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The COVID-19 pandemic has emphasized the critical need for accurate disease modeling to inform public health
interventions. Traditional reliance on confirmed infection data is often hindered by reporting delays and under-
reporting, while antigen or antibody testing of a full cohort can be costly and impractical. Wastewater-based
surveillance offers a promising alternative by detecting viral concentrations from fecal shedding, potentially
providing a more accurate estimate of true infection prevalence. However, challenges remain in optimizing
sampling protocols, locations, and normalization strategies, particularly in accounting for environmental factors
like precipitation.

We present an integrative model that simulates the spread of serious infectious diseases by linking detailed
infection dynamics with wastewater processes through viral shedding curves. Through comprehensive simula-
tions, we examine how virus characteristics, precipitation events, measurement protocols, and normalization
strategies affect the relationship between infection dynamics and wastewater measurements. Our findings
reveal a complex relationship between disease prevalence and corresponding wastewater concentrations, with
key variability sources including upstream sampling locations, continuous rainfall, and rapid viral decay.
Notably, we find that flow rate normalization can be unreliable when rainwater infiltrates sewer systems.
Despite these challenges, our study demonstrates that wastewater-based surveillance data can serve as a leading
indicator of disease prevalence, predicting outbreak peaks before they occur. The proposed integrative model
can thus be used to optimize wastewater-based surveillance, enhancing its utility for public health monitoring.
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1. Introduction The spread of infectious diseases can be modeled using a broad
range of approaches, including statistical and machine learning mod-

The COVID-19 pandemic has highlighted the need for effective els (Siedner et al., 2020; Latsuzbaia et al., 2020; Nufez et al., 2023),

real-time monitoring and prediction of infectious disease dynamics
to support timely and informed intervention policies. In this context,
various mathematical modeling studies have been conducted to assess
vaccine distribution strategies (Castonguay et al., 2023; Gudina et al.,
2024) or non-pharmaceutical interventions like telework suggestions,
prohibitions of private gatherings of certain sizes, contact tracing, or
partial lock-downs (Chae et al.,, 2023; Abernethy and Glass, 2022;
Oraby et al., 2021; Endo et al., 2021).
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compartmental and meta-population models (Contento et al., 2023;
Castonguay et al., 2023; Zunker et al., 2024), agent-based models (Chae
et al., 2023; Lorch et al., 2022; Kerr et al., 2021; Hinch et al., 2021),
and hybrid approaches (Hunter et al., 2020; Bicker et al., 2025).
Among these approaches, agent-based models (ABMs) allow for the
most detailed description of disease dynamics and can provide insight
into the causal mechanisms underlying observed outcomes (Tracy et al.,
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2018). ABMs simulate the spread of infectious diseases on an individual
level, thereby facilitating the incorporation of comprehensive infor-
mation about localization, interaction, and behavior. The models are
intrinsically stochastic and are often based on discrete- or continuous-
time Markov processes. While ABMs have clear advantages over other
infectious disease modeling methods, their advancement remains an
active field of research, with a key challenge being the choice of
appropriate model parameters.

The predictive power of models for the spread of infectious diseases
depends on the quality of the data available to inform the model
parameters. The number of confirmed infections is the most common
data source. However, confirmed infections are affected by reporting
delays (Larremore et al., 2021) and subject to under-reporting (Lau
et al., 2021; Merkt et al., 2024), limiting the reliability of the result-
ing models (Raimtndez et al., 2021). Meanwhile, the use of antigen
or antibody tests to study large, representative population cohorts is
resource intensive even when single tests are cheap, and such cohorts
may still be subject to sampling bias (Millard et al., 2023; Howe et al.,
2013). Wastewater-based surveillance presents a promising solution
to these issues by capturing viral concentrations from all infected
individuals within a catchment area, including those who are asymp-
tomatic or undetected by traditional individual testing methods. Via
detection of viral RNA in sewage, outbreaks can be identified before
clinical cases are reported. This capability was demonstrated dur-
ing the COVID-19 pandemic, when several national wastewater-based
surveillance programs were established, e.g. the AMELAG project in
Germany (Fachgebiet 32, Robert Koch-Institut, 2024). Wastewater-
based surveillance is also applicable to a variety of other diseases
detectable in sewage, including poliovirus, hepatitis, norovirus, and
influenza (Kilaru et al., 2023), as well as to the monitoring of an-
timicrobial resistance (Chau et al., 2022), with some studies dating
back several decades (Ranta et al., 2001). Integrating wastewater data
with traditional infectious disease models holds promise for improving
prediction accuracy and has been attempted in several studies (Cham-
predon et al., 2024; Nourbakhsh et al., 2022). Yet, infectious disease
monitoring based on wastewater-based surveillance data still presents
several significant challenges and various sources of uncertainty (Wade
et al., 2022): The choice of the sampling location can yield different
viral concentrations due to the interplay of population density, human
mobility patterns, and sewer infrastructure. The impact of in-network
viral degradation and variations in flow-time on wastewater mea-
surements is not well understood. Environmental conditions such as
rainfall can also impact measurements due to sample dilution, while the
effectiveness of established normalization strategies remains unclear.

These challenges associated with wastewater-based surveillance
data can in principle be addressed using comprehensive computational
models that provide in-depth descriptions of the spread of infectious
diseases as well as wastewater dynamics. Yet, to the best of our
knowledge, most published studies use relatively simple approaches.
For example, Wu et al. (2020) calculated a rough estimate of SARS-
CoV-2 prevalence upstream of a wastewater treatment facility using
the normalized viral load measured in twelve wastewater samples
and assumptions about the sewer system flow volume, stool sizes,
and average viral concentration in stool among infected persons. The
authors concluded that prevalence in their population of interest was
much higher than the confirmed case count, even under conservative
assumptions. However, they also noted that their estimate was subject
to considerable uncertainty, as they did not account for the timeline
of viral shedding or the loss of viral copies along sewer lines, among
other factors. Hart and Halden (2020) used a simplified hydrodynamic
model of a city sewer network to estimate SARS-CoV-2 detectability
in wastewater under different temperature-driven decay scenarios.
This study highlighted the importance of appropriately accounting
for viral decay when analyzing wastewater data, but the authors
assumed exclusively dry weather conditions and their consideration
of the relationship between SARS-CoV-2 prevalence and viral load

Epidemics 51 (2025) 100836

entering the sewer system was limited; accounting for variations in
viral shedding across individuals and over time was out of the study’s
scope. Wang et al. (2020) conducted a simulation study of typhoid
pathogen shedding and transport through a synthetic sewer system
inspired by that of Kolkata, India; they concluded that optimal sampling
site placement depends on pathogen decay rates, assay sensitivity,
disease incidence, and spatial clustering of shedding persons. However,
this study did not account for the effects of rainfall or human mobility,
instead assuming that each case shed into a single location for their
entire infection period. Peccia et al. (2020) used a distributed lag time
series model to conclude that wastewater-based surveillance data led
positive COVID-19 tests and hospital admissions by several days in
one urban U.S. community. This approach highlighted the potential
of wastewater data to provide early warnings of outbreaks, but relied
on the assumption that the observed wastewater measurements pro-
vided an unbiased estimate of the true viral concentration trajectory.
Finally, Nourbakhsh et al. (2022) coupled an SEIR-type compartment
model of SARS-CoV-2 transmission with a simple advection—dispersion-
decay model of virus concentration dynamics in a sewer system to
estimate cumulative incidence in several cities based on empirical
wastewater measurements and reported case data. However, because
of a limited sewer system model and the use of an ordinary differential
equation-based compartment model, the model was not well adapted
for scenarios such as small communities or low-prevalence settings.
To the best of our knowledge, no existing study on wastewater-based
infectious disease monitoring uses advanced methods from the well-
established field of sewage network modeling (Schiitze et al., 2002).
This is problematic as wastewater dynamics in sewage networks are
highly complex and require sophisticated modeling tools for the pre-
diction of pollutant load (Bach et al., 2014). Accordingly, advances
beyond existing approaches to jointly model infection and wastewater
dynamics could significantly enhance our understanding of disease
spread and lead to more effective public health interventions.

Our work contributes to the field of infectious disease modeling by
integrating an ABM for infection dynamics, a model of viral shedding,
and a detailed hydrodynamic model of sewage flow and viral load.
Through simulation studies for a respiratory virus (Section 3.1), we
investigate the effects of measurement protocols (Sections 3.3 and
3.4), precipitation events (Section 3.5), viral decay (Section 3.6), and
normalization strategies (Section 3.7) on the relationship between in-
fection dynamics and wastewater measurements. The controlled setting
of our simulation study enables an in-depth model-based analysis and
practical recommendations for real-world wastewater-based surveil-
lance, and our model furthermore provides a basis for coherent data
integration. Our findings advance the development of detailed integra-
tive models informed by data, enhancing the accuracy and reliability
of infectious disease monitoring and prediction.

2. Mathematical model

To study wastewater-based surveillance data, we combine state-of-
the-art models for the spread of infectious diseases and wastewater
dynamics (Fig. 1). The link is established using a viral shedding model.
All models are dynamic and executed on the same time axis, such
that a coupling with comparisons of outputs is possible. The combined
model’s modular structure makes it feasible to update or replace indi-
vidual component models to suit different use cases without disrupting
the overall framework. In this section, we outline the mathematical
formulations of the individual models and their simulation algorithms,
as well as their integration.

2.1. Overview

Our proposed overall integrative model consists of the following
three linked models:
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Fig. 1. Visualization of the Integrative Model. The infection dynamics model simulates the movement of agents as well as transmission and disease progression events. Based
on the outputs of the infection dynamics model, RNA is shed at specific locations and time points into the sewer system according to the shedding model. This information is
propagated to the wastewater dynamics model, which simulates the concentration measurements in wastewater over time and by location. Among other elements, the wastewater
dynamics model can account for precipitation events, sampling protocols, viral load dynamics, and RNA degradation. This figure only depicts a simplified neighborhood with two
types of locations (homes and a hospital), while the integrative model used for this study allows for various types of agent movements (Section 2.2.1).

The infection dynamics model describes the time-dependent loca-
tion and infection state of individual persons, hereafter also referred
to as agents. The infection state of agents can change due to events
such as virus transmission, worsening of symptoms, or recovery. The
likelihood of an agent infecting others is determined by its viral load,
which varies throughout its infection course, and the length of contact.

The shedding model describes the release of virus and viral frag-
ments from infected individuals into their surroundings. It is used in the
infection dynamics model to determine the transmission probability as
well as to describe the release through urine and stool. The shedding
curve is assumed to be dependent on the individual’s viral load, which
is time-dependent and initially increases before declining as the host’s
immune response takes effect. The shedding model uses the infection
state of agents and their time since transmission, which are provided
by the infection dynamics model.

The wastewater dynamics model describes the transport and
degradation of viral RNA within the sewage network. Using the viral
shedding input from the shedding model and the agents’ locations
from the infection dynamics model, this model calculates the RNA
concentrations at various points in the network, accounting for factors
such as viral decay, flow rates, and the architecture of the sewer
system. The output of this model is the RNA concentration at different
sampling points, which provides a comprehensive picture of the data
to be expected from wastewater-based surveillance.

In the current model, the wastewater does not influence the infec-
tion dynamics; accordingly, the integrative model possesses a hierar-
chical structure. In the following, we discuss the individual models in
more detail.

2.2. Modeling infection dynamics

In this study, we use an ABM implemented in the C++-based
software framework MEmilio (Kiihn et al., 2023) to simulate disease

states and mobility patterns at the agent level, providing a fine-grained
view of disease dynamics. The mobility processes (Section 2.2.1) use
an hourly timescale while the disease progression and transmission pro-
cesses (Section 2.2.2 and Section 2.2.3) use a daily timescale. Through-
out the following sections, we use 7 to denote time in hours and ¢ to
denote time in days.

The properties of an agent « are defined via an m-tuple (ay, ..., q,,) €
Q with m different attributes q;, i = 1, ..., m. The attributes can be static
— meaning that they do not change over the course of the simulation —
or dynamic. The static attributes are:

- An agent’s age group A@ € {1,...,n,}, with n, denoting the total
number of age groups.

* An agent’s set of locations £@ = {I;}; xw, with /; denoting a
particular location and K® c {1,...,n;} defining the subset of
the indices of all locations that the agent can potentially move to
during a simulation. n; denotes the total number of locations in
the global location graph.

The dynamic attributes are:

+ An agent’s current location /@ € £®.

+ An agent’s current infection state s € S, with S denoting a set
of infection states.

+ An agent’s time since virus exposure #® in hours, which is set to
NaN if the agent has not been infected.

The simulation of the ABM provides information about the agent’s
trajectory in space and its infection state. In the following, we present
additional details on the ABM, providing the basis for the simulation
of mobility (Algorithm 1) and the full population dynamics (Algorithm
2).
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Algorithm 1: ABM Mobility.

1 Input: Agent «, time point ,, agent’s location /(7))

2 Output: Agent’s location /(7 )

3 Set lyeyw = ID@,)

4 Forall mobility rules m; € M

5 If mi(a,i}) # T pew)

Get location / € £@ such that T(/) =T, t([';)

If capacity(/) not reached
Inew =1
return /

© ®© N o

new

2.2.1. Mobility model

The ABM models mobility using a location graph with locations
ly,...,1,,, which each have a type T € 7. For this study, 7 contains
the location types Home, School, Work, Recreation, Shop, Hospital, and
Intensive Care Unit (ICU). There can be multiple locations of the same
type. In addition to the type, a location can also have a user-defined
capacity specifying the maximum number of agents that can enter the
location and/or a user-defined maximum number of contacts an agent
can have at the location. Every agent « has a set of locations £® =
{l;} ek assigned to it, meaning that it is restricted to a subgraph of the
global location graph (see Supplementary Figure Sla). We denote the
current location of an agent « at a given time point 7 € [7,, 7,1, With
7 given in hours, as I‘¥(f) € £@. Movements, i.e. location transitions,
are modeled by an ordered set of mobility rules M = {m,, ... ,m,,M}
that have probabilistic components, which cause stochasticity between
simulations. These mobility rules include daily regular behavior like go-
ing to work or school on weekdays, irregular behavior like occasionally
attending a social event, and behavior related to the infection state of
an agent, e.g. going to hospital when having severe symptoms. For Q2
containing all potential states of any agent and [7y,7,,,] denoting the
simulation period, a mobility rule m; : £ X [fy,Ipac] — 7 is given by
wp e T, if 60, a) 5T&m [Ta@@)] X, =1 W

T@@), else

m;

with T(I) € 7 denoting the type of location /, X; € {0,1} denoting a
Bernoulli distributed random variable with probability p;, which has a
different value for every mobility rule, and 6, [-] denoting binary-valued
functions defined as

5 a)y — (@)
o [raen] = § b T = T @
from 0, else.

Furthermore, Tf(r[gm,Tt? € T are location types and 6)(f,a) are
binary-valued functions controlling when transitions from T f(rl ())m to Tt((;)
happen for agent a. The definitions for §)(7,«) and the values of p;
are provided in Appendix A for each mobility rule. The location /® of
agent « at time point 7 is given by an initial location at 7, and then

by Algorithm 1, which is evaluated at discrete time points 7, ..., .y
given a time step A7 and 7, = f; + Af.

2.2.2. Disease progression

An agent a has a time-dependent infection state s(®(r), with ¢ in
days, from a set of infection states S. The infection states used for
this study are Susceptible (S), Exposed (E), Non-symptomatically Infected
(Ing), Symptomatically Infected (1), Severely Infected (Ig), Critically
Infected (1), Recovered (R), and Dead (D). Infection state I, consists
of infectious pre- and asymptomatic agents, while infection state I,
consists of agents requiring hospital treatment and I.; consists of
agents requiring ICU treatment. We call an agent infected if it has
infection state s9(1) € {E, Ing: Iy, Iseys Iri} and formerly infected if
s@(1) € {R, D}. Transitions between infection states are stochastic and
possible either through virus transmission (S — E) (see Section 2.2.3)
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or disease progression (E — I, I, — I,,,I,, — {R,D}) (see Supple-
mentary Figure S1b). For a (formerly) infected agent «, the course of
infection is defined as 7@ = {(t(l"),s(la)), ,(t;“),s(h”))} containing the

(@) (@)
1 ,...,tha

tion state and the corresponding infection states s

at which the agent changes or changed its infec-
(@ ,sil"). Hence, t(l”)

1Sy,
is the time point at which the agent is exposed and IEZ,) the time point
at which the agent recovers or dies, i.e. sp, € {R, D}. The intermediate
time values t<2"), ,t;“)_l are the time points at which an agent changes
to one of the infectious states of the agent’s individual course. The
length A, of the course of infection differs between non-symptomatic
and (severe or critical) symptomatic courses and is therefore agent-
dependent. The stay times in infection states E, ..., I ,; are log-normally
distributed and the transitions £ - I,,I, - I.,I,, — {R,D}
between all infection states, apart from virus transmission (S — E),
are Bernoulli distributed. See Supplementary Table S1 for the values of
all disease progression-related parameters used in the Results section.
These parameter values are motivated by wild-type COVID-19 and
based on Kiihn et al. (2021), Kerr et al. (2021), and Kerkmann et al.

(2024).

time points ¢

2.2.3. Disease transmission

Infected agents can transmit the virus to susceptible agents if they
are at the same location. For a susceptible agent in location /, the
waiting time until transmission is exponentially distributed with rate
A,(t). Assuming that agents change their locations only at discrete time
points, fg, ..., 1.y, the number of agents at a location is constant in
[tstis1) and A (¢) is given by

A=Y A1), 3)
a€l

for t € [t;;1;,1) given in days. We use the casual notation a« € I to
iterate over the infected agents at location / in the interval [7;;¢; ).
The agent-dependent rate A,(r) is given by the infectiousness curve
described in Section 2.3, Eq. (8). The location-specific infection rate (3)
builds on the assumption of homogeneous mixing within the location.
If the waiting time until transmission is longer than the time until the
susceptible agent leaves location /, no transmission occurs. Hence, for
a fixed time step At = 1, | —t, given in days, the probability that a
susceptible agent at location / gets exposed is

Tk+1
_ e—At [,k A](t)dt.

1 ()]

2.3. Modeling viral load, infectiousness, and shedding

The viral load of individual patients determines their infectious-
ness and shedding. Here, we model viral shedding using established
models (Jones et al., 2021; Kerkmann et al., 2024) that account for
the temporal variability of shedding, which has been shown to be
highly relevant to wastewater-based epidemiology (Hoffmann and Als-
ing, 2023). The viral load for an agent a in RNA copies per nasopha-
ryngeal swab sample on the log,, scale at a given time ¢ in days (see
Supplementary Figure S2a) is defined as

Sy

Umax .
“(t—tg), ifrelte.t, |
Tp+7 Ins v
v, (1) = ‘max . 5)
« Umax + S ; (-t ) ifted, trmpl
R/D ™ Lo
0, otherwise
with g, #, ., and tg,, denoting the time points in days of virus

exposure, maximal viral load, and recovery or death, respectively.
Thus, we assume that viral shedding begins increasing from 0 copies
per swab at the time of exposure and that it reaches O copies per swab
again at the time of recovery or death. Furthermore, 75 and 7; denote



N. Schmid et al.

Algorithm 2: ABM Simulation.

1 Input: Start time ¢, end time 7_,,, time step At, parameters as
described above

2 Initialize locations

3 Create desired number of locations for every type

4 Set capacity and maximum number of contacts

s Initialize agents

6  Set age group

7 Assign locations and set initial location

8  Set initial infection state and sample course of infection for
initially infected

9 Sett=t,
10 While ¢ <7,
1 Forall agents «
12 If 5@ =5
13 Calculate A (1)
14 Draw waiting time v ~ Exp(A;« (t + %))
15 If v < At
16 Sample course of infection 7(®
17 Else continue
18 Forall mobility rules m;
19 If T(®) # my(a, 24‘%‘5 1)
20 Get location /,,,, € £ such that

new

h
T o) = my(@, 24%;5 -1

21 If capacity(/,,,,) not reached
22 I®=7.

23 break

24 t=1t+A4t

the times in days spent in the Exposed and Non-Symptomatically Infected
states, respectively, and v}),, denotes the peak viral load in log;, RNA
copies per swab for symptomatic infections. The time points are agent
specific, with 1 = t(l") <t Sirp = t;:’;). As the infection state
trajectories are sampled at the time point of exposure, tg , is readily
available.

We assume that symptomatically infected agents reach the peak
viral load the moment they show symptoms, while agents not showing
symptoms reach the peak in the middle of their infection period. Fur-
thermore, we assume agents that share the same duration g +7; _ also
share the same linear increase until 7, . This yields for the variables

t, and v
max

; _ IE+TE+TIHS,
o =
e tg+05-(tgp —tg). else.

max*

if Iy e {s(l'x), ,sila)}

Op s if I, € (s, ...,s)
o y 1 hy
Umax = Um‘dX
(ty,, —1tp), else

g+ 7 s
Following the observation of Jones et al. (2021), we model the
shape of an agent a’s shedding by a sigmoid function of their viral load,
ie.,
1

= 6
&) L+exp (—(a+b-v,(1)) ©)

with shape parameters a,b > 0. As in Jones et al. (2021), since there
is no information about when shedding starts after exposure, we make
the assumption that shedding is zero or close to it as long as the agent
is still in the Exposed state. Therefore we introduce a time shift of
Tehitt = 0.6+ 7. Thus, the scaled and shifted shedding curve for an agent
«a is given by:

K, - Cot = Topier),  if 1 € [1 + Tonige. Tr/p]
Yo = .
0, otherwise

7
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where «, is a scaling factor that translates {,(f — 7g,) into an RNA
shedding rate. The RNA shedding into the sewage network is the
number of RNA copies shed in total per day and has to be normalized
by the water flushed into the wastewater system to receive a unit of
copies per liter.

Similarly, the corresponding unitless infectiousness curve for agent
« at time point ¢ (see Supplementary Figure S2b) is given by

a =K Calt — Tenige),  if 1 € [t + Tepige. R/ ]
“ 0, otherwise

(8

with «, translating ¢,(r — 74;) into a transmission rate (see Sec-
tion 2.2.3). See Supplementary Table S2 for the value of all shedding-
related parameters used in the Results section. For all parameters
except «;, wild-type COVID-19-like values were chosen based on Jones
et al. (2021), Kerkmann et al. (2024); the value of x; was chosen
to ensure that all simulated outbreaks had a defined peak and that
proportional prevalence stayed below 5%.

2.4. Modeling the sewage system and its hydrodynamics

We use a comprehensive model of a wastewater network to simulate
the sewage flow and reactive transport of dissolved chemical substances
in wastewater while avoiding oversimplifications that could lead to
incorrect interpretations of wastewater measurements. In this model,
a sewer system is represented as a directed acyclic graph defined by
n edges & = {e,...,e,} and m nodes N' = {n,...,n,}. The edges
represent sewage pipes and the nodes represent junctions as well as
entry and exit points. Edges and nodes are characterized by several
parameters, including total volume and height. The state of the system
is the amount of water contained in the edges and nodes, its flow
rate, and the concentrations of the relevant substances. The simulation
of water inflow to the system is based on two phenomena: hydraulic
surface runoff during precipitation events and water usage of industry
and citizens.

At their core, the hydrodynamic calculations are based on the
Saint-Venant Equation (Hodges, 2019). The equation assumes one-
dimensional flows in open channels and mass and momentum conser-
vation, which yields
l@.kg@_{_iq_{_% LM= A (9)
got gox g-A ox 4-R 2g

with flow velocity v in ?, time ¢ in s, gravitational acceleration g in

sﬂl’ vertical position along the pipe x in m, cross-sectional flow area A
in m?, lateral inflow corresponding to the precipitation of a specified
2
time interval ¢ in '"T, water levels i in m, pipe friction coefficient A
(unitless) and hydraulic radius R in m (i.e. P S—
. . . . Circumference’ .

Replacing the differential operators with differential quotients for

specified time points #; <, and locations x| < x, yields

ov v(ty, x) — v(t}, x)
9,2 el

, 10
ot t) — 1 10
w v(t,xz)—v(t,xl)’ an
0x Xy — X
oh | hitxp) = it x)) a2
ox Xy — X|

fort € [t},1,] and x € [x,, x,]. By interpreting Ax = x, —x, as the length
of an edge of the wastewater network, Eq. (9) after rearrangement
becomes a quadratic equation of the form

av(t, x)* + bu(t,x) + ¢ =0, 13)
where
a = sign(v(t x))-i
= St 07T R

u(t,x,) —v(t,x
1 +( 2) — U( 1)+g

b=
=1 Ax A

and
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vty,x)  h(t,x;) — h(,x;)
=- + g .
=1 Ax
The quadratic equation has two complex solutions, where the flow
velocity v is equal to the real part of those solutions:

Vb? —4ac

2a '

Using this solution and the boundary conditions v(,x,), v(t,x,),
h(t,x,), and A(t, x,), as well as the initial condition v(,, x), a solution of
the flow velocity can be calculated for arbitrary time points and edges
of the network system. The state of the nodes of the system define the
boundary and initial conditions. Based on the solutions from Eq. (9) for
edges connected to a node, the in- and outflow to the node is given for
each edge. At the center of the node, the sum of in- and outflow equals
zero (mass conservation). Based on this assumption, the flow rates and
heights at the edge borders can be calculated.

While Ax can be defined based on the length of an edge, At =
t, — ¢, has to be chosen carefully. A too large value of Ar will yield
inaccurate numerical solutions, while a too small value will yield
unnecessarily high computation times. A complex solution of Eq. (13)
with an imaginary component larger than zero indicates the transition
to an oscillatory state. To ensure a meaningful numerical solution, At is
chosen to be smaller than the corresponding oscillation period. Further
considerations like the maximum total change of volume provide an
equation to set Ar for each iteration of the numerical solution scheme,
such that stable solutions of v are ensured even for extreme hydraulic
scenarios. By combining Eq. (13) with the known physical principles
of energy loss along a pipe (using the Prandtl-Colebrook equation) and
energy loss due to inelastic collisions in manhole structures (using the
Borda-Carnot equation), the simulation precision is further refined.

Based on the calculated flow velocities and other time-varying edge
state variables, the substance concentration per location and time point
can be calculated. Viral loads generated by agents of the ABM enter the
sewer system as concentrations in the respective amount of domestic
wastewater generated for every time step of the model simulation, at
the location the agent currently occupies. Viral fragments are then
transported through the system according to the pre-calculated flow
rates, potentially taking chemical reactions in the form of viral decay
into account. The outputs of the hydraulic simulation are time- and
location-dependent concentration curves. The time step for the viral
load calculation is chosen prior to the calculations and a suitable value
depends on the specifics of the viral decay dynamics, where faster
changing dynamics suggest choosing a smaller time step.

After defining the wastewater network, its connected surfaces and
corresponding runoffs, as well as substance characteristics, the simula-
tion proceeds in two steps (see Supplementary Figure S3). First, the
flow velocities and volumes are calculated with a numerical solver.
Second, the viral load over time is simulated.

For the numerical simulation, we use the urban water management
modeling and simulation environment ++SYSTEMS, developed by the
company tandler.com GmbH. Utilizing the mathematical principles
described above, ++SYSTEMS with its backend and calculation kernel
DYNA forms a fully dynamic, geospatial modeling and management
software for waste- and rainwater (individually or combined) sewer sys-
tems. Details on the implementation are available in the ++SYSTEMS
documentation (tandler.com GmbH, 2024).

v(t,x) =RE| —=b+ a4

3. Results
3.1. Demonstrator setup

To address open questions and challenges related to the interpreta-
tion of wastewater-based surveillance data, we performed a simulation
study, which allows us to evaluate counterfactual scenarios without
missing data or data uncertainty. To this end, we developed a syn-
thetic, yet realistic model of a city neighborhood and corresponding
sewer system (Fig. 2); we then traced infectious disease outbreaks
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in this controlled setting using our sequence of three linked models,
from the MEmilio-based infection dynamics model to the shedding
model to the ++SYSTEMS-based wastewater dynamics model. The
synthetic neighborhood used in our study contains residential, recre-
ational, university, mixed shopping and business, and mixed residential
and industry surface areas. The residential and residential/industry
surface areas together contain between 400 and 450 ABM Home loca-
tions; the recreational surface areas contain 12 ABM Recreation loca-
tions; the university, shopping/business, and residential/industry areas
together contain between 20 and 30 ABM Work locations; and the
shopping/business areas also contain between 10 and 20 ABM Shop
locations as well as one School, one Hospital, and one ICU ABM location.
This neighborhood is populated by between 840 and 910 agents, with
the exact population size determined stochastically at the start of each
simulation; the agents’ simulated movements, both on weekdays and
weekends, remain completely inside the model. The model’s synthetic
sewer system was designed such that realistic sewer conditions are
maintained during all simulation scenarios: No sanitary sewer overflow
occurs, all pipes are at a maximum of 90% of their hydraulic capacity,
and gravity flow is realized throughout the whole system. At any given
moment, wastewater flow into the sewer system from a particular
surface area is proportional to the number of agents currently located
there.

Following the official reporting standards for COVID-19 cases in
Germany, we considered n, = 6 age groups: 1 - small children,
2 - school-age children, 3 - younger working-age adults, 4 - older
working-age adults, 5 - younger retirement-age adults, and 6 - older
retirement-age adults. Households — i.e. groups of agents that share
their assigned Home location — were created for each residential area
based on its total number of agents. We considered 1- to 5-person
households which each had at least one member of the adult age
groups A € {3,4,5,6}. The household distribution was motivated by
household composition data averaged across Germany as measured by
the German microcensus 2019 (Statistisches Bundesamt, 2024). Each
agent was assigned non-Home locations it could potentially move to
during a simulation: Every agent was assigned a location of type Shop,
Recreation, Hospital, and ICU, while a School location was only assigned
to agents in age group 2 and a Work location only to agents in age
groups 3 and 4. A location of a given type was chosen for an agent from
a uniform distribution of all locations of that type. For all locations, the
capacity and maximum number of contacts were set high enough to
ensure that agents were never turned away from one of their assigned
locations because it was too full and that agents could always contact
anyone with whom they were co-located. Finally, the initial infection
states were allotted to agents by independent and identical sampling
from the initial infection state distribution (0.2% E, 0.5% I,,;, 0.29%
Iy, and 0.01% I, ), i.e. on average, 1% of the modeled agents were
initially infected. All agents began each simulation at their assigned
Home location.

The integrative model contains various parameters describing char-
acteristics of the virus, which allows for the modeling of a broad
spectrum of communicable respiratory or, in particular, COVID-19-
like diseases. The ++SYSTEMS files defining the exact shape of the
sewage system, area characteristics, etc. are provided as supplementary
material for each experiment and in the subsequent sections we only
mention settings that differ between the experiments. An overview of
all ABM parameters as well as the experiment-specific parameters is
provided in Appendix C.

Since most cluster systems are based on Linux, we facilitate our
model using Ubuntu. ++SYSTEMS is a Windows program, hence, we
created a headless virtual machine, which can be started and navigated
through via a command line interface. Running 250 ABM simulations
parallelized across 8 cores took about 1.5 h, while running 250 corre-
sponding ++SYSTEMS simulations using the same setup took between
about 12.5 and 16.5 h, depending on the rain and viral decay scenario
(CPU specifics: AMD Ryzen 9 5900HX). The flow of information be-
tween model components via input and output files is illustrated in
Supplementary Figure S4.
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Fig. 2. Demonstrator Neighborhood. The synthetic neighborhood on which we base our simulation study constitutes areas of different types. All wastewater inflow into the
sewer system comes from the shaded surface areas. Surface areas depicted as flush against a particular pipe contribute wastewater laterally into that pipe. Flow rates and substance

concentrations are simulated for 16 different measurement stations.

3.2. Non-trivial relation of prevalence in catchment area and measurement
concentrations

For a first assessment of the process dynamics, we considered the
total number of upstream agents, the number of upstream infected
agents, and the upstream RNA influx for a single measurement station
for an outbreak scenario (Fig. 3). The chosen measurement station,
Station 3, is downstream of residential areas, so the number of agents in
its catchment area — and, by extension, the wastewater inflow — changes
over the course of a day and from weekdays to weekends (Fig. 3a).
For example, there are large drops in the number of upstream agents
during daytime hours on each weekday due to work- and school-age
agents leaving their homes, with smaller drops on weekends due to
visits to shops or recreational events. Since the subset of agents who are
infected may also leave their homes for work, school, or recreation (Fig.
3b), agent mobility results in substantial changes to the upstream RNA
influx over time (Fig. 3c). The measurable virus levels at a particular
station are a function of both the RNA influx and the sewage volume
— which, as noted previously, depends on the total number of agents
in the catchment area. Thus, the upstream RNA influx divided by the
number of upstream agents (Fig. 3d) closely mirrors the measurable
virus levels at Station 3 (Fig. 3e) — although the two trajectories are
not exactly the same since both the RNA and wastewater must travel
through the sewer system to reach the measurement station. Since
agents e.g. return from their places of work or study at slightly different
time points, the virus levels can show large deviations from an average
value for only a few simulation minutes. Overall, the model highlights
the impact of mobility on wastewater-based surveillance results.

3.3. Characteristics of catchment area influence wastewater measurement
dynamics

Establishing a monitoring system for wastewater is time- and effort-
consuming. Legal permits for measurements and access to the locations
have to be organized, the sampling stations have to be set up, and
the samples have to be collected and transported to laboratories for
further analysis on a regular basis. Hence, it is not surprising that even
established monitoring networks have limited sampling locations and
time schedules, often reporting 1-3 values per week and neighborhood
or city. This renders the optimal placement of sampling locations
and the selection of appropriate sampling strategies critical. Here, we
investigated the impact of the choice of sampling location using our
fine-grained integrative model, as a corresponding real-world study
would be infeasible.

We considered 16 possible sampling locations in the synthetic
neighborhood. These sampling locations correspond to catchment areas
with a broad spectrum of different properties: First, the corresponding
catchment areas of the sampling stations differ with respect to their
area types, i.e. primarily include residential areas (stations 1, 2, 3, 4,
9, 10), recreational areas (station 6), shopping/business areas (station
11), or mixed areas. Second, the catchment areas differ with respect to
their sizes. Further upstream locations (particularly stations 1, 2, 3, 9,
10, and 13) summarize the dynamics of a smaller catchment area than
downstream locations (particularly stations 7, 8, 12, 14, and 16). In this
neighborhood, sewer flow times to the furthest downstream stations are
at most around 90 min. Supplementary Table S5 provides an overview
of the upstream area types, catchment area population sizes, and sewer
flow times for each station.

To assess the information content of the wastewater-based surveil-
lance data, we conducted a comprehensive simulation study. A total
of 250 simulations of the proposed integrative model were used to
account for the inherent stochasticity of infection processes; see Sup-
plementary Figure S5 for a visualization of the prevalence over the
14-day simulation time frame. We began by assuming no viral decay
and no effects of precipitation on the sewer system, and unless stated
otherwise, all following results assume a 3 min temporal model resolu-
tion. Assessment of the simulation results shows that sampling locations
downstream of residential areas (e.g. station 1, Fig. 4a) provide re-
producible daily and weekly trends in the measured virus levels. For
example, each week there is a dip in viral levels during the daytime
on weekdays but not on weekends, since agents — including infected
agents — leave their homes upstream of station 1 to go to work or school
elsewhere in the neighborhood during standard working hours. In con-
trast, sampling locations downstream of regions containing recreational
areas (e.g. station 6 & 11, Fig. 4b & d) show more variability between
simulations. Sampling stations near the endpoint of the network, which
have large catchment areas (e.g. station 16, Fig. 4c) and would in
practice fall closer to a wastewater treatment plant, yield smoother
curves with no or less extreme daily and weekly trends.

To evaluate how representative the viral load in the wastewater is
at the different sampling locations, we computed the temporal cross-
correlations between the RNA copies per liter in wastewater samples
and (i) the true viral shedding into the wastewater (Fig. 5al) and (ii)
the true overall prevalence (Fig. 5a2). We found the highest cross-
correlation values are reached for the stations with larger catchment
areas, in particular stations 7, 8, 12, 14, and 16; see Supplemen-
tary Table S5 for a full list of cross-correlation values by station. The
correlation coefficient is as high as 0.90 for the amount of virus shed
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(Fig. 5b1) and 0.56 for the true prevalence (Fig. 5b2). These correlation
coefficients are surprisingly high given the variability between the
(stochastic) simulation runs. Indeed, if the initial infections were not
distributed randomly in space across the neighborhood, the pattern
would be more pronounced and large catchment areas would be even
more beneficial (results not shown). If wastewater measurements from
a particular sampling station are compared to the infection prevalence
only in surface areas upstream of that sampling station instead of the
total prevalence, then for upstream stations, correlations are highest
when the prevalence is shifted by a multiple of 24 h, due to the
previously discussed daily patterns in agent mobility (Supplementary
Figure S6). This effect becomes less pronounced the further down-
stream a sampling station is located. Correlations between wastewater
measurements and the number of incident infections were generally
negligible (Supplementary Figure S7).

The integrative model also shows that the temporal cross-correlation
is generally higher when a negative time lag is applied to the (true)
prevalence - i.e., when the prevalence is shifted earlier in time relative
to the wastewater virus concentrations. A sensitivity analysis shows
that these results are generally robust to reasonable changes to the
shedding model parameters (Supplementary Figure S9 and Figure S10).
Since a high virus concentration in the wastewater indicates that the
level of infectiousness across the population is also high and that a
wave of new infections will therefore likely soon follow, the virus level
at sampling stations with large catchment areas was most predictive
for the prevalence 10 to 40 h later. This time lag likely depends on
the incubation time of the virus and its replication rate in the human
body. As the reported prevalence is delayed compared to the true one,
the time shift observed in practice will be even larger (Fig. 5¢). Overall,
our results suggest that in the absence of complicating factors such as
viral decay — the impact of which would be limited in this particular
sewer due to the relatively short travel times — choosing a wastewater
sampling location far enough downstream to be unaffected by daily
and weekly trends may help predict increases in prevalence before they
occur.

3.4. Temporal sampling design has minimal impact on wastewater monitor-
ing results if samples are taken downstream

The sampling design differs between wastewater monitoring studies.
The most common setups are one grab sample collected per day of
interest (usually during the morning flush) or a 24-h compound sample
based on a collection of one sample per hour (Kilaru et al., 2023).
To assess the impact of these sampling strategies and their benefits
and disadvantages, we simulated both strategies using the same setup
as in the previous section (in which we assumed the use of discrete
grab samples every three minutes). The analysis of the simulation
results indicates that in the case of a clear daily trend, the choice of

sampling protocol can influence the results and e.g. lead to systemati-
cally biased estimates of the general dynamics (Fig. 6a &b). Stations
further downstream are less influenced by daily and weekly agent
movement patterns (see Section 3.3) and different sampling protocols
yield comparable results (Fig. 6¢ &d), i.e. a maximal cross-correlation
of 0.56 between measured viral load and time-lagged prevalence.

3.5. Rain influx impacts reliability of wastewater monitoring non-linearly

Rainwater infiltration influences the amount of fluid in the wastew-
ater system, the fluid velocity, and the concentration of particles in
the overall wastewater. Yet, many currently available models simply
disregard rain events and the associated dataset. This approach is an
oversimplifying assumption that might lead to unreliable results, as it is
unclear how long-lasting the effects of rain might be. To provide a fine-
grained analysis of the impact of rain on wastewater measurements, we
simulated three scenarios: No precipitation (which was also used for
the previous results), moderate gentle rain, and moderate rain showers.
Here, we followed the rain intensity definitions from Germany’s Na-
tional Meteorological Service (DWD) (Deutscher Wetterdienst, 2024):
“moderate gentle rain” means between 0.1 mm and 0.5 mm in 60 min
and “moderate rain” means between 2.5 mm and 10.0 mm in 60 min.

In order to run simulations with a two-week duration with realistic
time-dependent rain intensities, a suitable two-week period from a
synthetic rain series (Bayerisches Landesamt fiir Umwelt (LfU), 2024)
generated by the Bavarian Environment Agency (LfU) was used. The
intensities were adapted such that the above-mentioned rain definition
criteria were met. As a result, the two rain scenarios only differ in
their intensities; the temporal profile of rain peaks is the same for both
scenarios, ensuring comparability (Fig. 7a).

Due to effects like evaporation, the filling of water basins (e.g. up-
take by the ground), and permeable and non-permeable surface frac-
tions, only a small proportion of rainfall ends up in the hydraulic
system and a minimum amount of precipitation is necessary to have
an effect at all. This net hydraulic surface runoff increases the water
volume, and hence, can increase the flow rates (Fig. 7b) and reduce
the concentration of RNA in wastewater significantly (Fig. 7c). RNA
copies per liter close to zero correspond to a proportion close to 1 of
rainwater in the sewage. If the flow rates increase by several orders
of magnitude for a short amount of time (as is e.g. the case in the
moderate gentle rain scenario presented here), the sewage containing
large fractions of rainwater is flushed out of the system very quickly,
yielding a state comparable to the non-precipitation state afterwards.
The moderate gentle rain scenario showcases that there is a minimum
amount of precipitation necessary to have an effect on the flow rates
and virus concentrations. The moderate rain scenario highlights how
precipitation influences measurements if the rainwater inflow to the
sewage is larger than zero for several neighboring time steps.



N. Schmid et al.

(@)

600

station 1

500

400

300

200

virus levels [copies/1]

100

station 16

600

500

400

300

200

virus levels [copies/1]

100

0 2 4 6 8 10 12
simulation time [days]

14

(b)

600
500
400
300

200

virus levels [copies/l]

100

Epidemics 51 (2025) 100836

station 6

(@)

virus levels [copies/l]
— [* w - o (2]
=3 (=3 (=3 o o <
g 8 8 8 8 8

o,

station 11

0

2 4 6 8 10 12
simulation time [days]

14

Fig. 4. Variability of Measurements for Sampling Locations. Comparison of virus levels in wastewater at different sampling locations. Shown are the mean (solid line) and
95% confidence intervals (shaded area) of the 250 simulation results per location. The yellow shading indicates weekends. See Supplementary Figure S8 for all stations.

(a)

measured virus levels

prevalence (lag = -36h)

corr = 0.50

e° 0.0 o 0 prevalence (lag = Oh)

corr = 0.36

prevalence (lag = +36h)

corr = 0.00

individual shedding rate
summed shedding rates

_
= ]
$ 38
g g
“ ‘e
[ <
> 4
@
2 =
& 2
0G
(a2)
— 400
10
= —A -~
2300 u 8 &
S 8
« | 6 &
& 200 o
3 o
2 4z
2 100 a
= 2
s
0 0
0 2 1 6 8 10 12 14

simulation time [days]

©

-15

30

45

(b2)

-30  -45

-15

summed infectiousness /
shedding levels
shown in green

leadls

measured downstream
virus levels
shown in blue

time lag [hours]
15 0

l

| A E— |

o =2 o o o

o N B (=} ==
pearson correlation between virus
levels and summed shedding rates

time lag [hours]
0
— ]
o o e
w - (5]
pearson correlation between
virus levels and prevalence

-0.2
a-
-0.1
o J
3
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
sampling location
true infection . .
leadls leads | reported infection prevalence

prevalence
shown in orange

not shown

Fig. 5. Cross-Correlations Between Wastewater Measurements and Prevalence. (a) Trajectory of the wastewater viral load for sampling location 16 compared to the summed
shedding rates across all prevalent infections (al) or the total true prevalence shifted with lags -36, 0, and 36 h (a2), for one simulation. (b) Pearson cross-correlations between the
wastewater viral load at the 16 different locations and the summed shedding rates (bl) or the total true prevalence (b2), averaged over 250 simulations. (Supplementary Figure
S11 shows the correlations of the mean trajectories; the means of the per-simulation correlations are shown here.) The time lag describes the shift in prevalence or shedding rates.
The maximum cross-correlations are marked with black arrows. The upper bar plot indicates how many simulations were used to calculate the correlations for each location;
simulations in which no virus was ever measured at a particular location were removed. (c¢) Schematic illustrating the temporal relationship between the different outcomes.



N. Schmid et al.

Epidemics 51 (2025) 100836

(a) 500 (b) 110
reference
% 400 % —e— daily grab sample 120
4 —e— 24-h d sampl 5
& - our compound sample g 100
o S 300 o g
% % ‘B 60
=
= § 200 §
40
3 ©
£ 100
b 20
0
0
(c) 500 d 2
reference
% 400 —e— daily grab sample 20
.g —e— 24-hour compound sample 5
o =
= 8300 3 15
8 2] 2
g £ 200 210
@n = E;
E cl
= 100 5
5
0 0

0 2 4 6 8 10
simulation time [days]

24-hour
compound sample

daily
grab sample

Fig. 6. Sampling Protocols. RNA concentration in wastewater with 24-h compound sampling or daily grab sampling (at 10:00 am each day) compared to the reference scenario
(grab sampling every three minutes). Shown in subfigures a and c are the mean (solid lines) and 95% confidence intervals (shaded areas or error bars) of the 250 simulation
results for stations 1 and 16. Shown in subfigures b and d, again for stations 1 and 16, are the distributions of the absolute error between the linearly interpolated average results
for 24-h compound or daily grab sampling and the average results for the reference scenario.

moderate gentle rain showers

moderate rain showers

a
(a) .
‘5 — 100
o ©
2.
20
© = 50
o 2
(=9
0l s a et a e
no precipitation
(b) 10 p P 100
2, 80 3000
§5 60 2000
S o4 40
N 50 1000
= rrmﬂmw
0 0 0
(©) 400
o
O =300
83
o ‘B.200
£ 38
'S =100
0
o 2 4 6 8 10 12 14 o 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14

simulation time [days]

simulation time [days]

simulation time [days]

Fig. 7. Influence of Precipitation. Comparison of different rain scenarios (no precipitation, moderate gentle rain showers, and moderate rain showers) at sampling location 16
visualizing (a) the precipitation, (b) the flow rates in liters per second, and (c) the RNA concentration in wastewater in copies per liter.

For the model results presented here, rolling-ball normalization —
effectively connecting the dry-weather measurements — would likely
recover the shape of the viral load trajectory in the no-precipitation
reference scenario, but this is an artifact of the model’s three-minute
temporal resolution. In reality, taking samples every three minutes
would be infeasible; samples might instead be taken once per hour
at most, so when a subset is affected by precipitation, the trends in
the viral load trajectory that are due to changes in disease prevalence
can easily be obscured. Thus, the analysis of the nonlinear influence of
precipitation events on measurements showcases the importance of nor-
malizing observations to compare measurements of precipitation and
dry weather time points. For more details on normalization strategies,
see the results presented in Section 3.7.

3.6. Viral decay characteristics impact wastewater monitoring non-linearly

The interplay of virus and host immune response determine virus
shedding and transmission and, hence, the prevalence and influx of

10

virus particles into the wastewater system. Yet, the virus particles are
not necessarily stable but can decay. For SARS-CoV-2, estimates of
the 90% reduction times in wastewater at ambient temperatures range
between 5.5 and 28.8 days (Burnet et al., 2023; Guo et al., 2023;
Ahmed et al., 2020). As the sewer of the synthetic neighborhood has a
relatively short maximum flow time, we have been able to reasonably
neglect viral decay so far. We now assume that our virus of interest
has much faster virus reduction times than SARS-CoV-2, in order to
study the impact of rapid decay processes on wastewater monitoring
results and their relation to prevalence. To this end, we compare three
different temporal models for the decay rate v of [RNA] (in copies per
liter) in wastewater:

» no decay: v =0 %
~0.1<%2% for [RNA] > 0

0% " for [RNA] < 0

+ linear decay: v = k;, where k; =



N. Schmid et al.

Epidemics 51 (2025) 100836

(al) (a2)
= linear decay dynamics exponential decay dynamics
=
8 800 ky= —4.0e - 01 c/l/s ko= —1le-041/s
S0l == k1= —1.0e-01 c/l/s \ — ke=-1le-031Us
= == k= —25e-02cllis ! == ky=—1le-02//s
3 400 ) [
> I
2 200 1
1%} , ¥
g 0 k
0.0 0.5 1.0 1.5 2.0 2.5 3.0 0.0 0.5 1.0 1.5 2.0 2.5 3.0
simulation time [hours] simulation time [hours]
(b) (b1) (b2) (b3)
- no decay linear decay dynamics exponential decay dynamics
12
[
% 400
0w =
& 2 3 300
5.8
Z 5200
ab
£ 100
s
? 0
(b4) (b5) (b6)
«
© 400
>
2
@ — 300
£3
2 8200
=32
* = Vj\ﬂfUL««I\JULMLj
g
ol
2 0

0 2 4 6 8 10
simulation time [days]

12 14 0

2

4 6 8 10
simulation time [days]

12 14 0 2 4 6 8 10

simulation time [days]

12 14

Fig. 8. Viral Decay Dynamics. (a) Illustration of the effects of linear decay (al) vs. exponential decay (a2) with 3 example parameter settings each on a starting virus concentration
of 700 copies per liter. (b) The virus concentration measured at station 1 (top) and station 16 (bottom) over time without rain and with no decay (bl/b4), linear decay with

k= —0.1% (b2/b5), and exponential decay with k, = —1- 10‘3% (b3/b6).
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0.6 h)

The no decay scenario assumes that viral particles remain intact and
serves as a reference indicating the upper bound for viral concentra-
tion measurements. The linear decay scenario (Fig. 8al) is motivated
by a potential interaction between a virus and a certain enzyme or
environmental condition in the wastewater that degrades the virus
at constant rate. The exponential decay scenario (Fig. 8a2) captures
the most commonly observed viral decay dynamics, translating to a
constant decay probability per unit time.

We analyzed the simulation results for the three decay scenarios,
without precipitation, at two sampling locations: 1 and 16 (Fig. 8b).
At the upstream station 1, compared to the no decay setting (Fig. 8b1),
the measured viral loads are proportionally slightly lower for the linear
decay setting (Fig. 8b2) and considerably lower for the exponential
decay setting (Fig. 8b3). This is because exponential decay with a
90% reduction time of 2300 s is considerably faster than linear decay
of —0.1 copies per liter per second for the relevant concentrations.
However, the general shape of the viral load trajectory at station
1 over time is unaffected by the decay setting: For all three decay
scenarios, there are periodic dips in the virus level on weekdays and
a defined peak around the fourth day. At the downstream station 16,
compared to the no decay setting (Fig. 8b4), not only are the measured
viral loads lower for the linear decay setting (Fig. 8b5) and especially
the exponential decay setting (Fig. 8b6), but the shape of the viral
load trajectory over time is also affected, with defined peaks during
weekday daytime periods. When the viral decay is non-negligible, virus
copies shed from the upstream residential areas tend to decay before
they reach the furthest downstream station, so station 16 primarily
measures the copies shed from the nearest areas: a university and a
shopping/business region, which are only inhabited during working
hours. This phenomenon indicates that the interaction between viral
load and viral decay can be complex and that a detailed integrative
model is necessary to adequately describe its impact on the reliability
of wastewater viral loads as an indicator of disease prevalence.
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3.7. Virus normalization with PMMoV can outperform normalization with
flow rates

Wastewater systems can have — as outlined above — variable flow
rates depending on factors like precipitation and water usage. Hence,
wastewater samples have to be normalized to ensure accurate and
reliable data interpretation. The two most commonly used normaliza-
tion strategies are based on either flow rates or additional indicators
like the concentration of Pepper Mild Mottle Virus (PMMoV). PMMoV
is a plant virus commonly found in human feces at relatively stable
concentrations and hence, serves as a good indicator for the amount
of human waste in the sample. Here, we use the model to assess which
normalization strategy yields corrected viral load values closest to those
one would measure if there was no precipitation event.

The normalization is calculated using one of the following two
strategies:

+ normalization with flow rates: [RNA],ormalized = #Qd) - [RNA]
ry
- . PMMoV
+ normalization with PMMoV: [RNA] ; malized = W .

[RNA]

where Q is the current flow rate, mean(Qgry) the mean flow rate on dry
days, [PMMoV] the current PMMoV concentration, and
mean([PMMoVlgry) the mean concentration of PMMoV on dry days (Mi-
tranescu et al.,, 2022). Rainwater infiltration into a sewer system
dilutes PMMoV while increasing flow rates, so correcting wastewater
measurements using the ratio between the expected and measured
PMMoV concentration or between the measured and expected flow rate
can help reduce unwanted variability in wastewater-based data.

To simulate measurements of PMMoV we assumed a constant PM-
MoV shedding per agent throughout the simulations. Since the 90%
reduction time of PMMoV is generally estimated to be on the scale
of weeks or months (Mercier et al., 2024), and therefore far longer
than our maximum sewer travel time, we also assumed in our simu-
lations that PMMoV is never subject to viral decay. A few observations
(between 0.15% and 0.28% per scenario), for which the measured
PMMoV concentration was zero copies per liter, were removed. As seen
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in Fig. 9a, flow rate normalization (right column) is not effective for
correcting wastewater measurements in our model for the effects of
either moderate gentle or moderate rain. In both the moderate gentle
and moderate rain scenarios, infiltration of rainwater into the model
sewer system causes greater proportional increases to the flow rates
than decreases to the virus concentrations. Thus, normalization with
flow rates leads to notable over-corrections (see Fig. 9b). In contrast,
normalization with PMMoV (see Fig. 9a, center column) appears highly
effective. Rainwater infiltration affects PMMoV and the virus of inter-
est similarly, so the PMMoV-normalized measurements, while noisier,
generally match the no-rain reference scenario in terms of both shape
and scale. Since our PMMoV normalization approach corrects only for
rainfall and not for viral decay, PMMoV normalization only marginally
improves the median absolute error compared to the reference scenario
for the moderate rain, exponential decay and the moderate rain, linear
decay scenarios (see Fig. 9c and Supplementary Table S6). However,
PMMoV appears even less effective when the viral decay is linear rather
than exponential. This is likely because in the linear decay scenario,
unlike the exponential decay scenario, viral concentrations can degrade
to zero, which renders normalization useless for certain observations.

Rain reduces the cross-correlations between overall prevalence in
the catchment area and the measured RNA copies per liter in wastew-
ater samples over time (see Fig. 9d). For the scenarios with rain but
without viral decay, applying PMMoV normalization to the wastewater
measurements restores the cross-correlation coefficients to very close to
their levels in the reference scenario. For the scenarios with both rain
and viral decay, PMMoV normalization partially restores the general
trends in viral load measurements over time, and therefore has a more
limited but non-negligible impact on cross-correlations.

4. Discussion

In this study, we presented a new integrative model for the fine-
grained description of infectious disease dynamics and wastewater
surveillance. The model couples a stochastic model of individual mo-
bility, infection transmission, and disease progression with a highly de-
tailed hydrodynamic model of viral RNA transport through wastewater
networks. Using this model for the description of a synthetic neigh-
borhood and corresponding sewer system, we were able to investigate
the influence of sampling protocols, precipitation events, viral decay
characteristics, and normalization strategies on the relationship be-
tween infection dynamics and resulting wastewater measurements. In
the context of our relatively small and socioeconomically homogeneous
simulated study area, we found that locations for sampling stations
should be chosen carefully, so that they lie downstream of a sufficient
number of agents and diverse location types; that precipitation and
viral decay can have unexpected, nonlinear impacts on wastewater
viral load that require detailed integrative modeling approaches to be
understood; and that flow rate normalization should only be imple-
mented with caution as it can lead to large over-corrections if there
has recently been precipitation. Overall, our study suggests that if
appropriate sampling, normalization, and analysis techniques are used,
then wastewater may serve as a leading indicator of disease prevalence.

Sampling station characteristics - including the size of the upstream
population, the times of day during which the upstream areas are gener-
ally populated, and the distribution of sewer travel times to the station
- can both qualitatively and quantitatively affect wastewater measure-
ment dynamics. To produce the highest correlations with prevalence,
our study indicates that from among the set of feasible sampling sta-
tions, public health officials should select locations that are far enough
downstream to receive wastewater from a representative sample of
the population of interest as well as from a mix of homes, places of
work and study, and recreational areas. This aligns well with current
sampling strategies, which often utilize the inflow into wastewater
treatment plants, but additional locations may sometimes be useful,
particularly if large heterogeneous regions are being monitored. In such

12

Epidemics 51 (2025) 100836

cases, the selection of ancillary sampling locations must account for
limitations such as accessibility, availability of electricity (if automatic
sampling devices are used), and budget. For downstream locations, we
find that the choice of temporal sampling design is less crucial, as
24-h compound sampling and daily grab sampling approaches provide
similar results for larger and more diverse catchment areas in our study.
If infections are distributed throughout the area of interest, then 24-h
compound sampling can help alleviate some of the disadvantages of
upstream sampling location placement, but if infections are localized,
downstream placement becomes more crucial, as a sampling station too
far upstream may miss the outbreak entirely. However, these consid-
erations must be balanced against others: Our study showed how the
effects of viral decay become more pronounced the further downstream
a sampling station is. Furthermore, in real-world scenarios, inflow
of industrial wastewater — which can dilute viral loads and contain
chemicals that affect viral decay — may also be a concern. Thus, while
we generally argue for mid- or downstream sampling locations, we
recommend that public health officials collaborate with mathematical
modelers who utilize a detailed modeling approach like ours in order to
choose the optimal sampling location for a particular region of interest.

Our study also illustrates how precipitation and viral decay, sep-
arately or together, can have complex and nonlinear impacts on the
measured viral load in wastewater, which need to be accounted for
when using wastewater data as a public health indicator. Due to the
interactions between evaporation, water retention, and other factors,
the influence of rainfall on sewer flow rates and viral concentrations
within different pipes can be difficult to predict; for example, our model
shows how a continuous drizzle can potentially lead to discrete drops in
measured viral loads in wastewater. Although using sensors to measure
sewer flow rates at a sampling station and then normalizing wastewater
measurement accordingly is possible, this approach performed sub-
optimally in our study and often led to dramatic over-corrections.
We find that normalization with a human fecal indicator such as
PMMoV - or, alternatively, human mitochondrial DNA, which is not
diet-dependent and therefore varies less across individuals (Liu et al.,
2024) - may be preferable in sewer systems that have recently been
infiltrated by rainwater. This finding is in contrast to the conclusions
of Rainey et al. (2023), who recommended normalization with flow
rates to account for variations in the size of a sewershed’s service
population, but who did not consider the effects of precipitation. Future
work - for example, on an expanded version of our model that includes
several cities of varying size — should explore how best to account
for both precipitation and population size when normalizing wastew-
ater measurements for comparisons over time and across sampling
locations.

Like precipitation, viral decay in our study led to both qualitative
and quantitative changes in the viral load trajectory measured at a
particular station over time. Our decay scenarios were intentionally
exaggerated — we considered exponential decay with a 90% reduction
time of about 0.6 h, whereas the actual 90% reduction time of SARS-
CoV-2 in wastewater is temperature-dependent but usually estimated to
be upwards of five days — but this extreme case illustrates how the sig-
nal from surface areas far from the sampling location can be lost if viral
decay is not appropriately accounted for. In our study, we found that
even in the presence of rapid viral decay, PMMoV normalization could
restore non-negligible correlations between prevalence and wastewater
measurements, but it could only slightly reduce the absolute error
relative to a no-rain, no-decay reference scenario. Since PMMoV is
very stable in wastewater, normalization with PMMoV alone cannot
account for the effects of viral decay on wastewater measurements.
Instead, an appropriate viral decay model should be chosen based
on the characteristics of the virus of interest and the sewer system,
including temperature (Hart and Halden, 2020) and biofilms (Zhang
et al., 2023) - both of which are likely to be affected in turn by the
amount of precipitation in the pipes. Due to its level of detail, our
study provides new insights into the interactions between rain, viral
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decay, and wastewater measurements and underscores the importance
of appropriate normalization and analysis of wastewater data.
Overall, our study indicates that despite potential confounding fac-
tors, if appropriate sampling, normalization, and analysis techniques
are utilized, then wastewater-based surveillance data can provide in-
sights into trends in disease prevalence and possibly predict outbreak
peaks shortly before they occur. Viral load measurements in wastewater
depend not only on the total number of people shedding, but also
on the viral load - and, by extension, the infectiousness — of each
prevalent infection. High viral loads in wastewater indicate high infec-
tion potential across the catchment area, meaning that new infections

are likely to occur soon; thus, in our model, the peak in viral load
measurements at the furthest downstream station tend to occur about
30 h before the corresponding peak in overall prevalence. Previous
studies have found that epidemiological measures such as positive
test counts and hospital admissions tend to lag several days behind
wastewater measurements (Peccia et al., 2020; Kumar et al., 2021; Wu
et al., 2022; D’Aoust et al., 2021), and our study suggests that this may
not be entirely explained by reporting delays. Thus, our results support
these studies’ conclusion that wastewater-based surveillance data can
help guide public health officials in deciding when to implement or
ease infection control measures.
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4.1. Limitations and future work

We assume each agent’s water usage to be distributed uniformly
across the day, but in reality, an individual would only produce
wastewater — and, if infected, shed into the sewer system — at certain
time points (e.g. while using the bathroom at home after waking
up in the morning). Furthermore, water usage may vary based on
the socioeconomic differences between locations (Balata et al., 2022),
which we did not consider in this study. We expect that realistic
patterns of water usage over time would likely create additional daily
trends in wastewater measurements and highlight the advantages of 24-
h compound sampling over grab samples. Future work on this model
should incorporate the circadian rhythm of water consumption and
shedding behavior to confirm this effect.

We also leave for future work a more complete sensitivity analysis
of how relaxing the assumptions underlying our shedding and mobility
models might affect our results. Reinfections, vaccinations, and cross-
talk between co-circulating pathogens are out of the scope of this initial
model, and we therefore do not consider, for example, how the effects
of vaccinations on viral shedding (Garcia-Knight et al., 2022) or the
emergence of new virus variants (Li et al., 2023) could complicate the
relationship between disease dynamics and wastewater measurements.
Due to data limitations, we assume that viral shedding in urine and
feces is proportional to respiratory shedding, and to preclude transmis-
sions from recovered agents, we assume that an infected individual’s
viral shedding stops at the time they recover — meaning that the
viral load of infected agents in our model often declines more rapidly
than expected based on the empirical measurements for SARS-CoV-
2 in Jones et al. (2021). As more literature on SARS-CoV-2 becomes
available, future work on our model should align it with the latest
data on respiratory versus fecal shedding processes. Furthermore, we
assume that the peak viral load value is the same for all symptomatic
infections. Realistically, this value may vary significantly across indi-
viduals based on factors such as immune response (Challenger et al.,
2022), and such heterogeneity might decrease the cross-correlations
between prevalence and wastewater measurements when the number
of infections is small.

Finally, the methods we have so far only applied in the context of a
proof-of-concept study of a synthetic neighborhood will, in the future,
be adapted to real-world scenarios. Preliminary tests have proven that
our modeling framework can be scaled up to the level of a large city
over a months-long time frame. This requires, for example, optimizing
the data transfer process between model components so that informa-
tion on hundreds of thousands or millions of agents is shared efficiently;
performing Bayesian estimation on key unknown parameter values
to ensure that modeled disease dynamics reflect empirically observed
outbreaks; and introducing an appropriate noise model to account
for the effects of wastewater measurement uncertainty and detection
limits. Our model’s potential ability to map real-world wastewater
measurements back to underlying prevalence remains to be fully tested.

4.2. Conclusions

Our study illustrates the value of sophisticated models of infection
and wastewater dynamics and highlights the potential of wastewater-
based surveillance data to reflect trends in prevalence without being
influenced by sampling bias, reporting delays, or under-ascertainment.
While applications to real-world data remain for future work, our sim-
ulation study provided key insights into the advantages of downstream
sampling location placement, 24-h compound sampling, models for the
effects of viral decay, and PMMoV normalization.
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