mL); Ngy is number of virus-shedding people; Dy is the fecal density (g/mL);
Qy is the daily wastewater production in the sewered region (mL/day).

2.1.7. Model Verification and Validation

Multiple steps and strategies were used to verify and validate the WBE model. Al-
though we specify verification and validation separately below, they were conducted
iteratively and in an interwoven manner. The developed model was verified by (1) com-
municating the conceptual model with experts in public health and WBE to ensure the
model principles, assumptions, elements, and procedures were appropriate; (2) carefully
examining the model procedures and structures to ensure the agent properties and inter-
action rules were properly translated into the programming codes; (3) conducting unit
testing to verify each submodel separately and collectively, and; (4) reviewing and dis-
cussing the model results with experts in public health and WBE to discuss expected and
unexpected results.
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We conducted face validation and empirical validation at both micro- and macro-levels
of the WBE model, as suggested by Wilensky and Rand [42] for ABM development. The face
validation at the microlevel of the model involved examining whether the human agents
behaved as intended, such as traveling and contacting others. The empirical validation
at the microlevel involved examining the accuracy of the spatial distributions of sewered
and non-sewered populations, the distributions of incubation periods for human agents,
and values of relevant environmental parameters, to ensure they aligned with real-life
scenarios. The face validation at the macro-level included two comparisons. First, we
compared the emergent epidemic patterns in our model against the infection curve of an
SEIR compartmental model to confirm that our model produced a typical epidemic pattern,
i.e., a single-peaked infection curve followed by a decline as the susceptible population
decreases. Second, since we relaxed two assumptions in the standard SEIR model by
allowing for increased heterogeneity within populations in different geographical areas,
we compared the emergent epidemic patterns in our model against the results from the
previous studies with similar model settings [43] and confirmed that our model generated
a similar epidemic pattern that showed a later and lower peak of the outbreak when
the two assumptions were relaxed by integrating migration, social networks, and agent
types and interactions into an agent-based epidemic model. We also calibrated the model,
which is an empirical validation at the microlevel, based on the real-world epidemic
data from the simulated county from 29 March 2020, to 15 March 2021, and SARS-CoV-2
seroprevalence. Table 2 gives the values of the variables used in the calibration. As shown
in Figure 5, the simulated epidemic pattern closely matches the real-world data pattern
from March 2020 to November 2020. Although the cumulative case numbers estimated by
the model were higher than the actual data, we consider that they fell within an acceptable
range because the real-world data came from clinical surveillance, which did not include
undetected and asymptomatic cases. Estimates of the ratio of SARS-CoV-2 seroprevalence to
COVID-19 case prevalence range from 2.6 to 3.5 [44], indicating an underreporting of actual
clinical cases, further aligning our model predictions with clinical data from the early stage
of the outbreak.

Table 2. Data Sets, Parameters, and variables used in the WBE model and the sources. The val-
ues of parameters are drawn from literature, and the values of variables are determined by the
model calibration.

Type Name Value for Model Validation Source

Dataset Census tract boundary data set version 2021-22 [27]

Dataset Population data released 2021 [29]

Dataset County sewage infrastructure GIS data
Parameter Sewage service coverage in the partially 80% [22]

sewered tracts
Parameter Incubation period 6 days £1 day [45]
Parameter Disease Period 10 days =+ 2 days [46]
Parameter Infectious period 2 days + disease period [37]
Parameter Quarantine rate 33% [44,47]
Parameter Mortality 0.9% (as of 29 April 2023) [48]
Parameter Family contacts 1-6 contacts Calculated based on population data
Parameter School contacts 10-25 contacts Calculated based on population data
Parameter Workplace contacts up to 13 contacts [31,33]
Parameter Community contacts up to 13 contacts [31,33]
Parameter % travelers within sewered or 25% [30]
non-sewered zones
Parameter Virus-shedding period 21 days [49]
Parameter Virus load 107-6 copies/mL [50]
Parameter Feces 318 mL/day [51,52]
Parameter Percentage of in.fectic?us individuals 43% 53]
shedding viruses

Parameter Wastewater Production 19,043,452,054 mL/day Measured at the target wastewater

treatment plant




Systems 2025, 13, 1093 11 of 23
Table 2. Cont.
Type Name Value for Model Validation Source
Variable Family transmission rate 4% Calibrated against the county data
Variable School transmission rate 0% School closure
Variable Workplace transmission rate 2% (weekdays); 0% (weekends) Calibrated against the county data
Variable Community transmission rate 1.1% (weekdays); 1.2% (weekends) Calibrated against the county data
o/ -
Variable Yo-travelers-across (between sewered and 5% (weekdays); 10% (weekends) Calibrated against the county data
non-sewered zones)
Variable Vaccination rate 0% No vaeeme avallfible during the
simulated time range
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Figure 5. Comparison of simulated epidemic patterns when COVID-19 initiated in different
census tracts (30 repetitions for each tract) and the real-world county epidemic pattern from
29 March 2020-15 March 2021.

Both local and global sensitivity analyses were conducted during model verification
(Appendix A). We conducted local sensitivity analysis using one-factor-at-a-time (OFAT)
tests [54,55], a widely used local sensitivity analysis approach for agent-based modeling,
and gained two insights. First, the analysis suggested that the detection timing and
cumulative COVID-19 prevalence at the predefined WBE threshold significantly varied
by tract type (i.e., mix of sewered and non-sewered, fully sewered, and fully or partially
serviced by another wastewater treatment plant; Figure A1l in Appendix B). Second, the
larger surveillance threshold, the higher disease transmission rate, the higher cross-zone
travel rate, and the percentage of infectious individuals shedding viruses showed stronger
influence on the cumulative COVID-19 prevalence for outbreaks originating in non-sewered
zones (Figure A2 in Appendix C).

Next, based on these results and our research questions, we performed a global
sensitivity analysis using a fractional factorial design [55,56] to examine the impacts and
potential interactions of the transmission rate, surveillance threshold, disease transmission
rate, and cross-zone travel rate on detection timing and cumulative COVID-19 prevalence
for the five tracts with a mix of sewered and non-sewered areas. The global sensitivity
analysis results are provided in Appendix D.

2.2. Scenarios Settings and Testing Procedure

After model validation and calibration, the WBE model was used to explore SARS-CoV-
2 spread in the early epidemic stage within the simulated county in a series of 240 scenarios
by combining the following four factors (1) theoretical basic reproduction numbers (R0),
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(2) epidemic initiated from sewered vs. non-sewered zones in five census tracts, (3) popula-
tion mobility, and (4) WBE detection sensitivity.

Basic reproduction numbers (R0O): As mentioned above, we selected the RO of 4 and
8, because they were consistent with the RO values of the Delta variant and the Omi-
cron variant, as well as represent moderate to severe transmission situations. We cal-
culated the transmission rate (TR) for the community network based on selected RO
(Equation (2)), as the network included the largest portion of the population. Once the
TR of the community network was determined, the TRs for family, school, and workplace
networks were adjusted based on the estimated daily contact duration. Specifically, we
assumed 3 h of contact duration per day in the community, 6 h at school and work, and
12 h within households. Therefore, the TRs for the school and workplace networks were
set at twice the community rate, while the TR for the family network was set at four times
the community rate. In addition, the TRs for the school and workplace networks were set
to zero on weekends, assuming no school or work occurred during those days (Table 3).

Table 3. Variable Settings in the Early Detection Scenarios.

Variable

RO=4 RO=8

Transmission Rate (Community)
Transmission Rate (Family)

2.5% (weekdays & weekend) 5% (weekdays & weekend)
10% (weekdays & weekend) 20% (weekdays & weekend)

.. 5% (weekdays), 10% (weekdays),
Transmission Rate (School) 0% (weekend) 0% (weekend)
- 5% (weekdays), 10% (weekdays),
Transmission Rate (workplace) 0% (weekend) 0% (weekend)
Effective contacts (Community) up to 13 up to 13
Effective contacts (Family) 1~6 1~6
Effective contacts (School) 10~24 10~24
Effective contacts (workplace) up to 13 up to 13
% travelers across zone 0%, 2%, 4%, 6%, 8%, 10% 0%, 2%, 4%, 6%, 8%, 10%
% travelers within zone 25% 25%
Vaccination rate 0% 0%
Quarantine rate 33% 33%
Mean of Incubation period 6days +1 6days +1
Mean of disease period 10 days & 2 10 days + 2
% of infected shedding virus 43% 43%

SARS-CoV-2 viral load per person per day

11,267,184,072 copies/day 11,267,184,072 copies/day

Viral RNA wastewater detection threshold

>10 gc/mL, >50 gc/mL >10 ge/mL, >50 gc/mL

Initiation region of outbreaks: The sewage service status varied from fully sewered to
partially sewered among the 15 census tracts in the county. Six tracts were fully sewered,
and four tracts were not served by the wastewater treatment plant where the wastewater
production data were collected. Therefore, the remaining five tracts were selected for
our testing because they include both sewered and non-sewered populations, and their
wastewater was processed by the target wastewater treatment plant. These five tracts
comprised a total of 2363 unsewered adults, representing 70% of the county’s unsewered
adult population.

Population mobility: In this study, we were interested in the epidemic patterns associated
with the rates of cross-zone travel and tested the cross-zone travel rates at 0%, 2%, 4%, 6%,
8%, and 10%. The within-zone travel rate was held constant at 25%.

Wastewater surveillance detection sensitivity: In this study, we test two thresholds of
wastewater SARS-CoV-2 detection, 10 gc/mL and 50 gc/mL, to closely match the lower
and upper bounds of typical assay sensitivity [23].

A total of 240 simulation scenarios were established based on the above factors.
Table 3 summarizes the variable value settings applied in these tests. Each scenario was run
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30 times. In each trial, one exposed agent was introduced into the target census tract at
the beginning. The model ran until seven days after the viral concentration in wastewater
reached the predefined threshold, either 10 gc/mL or 50 gc/mL. To answer our research
questions, we examined the number of days required to reach the WBE threshold, the
corresponding disease prevalence, and the progression of disease prevalence over the
subsequent week.

2.3. Data Analysis

We analyzed the data collected from a total of 7182 trials, after excluding 18 trials
in which the outbreak failed to develop. The Kolmogorov-Smirnov tests [57] on the
number of days required to reach the WBE threshold and the resulting disease prevalence
were significant (p < 0.001), suggesting that these outputs were not normally distributed.
Therefore, we performed Mann-Whitney U tests [58], a nonparametric statistical test, to
compare results across different scenarios and used rank-biserial correlation (r) [59] and
Eta squared (n?) to estimate the effect size of the tests [60].

3. Results

3.1. Impacts of WBE Detection Sensitivity, Sewage Service Status of the First SARS-CoV-2 Carrier,
and Cross-Zone Travel Rate on the Number of Days Required for the Viral Concentration in the
Aggregated Wastewater to Reach the WBE Detection Threshold

The WBE detection sensitivity threshold value significantly impacted the detection
time with a large effect size (r: 0.58-0.72). With an RO of 4, a detection threshold of
10 gc/mL resulted in SARS-CoV-2 RNA detection five days earlier for outbreaks originating
in a non-sewered zone and six days earlier for outbreaks originating in a sewered zone
than a threshold of 50 gc/mL; with an RO of 8, a threshold of 10 gc/mL resulted in
SARS-CoV-2 RNA detection three days earlier for outbreaks originating in a non-sewered
zone and four days earlier for outbreaks originating in a sewered zone than the thre-
shold of 50 gc/mL (Table 4).

Table 4. Days needed to reach the WBE threshold for outbreaks originating in sewered and non-
sewered zones under two detection thresholds and RO of 4 and 8.

Days

RO Sewer WBE Threshold = 10 gc/mL WBE Threshold = 50 gc/mL Mann-Whitney U Effect Size
Service Median (IQR) Median (IQR) z p r
Seljv‘:r‘e 4 20 (18-22) 25 (23-27) 25.499 <0.001 0.60

4
Sewered 18 (16-20) 24 (22-25) 29.942 <0.001 0.71
selv\lvoerr‘e 4 16 (14-18) 19 (18-21) 24.676 <0.001 0.58

8
Sewered 14 (13-16) 18 (17-19) 30.432 <0.001 0.72

The sewer service status of the first SARS-CoV-2 carrier also had a significant impact
on the number of days required to reach the WBE detection threshold, with effect sizes
ranging from small (r: 0.22-0.23) to medium (r: 0.32). With a WBE detection threshold
of 10 gc/mlL, it took 2 days longer for virus detection when an outbreak was initiated in
non-sewered zones than in the sewered zones for RO of 4 and 8. With a WBE detection
threshold of 50 gc/mL, it took 1 day longer for virus detection when an outbreak initiated
in non-sewered zones than in the sewered zones for both R0 of 4 and 8 (Table 4).

The detection time also decreased with increases in population cross-zone travel when
the outbreak was initiated from the non-sewered zone. Significant changes were identified
in three scenarios with a small effect size (17%: 0.014-0.018) (Figure 6). Pairwise comparisons
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revealed significant differences between the 0% and 10% cross-zone travel rates for an RO
of 4 (reduction of 1 day to detection), and between the 0% and 10% travel rates for an RO of
8 (reduction of two days). There was no significant difference in detection time when the
first SARS-CoV-2 carrier lived in a sewered zone (Figure 6).

RO: 4; RO: 8; RO: 4; RO: 8;
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Figure 6. Time to wastewater SARS-CoV-2 detection with varying levels of cross-zone travel,
virus detection threshold, and sewer service status of the initial case. For outbreaks originating in
non-sewered zones, the detection time slightly decreases along with the increase in the population
cross-zone travel rate. Significant changes are identified in three scenarios with a small effect size

(m?: 0.014-0.018). For outbreaks originating in sewered zones, no significant (ns) changes are observed
in detection time.

3.2. Impacts of the WBE Detection Sensitivity, Sewage Service Status of the First SARS-CoV-2
Carrier, and Cross-Zone Travel Rate on the COVID-19 Prevalence When the Viral Concentration in
the Pooled Wastewater Reaches the WBE Threshold

The WBE detection sensitivity significantly impacted COVID-19 prevalence when the
WBE threshold was reached (hereafter referred to as threshold prevalence), with a large
effect size (r: 0.87). With an RO of 4, the 10 gc/mL threshold resulted in a 1.03% lower
threshold prevalence for outbreaks originating in non-sewered zones than the 50 gc/mL
threshold, equivalent to 498 fewer infections, given the total population of 48,447. Similarly,
the threshold prevalence was 0.94% lower for outbreaks originating in sewered zones,
equivalent to 457 fewer infections. With an RO of 8, the 10 gc/mL threshold resulted in a
1.42% lower threshold prevalence for outbreaks originating in non-sewered zones and 1.33%
lower threshold prevalence for outbreaks originating in sewered zones, corresponding to
689 and 646 fewer infections (Table 5).

Table 5. Cumulative disease prevalence upon the WBE threshold was reached for outbreaks originat-
ing in sewered and non-sewered zones under two surveillance thresholds and RO of 4 and 8.

Cumulative Prevalence . Effect
RO Sewer Service WBE Threshold = 10 gc/mL WBE Threshold = 50 gc/mL Mann-Whitney U Size
M £ SD # of Infection M £ SD # of Infections zZ 4 r
4 Non-sewered 0.32% £ 0.10% 155 + 48 1.35% % 0.27% 653 £129 36.59 <0.001 0.87
Sewered 0.24% + 0.05% 115 +£27 1.18% £+ 0.21% 572 +100 36.712 <0.001 0.87
8 Non-sewered 0.44% + 0.14% 211 £ 69 1.86% =+ 0.41% 900 £ 197 36.697 <0.001 0.87
Sewered 0.31% =+ 0.07% 148 36 1.64% =+ 0.30% 794 + 144 36.732 <0.001 0.87

The sewer service status of the first SARS-CoV-2 carrier had a significant impact on
the threshold prevalence, with effect sizes ranging from medium (r: 0.29-0.34) to large
(r: 0.52-0.53). Under the WBE threshold of 10 gc/mL, the threshold prevalence of the
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outbreaks initiated in non-sewered zones was 0.08% higher than that for the outbreaks
initiated in sewered zones for the RO of 4 and 0.13% higher for the RO of 8, equivalent to
40 and 63 more infections. Under the WBE threshold of 50 gc/mL and with an RO of 4, the
threshold prevalence of the outbreaks initiated in non-sewered zones was 0.17% higher
than that for the outbreaks initiated in sewered zones for the RO of 4 and 0.22% higher for
the RO of 8, equivalent to 81 and 106 more infections (Table 5).

The threshold prevalence showed different trends along with the cross-zone travel
rate in different zones (Figure 7). For the outbreaks originating in non-sewered zones,
the threshold prevalence slightly decreased with increased cross-zone travel in all four
scenarios. The decrease in threshold prevalence ranged from 0.019% to 0.043%. Significant
changes were identified in two scenarios but with negligible effect sizes (n?: 0.008-0.009).
Pairwise comparisons revealed that significant differences arose when the travel rate
differed by 6% or more. For the outbreaks originating in sewered zones, the threshold
prevalence slightly increased from 0.01% to 0.036%, with increased cross-zone travel in all
four scenarios although the changes were not statistically significant.

3.3. COVID-19 Prevalence Trend over the Seven Days After the Wastewater Surveillance
Threshold Is Reached in the Simulated County

The WBE model indicates that the cumulative prevalence of COVID-19 drastically
increased a week after the WBE threshold was reached. Taking the day when the WBE
threshold was reached as Day 1, with an RO of 4, the cumulative prevalence on Day 7
(hereafter referred to as Day-7 prevalence) in the simulated county was approximately
5.3-5.9 times higher than the threshold prevalence. With an RO of 8, the Day-7 prevalence
was about 9.3-11.9 times higher than the threshold prevalence (Figure 8).
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Figure 7. For the outbreaks originating in non-sewered zones, the threshold prevalence slightly
decreases along with the increase in population cross-zone travel rate. Significant changes are
identified in two scenarios, but with a negligible size (nzz 0.008-0.009). For the outbreaks originating
in sewered zones, the threshold prevalence slightly increases along with the increase in population
cross-zone travel rate, although no significant (ns) difference is identified.
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Figure 8. COVID-19 prevalence (M =+ SD) upon reaching the WBE threshold and its progression
over the subsequent week for outbreaks initiated in sewered and non-sewered zones under two WBE
thresholds and basic reproduction numbers (R0) of 4 and 8. The relative fold increases in cumulative
prevalence from Day 1 to Day 7 (i.e., D7/D1) are also shown.

4. Discussion

This study presents the development of a sophisticated agent-based WBE model
that simulates COVID-19 transmission patterns in a region with a mixed wastewater
infrastructure. Using the model, we evaluated the effectiveness of WBE in detecting a
COVID-19 outbreak in the region when people are still mostly engaging in normal daily
activities, with a low quarantine rate and no vaccination. This work is significant as (1) no
similar model has been developed to explore the WBE of COVID-19 in an area with mixed
WBE infrastructures, and (2) the modeling results provide comprehensive insights into
how WBE detection sensitivity, sewage service status, and cross-zone community travel
influence the effectiveness of WBE.

We found that the SARS-CoV-2 wastewater detection threshold strongly influences the
timing of outbreak detection. Although it is intuitive that a more sensitive threshold leads to
an earlier detection, our WBE model provides quantitative estimates of the performance of
different detection thresholds. In our model, a threshold of 10 gc/mL results in substantially
earlier detection (i.e., 5 to 6 days earlier for RO of 4 and 3 to 4 days earlier for RO of 8), more
importantly, it identifies the outbreak while the cumulative number of infections is still
relatively low (i.e., 0.24% to 0.32% for RO of 4 and 0.31% to 0.44% for RO of 8). These results
are consistent with the work from Hart et al. [61] who reported that, assuming a threshold
of 10 gc/mL, successful detection of SARS-CoV-2 by qRT PCR in fully homogenized
wastewater requires a prevalence range from 0.00005% to 0.88%. In contrast, we observed
that a threshold of 50 gc/mL not only detects an outbreak later but also captures it when the
prevalence has reached 1.18% to 1.86% (i.e., 572 to 900 infections). This finding highlights
the importance of selecting assay technologies with superior limits of detection.

The WBE model demonstrates that the sewer service status of the first
SARS-CoV-2 carrier has a moderate influence on the outbreak detection timing in the
tested settings. Before running the model, we hypothesized that there would be a delay
in detecting the outbreaks initiated in the non-sewered zones because disease spread is
likely to first occur through the networks of the carrier’s family and their neighboring
community. This early local transmission will not be detected as the infected fecal waste
does not enter the sewage systems. The model results supported our hypotheses and
provided quantitative estimates of the delay. However, unlike the substantial changes
in time and prevalence caused by different WBE detection thresholds, we observed only
1 to 2 days delay in detecting the outbreaks originating in the non-sewer zones and a moder-
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ately higher cumulative prevalence, ranging from 0.08% to 0.22% depending on the R0 and
detection threshold. These increases are equivalent to 39 to 107 additional infections. This
result suggests the need for tailored strategies for wastewater surveillance in non-sewered
zones. Strategies that may lead to timely outbreak detection in non-sewered communities
include: (1) facility-level wastewater surveillance at locations where unsewered commu-
nity members spend time, such as local schools or regional employers/factories [62];
(2) testing of surface waters in communities where human waste enters the environ-
ment [63]; (3) use of emerging technologies to detect respiratory pathogens in the en-
vironment (e.g., air surveillance technologies) [64].

Cross-zone travel had a small effect on the time to detection and threshold prevalence
as compared to changes in RO or the wastewater testing sensitivity threshold because
changes in detection time and threshold prevalence associated with the increases in cross-
zone travel are small and often insignificant. However, we notice that the trends of
the changes in threshold prevalence persist across all four scenarios, i.e., the threshold
prevalence decreased with the increase in cross-zone travel for outbreaks initiated in non-
sewered zone and it increased with the increase in cross-zone travel for outbreaks initiated
in sewered zone (Figure 7). We may explain these trends using the WBE model rules. When
the outbreak is initiated in the sewered zone, the infected fecal waste entered the sewage at
the beginning of the outbreak. With the same RO, it takes a similar time to yield sufficient
cases who shed viruses. When the cross-zone travel rate increases, more cases are likely to
yield in non-sewered zones during the time, resulting in an increase in threshold prevalence.
In contrast, when the outbreak is initiated in the non-sewered zone, without cross-zone
travel or with only a low level of cross-zone travel, the chance of selecting the carrier on the
first day is low, resulting in a longer detection time and higher threshold prevalence. When
the cross-zone travel rate increases sufficiently, such as 8% or 10%, the unsewered carrier
has a greater chance of traveling to the sewered zone and infecting the sewered population,
resulting in earlier detection of the disease by WBE and a lower threshold prevalence. These
trends are consistent with both the empirical observations and computer-simulated results
that high population mobility and high RO are associated with fast COVID-19 diffusion in a
population [40,65,66]. The insignificant results could be because we only test the cross-zone
travel rate up to 10% or the low non-sewered population. Given that only about 10% of
the population is unsewered in the county, we kept the upper bound of the cross-zone
travel rate at 10% to avoid an unrealistically high mobility level for community activities.
In fact, the global sensitivity results indicated that the level of cross-zone travel rates tested
in this study did not substantially affect the cumulative prevalence when the detection
threshold was reached. However, the sewage service status and cross-zone travel exhibited
a combined effect on cumulative prevalence. The workplace and school social networks’
contributions to disease transmission outweigh this level of cross-zone travel. In the future,
we will test the setting with more trials, test higher cross-zone travel rates, or increase
non-sewered population to gain more conclusive results.

This WBE model enables us to study disease transmission patterns based on the
SARS-CoV-2 RNA detection threshold in the county’s wastewater treatment plant. Most
wastewater treatment plants lack the capacity to test wastewater on-site and must rely on
receiving test results from a centralized lab in a few days. We found that in an unvaccinated
population similar to the modeled county, with a low quarantine rate (33%), the disease
prevalence may increase by approximately 5- to 11-fold over a week. Notably, with an R0
of 8, which is consistent with the RO of the Omicron variant, the disease prevalence may
surge from 1.86% to 17.26% if the WBE threshold is 50 gc/mL and the outbreak is initiated
in the non-sewered zones. Therefore, improving detection sensitivity and reducing sample-
to-result turnaround time for local wastewater treatment plants and the non-sewered zone
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is critical and will contribute to early disease detection, thereby enhancing public health
responses to COVID-19 and other similar infectious diseases.

Our WBE model has strengths and limitations. The main strengths lie in the inte-
gration of an SEIR epidemic model, detailed GIS sewage information of the county and
sewage systems, and authentic data (i.e., county population demographics, population
mobility, wastewater production, and clinic viral loads in feces) from an actual county to
describe COVID-19 transmission patterns among a population of 48,447 inhabitants. We
were able to validate and calibrate the model using the real-life epidemic data from the
county. However, it is impossible to include all parameters or simulate all details of an
outbreak. Simplifications and assumptions inevitably used in the model lead to several
limitations. First, we do not include the virus degradation rate in wastewater or consider
prolonged virus presence caused by biofilms in this model, which could either overestimate
or underestimate the viral RN A concentration in wastewater. Second, we use feces as the
only shedding source. Recent studies show other shedding routes, such as saliva, sputum,
and urine, may also introduce SARS-CoV-2 RNA into wastewater [67,68]. Third, we use
a single value for a few parameters in our tests, such as the values of virus shedding rate
and quarantine rate. These simplifications were made due to limited real-world data and
computational efficiency. In the future, a Monte Carlo approach could be used. Fourth, we
assumed that agents only contributed sewage when at home; in reality, people living in
unsewered houses likely use toilets at schools, workplaces, and other sewered sites. Thus,
our model likely underestimated the viral concentration in the sewer system. Finally, our
estimates of cross-zone travel would benefit from empirical data.

Our findings highlight the importance of basic reproduction numbers, sewer service
status, community mobility patterns, and detection sensitivity when implementing WBE
detection. By leveraging these insights, public health authorities can enhance preparedness
and response strategies, ultimately improving community health outcomes. The model’s
application to mixed infrastructural settings emphasizes the challenges and opportunities
for WBE in such regions and suggests that tailored environmental surveillance strategies,
such as those mentioned above, may better meet the specific needs of sewered and non-
sewered areas, ensuring that early detection and intervention efforts are maximized. With
this WBE model, we can estimate the effects of tailored interventions, such as mask-wearing,
lockdowns, quarantines, or vaccinations. It can also be applied to investigate the epidemic
patterns of other pathogens transmitted through the waterborne or fecal-oral routes by
incorporating the relevant pathogenic matrices.
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Appendix A

Table A1l. Variable Settings for Sensitivity Analysis.

Variable Fixed Local SA Global SA
2.4%,2.5%,2.6% (weekdays & weekend)
Transmission Rate (Community) 2.5% (weekdays & weekend) 2.5%; 5%
4.8%, 5%, 5.3% (weekdays & weekend)
9.6%,10%, 10.4% (weekdays & weekend)
Transmission Rate (Family) 10% (weekdays & weekend) 5%; 20%
19.2%, 20%, 21.2% (weekdays & weekend)
4.8%,5%,5.2% (weekdays),
5% kdays), o
Transmission Rate (School) 7o (weekdays) 0% (weekend) 5%;10%
0% (weekend)
9.6%, 10%, 10.4% (weekdays & weekend)
4.8%,5%,5.2% (weekdays),
Transmission Rate (workplace) 5% (weekdays), 0% (weekend) 5%, 10%
0% (weekend)
9.6%, 10%, 10.4% (weekdays & weekend)
Min: 0%, 0.5%, 1%
% travelers across zone 10% 0%, 2%, 4%, 6%, 8%, 10%
Max: 9.5%, 10%, 10.5%
Min: 00/0, 0.50/0, 1%
% travelers within zone 25% 25%
Max: 23.75%, 25%, 26.25%
Quarantine rate 33% 31.35%, 33%, 34.65% 33%
% of infected shedding virus 43% 40.85%, 43%, 45.15% 43%
: : Lower bound: >9.5 gc/mL, 10 gc/mL, 10.5 gc/mL
Viral RNA wastewater detection >10 ge/mL >10 ge/mL; >50 g/mL
threshold Upper bound: >47.5 gc/mL, 50 gc/mL, 52.5 gc/mL
Appendix B
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Figure A1. Local sensitivity analysis on 15 tracts based on sewage service status. The detection time

and cumulative prevalence differ significantly among tracts with three different types of sewage
service status.
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Appendix C

Surveillance Threshold ,,,
Transmission Rate .,

% of infected shedding viruses
% travelers cross zones ,;,

% travelers within zone .,
% of Quarantine
Transmission Rate ;;,
Surveillance Threshold .,

% travelers cross zones ..,

% travelers within zone .,

-0.1

Unsewered m Sewered

-0.05

0

0.05

Cumulative Prevalence

0.15 0.2

Figure A2. Results of the local sensitivity analysis performed on ten parameters of the wastewater-

based epidemiological (WBE) model. The analysis quantifies the relative influence of each parameter

on cumulative prevalence across both sewered and non-sewered regions. Findings indicate that

the maximum surveillance threshold and the high transmission rate exert the greatest impact on

cumulative prevalence.

Appendix D

Table A2. Summary of the statistical effects of four factors and their interactions on detection timing

and corresponding cumulative prevalence. A check mark (v') indicates a statistically significant effect,

whereas a dash (-) denotes the absence of a statistically significant effect.

Days to Reach the Detection Threshold

Cumulative Prevalence When Threshold Is Reached

Transmission Rate (TR)

v

v

Sewage service status (SSS)

v

% travelers across zone (T-across)

Surveillance Threshold (ST)

TR x SSS

ANENENEN

NN

TR X % T-across

TR x ST

SSS x T-across

SSS x ST

ANENEN

ANENEN

T-across x ST

TR x SSS x T-across

TR x SSS x ST

SSS x T-across x ST

TR x ST x T-across

TR x SSS x T-across x ST

R squared

0.572

0.885
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