
communicationsmedicine Article
A Nature Portfolio journal

https://doi.org/10.1038/s43856-025-00908-5

Post-recovery viral shedding shapes
wastewater-based epidemiological
inferences

Check for updates

Tin Phan 1, Samantha Brozak2, Bruce Pell3, Stanca M. Ciupe 4,5, Ruian Ke 1, Ruy M. Ribeiro 1,
Anna Gitter6, Kristina D. Mena6, Alan S. Perelson 1,7, Yang Kuang2 & Fuqing Wu 6

Abstract

Background The prolonged viral shedding from the gastrointestinal tract is well
documented for numerous pathogens, including SARS-CoV-2. However, the impact of
prolonged viral shedding on epidemiological inferences using wastewater data is not yet
fully understood.
Methods To gain a better understanding of this phenomenon at the population level, we
extended a wastewater-based modeling framework that integrates viral shedding
dynamics, viral load data in wastewater, case report data, and an epidemic model.
Results Our results indicate that as an outbreak progresses, the viral load from recovered
individuals gradually becomespredominant, surpassing that from the infectious population.
This phenomenon leads to a dynamic relationship between model-inferred and reported
daily incidence over the course of an outbreak. Sensitivity analyses on the duration and rate
of viral shedding for recovered individuals reveal that accounting for this phenomenon can
considerably advance prediction of transmission peak timing. Furthermore, extensive viral
shedding from the recovered population toward the conclusion of an epidemic wave may
overshadow viral signals from newly infected cases carrying emerging variants, which can
delay the rapid recognition of emerging variants based on viral load.
Conclusions These findings highlight the necessity of integrating post-recovery viral
shedding to enhance the accuracy and utility of wastewater-based epidemiological
analysis.

Wastewater-based epidemiology (WBE) has emerged as an essential public
health tool for monitoring the spread of infectious diseases1–9. Wastewater
collects human excretions including pathogenic elements like viruses from
communities. By testing viral signals in wastewater samples, WBE offers a
non-invasive, cost-effective approach to track the outbreak progression and
estimate the prevalence of infections in the sewershed. Understanding viral
shedding, the process by which infected individuals release virus particles into
the environment, is crucial for maximizing the accuracy and utility ofWBE10.

Viral shedding is a dynamic process that generally progresses
through several stages. Initially, during the incubation phase, the virus

replicates in the host without causing symptoms. Low viral shedding is
expected during the incubation phase. This is usually followed by an
infectious stage characterized by symptom manifestations and high viral
shedding, though some individuals may not show any symptoms. Sub-
sequently, the individual enters a recovery phase, where symptoms wane
and viral shedding declines11–14. Recovered individuals are defined as
those no longer capable of transmitting the infection - as determined by
upper respiratory viral load15–19, regardless of their symptoms or viral
shedding. This disease progression exhibits great heterogeneity among
individuals, with variations in symptom manifestations20–23 and in viral
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Plain language summary

Infectedpeople shedvirus to the sewer. Thus,
measurements of virus in wastewater can be
used to track and predict the progression of
an outbreak, as is the case for the COVID-19
pandemic. However, some people continue
shedding the virusweeks tomonthsafter they
recover and can no longer transmit the dis-
ease. This complicates the analysis of was-
tewater data. Using a mathematical model
basedonviral sheddingandwastewaterdata,
we demonstrate that prolonged viral shed-
ding can substantially alter interpretation of
results from wastewater data, such as pre-
dicting when viral transmission is peaking,
and delaying the detection of new viral var-
iants.Ourworkemphasizes the importanceof
accounting forpost-recoveryviral shedding in
the analysis of wastewater data to maximize
its accuracy and utility.
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shedding dynamics across the respiratory24–27 and gastrointestinal (GI)
tracts13,28–30.

It iswell documented that some individuals infectedwith SARS-CoV-2
experience prolongedGI tract viral shedding, which can be detected in stool
samples for weeks to months post-recovery13,28–33. Yet, the impact of pro-
longed viral shedding on epidemiological insights derived from wastewater
data remains largely unexplored. One reason could be that during the early
phase of an outbreak, the shedding from recovered individuals seemsminor
due to a lower post-recovery shedding and a relatively small number of
recovered individuals. However, its significance likely increases as the out-
break unfolds due to prolonged shedding, especially when the number of
recovered individuals surpasses thenumber of new infections.This dynamic
relationship between recovery shedding and outbreak progression suggests
the need to account for post-recovery viral shedding in the wastewater-
based epidemiological framework.

In this study, our objective is to investigate howviral shedding from the
recovered population affects epidemiological inferences drawn from was-
tewater data. We use a dynamic model integrating wastewater data, viral
shedding, and transmission dynamics to demultiplex the viral shedding
contribution from infectious and recovered populations10,34,35. Model fit-
tings, simulations, and analyses reveal an increasing contribution of virus
shed by the recoveredpopulation as anoutbreakunfolds. This phenomenon
introduces nonlinearities into the relationship between viral load and case
data, thus altering epidemiological inferences of transmission dynamics and
emerging variants based on wastewater data. By providing a more nuanced
understanding of how viral shedding dynamics influence the relationship
between wastewater viral load and case report data, this study enhances the
capability of WBE to capture the epidemic landscape.

Methods
Data
Wastewater data, including SARS-CoV-2 concentrations and flow rate,
were collected during our previous study1. Composite (24-h) wastewater
sampleswere collected from theGreaterBoston area from10/01/2020 to 02/
27/2021. The time framewas chosen to limit the data to a single wave of the
COVID-19 pandemic (Alpha variant B.1.1.7). We selected the Alpha wave
tominimize confounding effects from vaccination introduced in December
of 2020, as vaccination may impact viral shedding and transmission
dynamics. Additionally, because the viral shedding kinetics is parametrized
based on the ancestral strain13 and extensive wastewater data during the
initial outbreak is not available, Alpha—which shares similar viral kinetics
with the ancestral strain24,26—is an appropriate candidate. The reported case
data in the sewershed were obtained from the Massachusetts government
website and are publicly accessible at www.mass.gov. The University of
Texas Health Science Center at Houston Institutional Review Board
determined that this studydoes notmeet the regulatory definition of human
subjects research (Reference number: 262788) and so specific IRB approval
was not required.

SEIR-V model with temperature variation
SEIR-V type models have been developed and evaluated for their ability
to infer and predict transmission dynamics from wastewater data2,9,34–45.
Our previous study34 showed that viral shedding during the incubation
period can be negligible, due to its short duration and likely low gas-
trointestinal (GI) tract shedding rate; however, the net viral contribution
from the recovered phase can be substantial. Hence, we modify the basic
SEIR-V model34 to include viral shedding from both the infectious and
recovered populations, as described in Eq. 5. This model assumes a closed
population with uniform interaction among individuals46. For the ana-
lysis of a single COVID-19 wave, we simplify our SEIR model by
omitting natural births and deaths47–49, in contrast to models that gen-
erate long-term projections50,51.

S0 ¼ �λIS ð1Þ

E0 ¼ λIS� kE ð2Þ

I0 ¼ kE� δI ð3Þ

R0 ¼ δI � σR ð4Þ

V 0 ¼ α 1� γ Tð Þ� �
βI I þ βRR
� � ð5Þ

S represents the susceptible population, E is the exposed population in
the incubation phase, I is the infectious population, and R is the recovered
population who continue to shed the virus. Susceptible individuals are
infected at a rate λI. The average duration of the incubation phase is 1=k
days. Infectious individuals recover after an average duration of 1=δ days.
Recovered individuals shed virus for an average duration of 1=σ days. This
classification of infection stage is based on previous studies of viral kinetics
in the upper respiratory tract and its relationship to infectiousness15–19. Both
infectious and recovered individuals contribute to the cumulative viral RNA
in wastewater Vð Þ at rates βI and βR, respectively. α is the average fecal load
perday.γ Tð Þ is the fractionof virus lost inwastewater between shedding and
collection (for measurement). Previous studies have shown that the viral
degradation is temperature-dependent Tð Þ52. Therefore, we modeled tem-
perature variation throughout the study period by fitting the model to the
average daily wastewater temperature data in Celsius34, which is given in
Eq. 6.

T tð Þ ¼ 3:6249 sin 0:0202t � 4:4665ð Þ þ 16:2298 ð6Þ

where t is measured in days and t ¼ 0 is 10/01/2020. The temperature-
adjusted half-life is modeled using an exponential decay of the form34,39,53:

η Tð Þ ¼ η0Q
� T tð Þ�T0ð Þ=10
10

ð7Þ

with η0 being the half-life (in hours) at ambient temperature T0, and Q10

¼ 2:5ð Þ being the temperature-dependent rate of change34,53. The
temperature-dependent decay rate ξ Tð Þ is approximated by a first-order
decay function54,55, which gives: ξ Tð Þ ¼ ln2

η Tð Þ. Assuming that the viral RNA

decays in anexponentialmannerV 0 ¼ �ξ Tð ÞVorV tð Þ ¼ V0e
�ξ Tð Þt 34,39,53,56,

the fraction of virus decay between shedding and collection is given by:

γ Tð Þ ¼ V0 � V tarrive
� �

V0
¼ 1� e�ξ Tð Þtarrive ð8Þ

In Eq. 8, tarrive is the time between shedding and sample collection,
taken to be 18 h34. γ Tð Þ is estimated usingdailywastewater temperature data
and arrival time. V tð Þ is a proxy variable for the cumulative virus shed in
wastewater. The viral loadmeasured on day t, i.e.,ΔVt ¼ V tð Þ � V t � 1ð Þ,
is compared to 24-h composite wastewater viral load data. This approach is
inspired by how daily incidence is tracked through cumulative incidence in
classic epidemiological models. Accordingly, we also estimate daily inci-
dence using the cumulative number of infectious individuals via another
proxy variable C tð Þ with C0 tð Þ ¼ kE. Similarly, the daily incidence on day t
is given byΔCt ¼ C tð Þ � C t � 1ð Þ. While this is a standard approach, ΔCt
does not perfectly correspond to the daily reported cases due to factors such
as symptom onset, testing capacity, and underreporting rate26,57.

The population-level viral shedding function
SARS-CoV-2 dynamics in the upper respiratory tract can be described by
standard models of viral dynamics15–17,19,58, which could be extended to the
GI tract10. However, for simplicity, we describe the viral shedding from the
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GI tract using a simple phenomenological function (Eq. 9)34.

f tð Þ ¼ ω1t
ω2
2 þ t2

ð9Þ

The function f tð Þ peaks at ω1
2ω2

when t ¼ ω2. Here, ω1 (log10 viral
RNA copy per g) is a magnitude modifier and ω2 (day) influences the
timing and magnitude of the viral shedding peak. The viral shedding rate
represents the viral concentration (per g of fecal matter) per day. This
function has been shown to be a good approximation for the viral shedding
dynamics of the ancestral SARS-CoV-2 strain up to about one month post
infection13,34. Using this function, the total shedding between times t1 and t2
is given by

Z t2

t1

f ðtÞdt ¼ ω1

2
log

ω2
2 þ t22

ω2
2 þ t21

� �
ð10Þ

Here 0≤ t1 < t2 and log denotes the natural logarithm. The unit of f tð Þ
is log10 viral RNA copy per g per day, meaning the integral

R
f tð Þdt has a

unit of log10 viral RNA copy per g. The average exposed E, infectious I, and
recoveredRphases of SARS-CoV-2 infectionare classifiedbasedon the time
since infection, roughly corresponding to viral progression in the upper
respiratory tract34. Thus, we define tE; tI ; and tR (or 1=k,1=δ, and 1=σ) to be
the average time an infected person spends in these infection
phases, respectively. The average viral shedding rate during the infectious
phase βI is:

βI ¼
1
tI

Z tEþtI

tE

f ðtÞdt ¼ 1
tI

ω1

2
log

ω2
2 þ tE þ tI

� �2
ω2
2 þ t2E

 !
ð11Þ

The unit of βI is log10 viral RNA copy per g per day. Based on the best-
fit to GI tract viral shedding data13,34, we have ω1 ¼ 71:97 log10 viral RNA
copy per g andω2 ¼ 4 days. The estimated value of βI with tE ¼ 3 days and
tI ¼ 8 days is 7.65 log10 viral RNA copy per g per day, consistent with
previous estimates59,60. However, there is considerable uncertainty in the
estimate of the viral shedding profile due to the lack of samples throughout
the course of infection and a rudimentary understanding of how GI viral
shedding relates to the standard course of infection (exposed, infectiousness,
recovered). Thus, instead of using precise values for the viral shedding rate
βR and the duration tR of the recovered phase, we will examine a range of
values of βR relative to βI and tR relative to tI . For instance, the example in
Fig. 1f assumes βR ¼ 0:5× βI and tR ¼ 14 days.

Data fitting
When fitting the SEIR-V model to the viral RNA data in wastewater, we
minimize the sumof square error (SSE) between themeasurement collected
every 24 h and the total virus produced at each data point (Eq. 12). V̂ td

� �
is

the total viral load, e.g., viral RNA concentration × total flow,measured on
day td . V tð Þ, as given by Eq. 1, is a proxy of the cumulative viral RNA in
wastewater. Thus, the viral RNA produced daily, given by

R td
td�1V

0 sð Þds, or
ΔVt , is the comparable quantity to V̂ .

SSE ¼
X
td

log
Z td

td�1
V 0 sð Þds� log V̂ td

� � !2

ð12Þ

The minimization is done using the function fmincon and multistart
(with 500 random initial guesses) in MATLAB. The initial susceptible
population S 0ð Þ is fixed to 2:3 × 106 persons1. The best fit in Fig. 1a gives
λ ¼ 9:36× 10�8 per day per person, α ¼ 126 g, and E 0ð Þ ¼ 145 people.
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Fig. 1 | The impact of post-recovery viral shedding on the relationship between
wastewater data and reported case data. a Best fit (blue curve) to daily measure-
ments of viral RNA (brown circles) in wastewater. bModel-inferred daily incidence
(blue curve) vs. reported daily incidence (brown curve). The vertical dashed lines
mark the transmission peak time. cModel-predicted number of infectious/recov-
ered (brown solid/dashed curve) and their relative contribution to the viral load in

wastewater (blue solid/dashed curve). d, e Correlation between model-inferred and
reported daily incidence, using only pre-transmission-peak data (d) versus using the
entire wave data (e). Case report data were not used for fitting or informing any
model parameters and initial conditions. fModel-predicted correlation between
daily viral measurements in wastewater and daily incidence with and without the
post-recovery shedding. The vertical dashed line marks the transmission peak.
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The initial infected population is approximated by I 0ð Þ ¼ V 0ð Þ
αβ 1�γð Þ, where

V 0ð Þ is taken as the first viral RNAmeasurement and R 0ð Þ is assumed to be
0.Theparameters k and δ arefixed to 1/3 and1/8per day, respectively11, and
σ is fixed to 1/14 per day for the scenario in Fig. 1. A summary of model
parameters is provided in Table 1.

Theoretical correlation between daily viral measurement and
incidence with and without recovered shedding
Weuse themodel to demonstrate howpost-recovery sheddingβR affects the
correlation between viral measurements and incidence. The methods used
to relate daily viral measurements to incidence data vary in literature4,61.
Here, we will simply look at the correlation of daily viral measurement
ΔVt

� �
and incidence ΔCt

� �
. To produce Fig. 1f, we use the best-fit para-

meters for Fig. 1a. The model without post-recovery shedding has βR ¼ 0.

Simulation of the impact of post-recovery shedding on the
inference capability of WBE
We systematically simulate themodel with variations in βR and σ (or 1/tR)
to assess the impact of post-recovery shedding on model-inferred trans-
mission dynamics. All other parameters in the model are fixed as follows:
k ¼ 1/3 per day, δ ¼1/8 per day, λ ¼ 4× 10�7 per person per day, α ¼
125 g, γðTÞ ¼ 0:1, βI ¼ 7:65 log10 viral RNA copy per g per day,
S 0ð Þ = 106 persons, E 0ð Þ ¼ 1 person, I 0ð Þ ¼ 1 person, R 0ð Þ ¼ 0 person,
and V 0ð Þ ¼ 0 viral RNA copies. These simplified initial conditions and
parameter values align with the beginning of an outbreak.

For the detection of an emerging variant, we limit the analysis to the
end of an outbreak, where the virus shed by the recovered population
contributes close to 100%of viralmeasurements. In this scenario, to detect a
notable shift in thewastewater viral load, we need enoughnew infections (or
infectious cases) that can generate a notable fraction κ of the virus shed by
the recovered population on day td denoted by:

CR td
� � ¼ Z td

td�1
α 1� γ
� �

βRR tð Þdt ð13Þ

LetN td
� �

be theminimumnumber of new infections needed tomatch
the viral signal from the recovered population, then N td

� �
must satisfy:

N td
� �

α 1� γ
� �

βI > κCR td
� � ð14Þ

Solving for N, we have

N td
� �

>
κCR td

� �
α 1� γ
� �

βI
ð15Þ

For reporting purposes (Fig. 2c), we use κ ¼ 0:05 or 5%ð Þ and round
up N td

� �
to the nearest integer. The heat map (Fig. 2c) is generated by

calculating N td
� �

for the average post-recovery shedding rate βR varying
between 0.001βI and βI and the average post-recovery shedding duration σ
varying between1=7 and 1=84 per day. To represent the end of an outbreak,
we use the time tf when the cumulative recovered population given byR tf
0 δI sð Þds reaches 99.9% of its final size limt!1

R t
0δI sð Þds.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Post-recoveryviral sheddingalters thecorrelationofwastewater
viral load and case report data
To reconstruct the temporal dynamics of the infectious and recovered
populations in the sewershed, we fit the SEIR-V model to wastewater viral
load data. As shown in Fig. 1a, themodel accurately captures thewastewater
viral load dynamics, and the inferred daily incidence mirrors the reported
incidence data. Comparison of peak timing, as marked by the vertical
dashed lines in Fig. 1b, suggests model-predicted transmission dynamics
precede reported incidence by about 3weeks. Themodel-inferred incidence
also exceeds the reported daily incidence by 3–5 times in early October and
late February and by over 10 times in December. These findings are con-
sistent with the expected lead time of wastewater data relative to case report
data and the underreported incidence rates62,63. However, without further
analysis, the inferred lead-time and underreported rates should not be taken
as definitive due to noisy case report data around the peak and possible issue
of model identifiability, as discussed in Supplementary Note A1.

As the outbreak unfolds, the number of recovered individuals accu-
mulates steadily, ultimately surpassing the number of infectious individuals
just before the transmission peak, depicted in Fig. 1c. Consequentially, while
the infectiouspopulation is theprimary sourceof viralRNAinwastewater at
the beginning of the epidemic wave, shortly after the transmission peak, the
viral contribution from the recovered population becomes predominant.
This turns out to be a logical consequence of the natural progression that

Table 1 | Parameters in the model

Definition Unit Value/range References

S Susceptible population Persons S 0ð Þ ¼ 2:3× 106 or 106 (*)
1

E Exposed population Persons E 0ð Þ ¼ 0 or 1 (*)

I Infectious population Persons I 0ð Þ ¼ V 0ð Þ
αβ 1�γð Þ or 1

(*)

R Recovered population Persons R 0ð Þ ¼ 0 or 1 (*)

λ Transmission rate Per day per person Fitting

1=k Exposed duration Day 3 11,13,99

1=δ Infectious duration Day 8 11,13,99

1=σ Recovered duration Day 14 or 7; 84½ � (**)

α Daily fecal load Gram Fitting: 51; 796½ �
βI Infectious viral shedding rate Viral RNA copies per gram 7.65 34

βR Recovered viral shedding rate Viral RNA copies per gram 0.001 – 1 (***)

γ Tð Þ Fraction of viral loss in sewer Unitless Eqs. (6) and (8)

ω1 Magnitude modifier Log10 viral RNA per gram 71.97 13,34

ω2 Peak timing for viral shedding Day 4 13,34

Note: single asterisk (*) indicates E 0ð Þ; I 0ð Þ;R 0ð Þ are fixed to the first value in themodel fitting and to the second value in the simulation experiment. Double asterisk (**) indicates 1=σ is fixed to 14 for the fitting
but otherwise vary over the provided range in the simulation. Triple asterisk (***) indicates βR is a fraction of βI .
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infected individuals go through (exposed, infectious, and recovered phases),
which is shownmathematically in SupplementaryNoteA2.Moreover, post-
recovery shedding rate and duration influence when the recovered popu-
lation starts to shedmore viruses than the infectious population, withhigher
post-recovery shedding rates or durations resulting in an earlier time.

Next, we examined the relationship between SARS-CoV-2 wastewater
viral load and case report data, which has been widely demonstrated to be
strongly correlated1–3. We hypothesized that as the outbreak progresses, the
shift toward the recoveredpopulation as the predominant viral source alters
this correlation. We tested this hypothesis by fitting the same model to the
pre-transmission-peak wastewater data versus the entire data set. This
reveals a clear decrease in the correlation between the model-inferred daily
incidence and the reported daily incidence as more post-transmission-peak
data is included, see Fig. 1d, e. Additionally, the theoretical correlation
between daily viral measurements and incidence, depicted in Fig. 1f, shows
that the inclusion of viral shedding by the recovered population results in a
faster decline of the correlation coefficient as the outbreak unfolds. This
supports the notion that the relationship between wastewater and case
report data within a single outbreak is dynamic and nonlinear64,65.

It is worth noting that the increasing trend near the end is a result of the
convergence of daily wastewater viral load and incidence to zero at the end of
the outbreak. Equally interesting is the clear decreasing trend in correlation –
albeit to a lesser extent, around the time of the transmission peak observed in
Fig. 1f, even when the recovered population is assumed to not shed the virus!
This stems from an intrinsic asynchronization in the natural infection and
viral shedding processes, as thoroughly explained in Supplementary Note A3.

Inclusion of post-recovery shedding results in earlier estimates
for the timing of transmission peak
Due to theheterogeneity in viral shedding,weperformedsensitivity analyses
on the duration andmagnitude of post-recovery shedding. Figure 2a shows
the model-inferred daily incidence based on the best fit to viral load in
wastewater under three scenarios: (1) no shedding from recovered indivi-
duals, (2) MRLD: moderate post-recovery shedding rate (25% of the
infectious shedding rate) with a long duration of 21 days, and (3) HRMD:
high post-recovery shedding rate (50% of the infectious shedding rate) for a
moderate duration of 14 days. Themodel best fits under the three scenarios
are similar, but the higher shedding rates and longer shedding durations
(MRLD and HRMD) result in slightly slower decreasing trends in the total
viral load in Fig. 2b. A remarkable difference is observed in the daily inci-
dence. The inclusion of viral shedding by the recovered population shifts the
inferred transmission peak 7 days earlier under the MRLD scenario and
5 days earlier under theHRMD scenario, as indicated by the vertical dashed
lines in Fig. 2a. This suggests that post-recovery viral shedding can con-
siderably affect the estimation of the transmission peak, potentially mod-
ulating the lead time of wastewater to case data.

To better understand this observation, we tested varying shedding
duration ranging from 7 to 84 days and post-recovery shedding rate from
1% to 100% of the infectious shedding rate. Within this parameter land-
scape,we compared the lead timebetween the viral RNApeak inwastewater
and the daily incidence peak. The analysis clearly shows that higher shed-
ding magnitudes and/or longer durations of the recovery phase result in a
larger difference in thepeak time, as depictedby thewarmer colors inFig. 2c.
This supports the notion that the shedding rate and duration can have a
substantial impact on the estimated lead time difference between the was-
tewater measurement and incidence data, and in a predictable manner.We
mathematically demonstrated this property in Supplementary Note A4.

The virus shedby the recovered populationmay lead toa delay in
the detection of an emerging variant by wastewater data
Several studies have investigated the minimum number of new cases
required to detect viral signal in wastewater61,66–68, which applies to the
detection of emerging outbreaks. However, none has looked into this issue
taking into consideration the virus shed by the recovered population. This is
especially important when a new variant emerges near the end of an out-
break, as illustrated in Fig. 3a. In this scenario, the virus shedby a sufficiently
large number of recovered individuals can overshadow the virus shed by the
new cases infected with the emerging variant, therefore delaying the
recognition of the emergence of the new variant based on the wastewater
viral load data. Figure 3b shows that the number of cases infectedwith a new
variant X required to signal an emerging outbreak is an increasing function
of post-recovery viral shedding rate and duration associated with the
existing strain. The more infections needed to reach a detectable level, the
longer the delay in identifying an emerging outbreak. This analysis extends
to scenarios where one wishes to estimate in near real-time the emergence
speed, or doubling rate, of variant X based on wastewater data.

Discussion
In this study, we showed that viral shedding dynamics are crucial for the
precise and accurate implementation and interpretation of wastewater-
based viral load data. In particular, we demonstrated that post-recovery
shedding introduces nonlinearities that continuously alter the relationship
betweenwastewater viral load and case report data throughout an outbreak.
Neglecting this factor could lead to inaccurate representations of trans-
mission dynamics and delay the detection of emerging variants when
analyzing wastewater viral load data. Our study provides a framework to
quantify the impact of viral shedding on wastewater-based epidemiological
inferences, such as estimates of new infections and predictions of outbreak
progression.

Our results suggest that the relationship between viral RNA in
wastewater and case report data is dynamically nonlinear over the course
of an outbreak. While this observation has been noted in previous
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Fig. 2 | The impact of post-recovery shedding on model-inferred transmission
dynamics. aModel-inferred daily incidence under three scenarios with varied post-
recovery shedding. The vertical dashed curves mark the transmission peak times.
bModel best fits to viral RNA in wastewater under different recovered shedding
scenarios. MRLD: moderate post-recovery shedding rate (25% of the infectious

shedding rate) with a long duration of 21 days; HRMD: high post-recovery shedding
rate (50% of the infectious shedding rate) for a moderate duration of 14 days. c The
difference in viral RNA peak in wastewater and transmission peak varies with post-
recovery shedding rate and duration. The color represents the lead time difference
with warmer colors indicating a larger lead time.

https://doi.org/10.1038/s43856-025-00908-5 Article

Communications Medicine |           (2025) 5:193 5

www.nature.com/commsmed


studies4,36,64,65,69–71, we provided a mechanistic basis driving this dynamic
relationship. During the exponential growth phase of an outbreak, the viral
load in wastewater is primarily driven by two factors: the rapid increase in
new cases, which reflects the exponential growth of the outbreak, and the
high viral shedding rate during the infectious phase. Thus, the trends of viral
RNA in wastewater and reported daily incidence mirror each other in the
early phases, leading to a high correlation. However, as the outbreak slows
down around the time of transmission peak, the rate of new infections
declineswhile recoveries accumulate. This leads to an increase in the relative
contribution of virus shed into wastewater by the recovered population,
meaning wastewater viral load no longer reflects just the number of new
cases, but also an increasing number of recovered cases. As a result, the
correlation between viral RNA in wastewater and case report data changes.
For readers interested in the mathematical details, we refer to Supplemen-
tary Note A5.

The near-linear relationship between wastewater and case report data
in the exponential growth phase suggests that not only can the trend of
wastewater viral load be simply interpreted as the growth trend of an out-
break in the initial phase, but it can also capture important early char-
acteristics, such as R0

72,73. Furthermore, we hypothesize that, if viral
shedding ismost concentratedduring the infectiousphase, one could simply
use the exponential growth phase of wastewater data to quickly assess the
severity of the outbreak, especially when case report data is unavailable or
limited. However, this linear relationship is short-lived and followed by a
more complex, nuanced phase where post-recovery shedding becomes an
important factor. Analyses based on wastewater data can be biased without
accounting for this factor. For instance, suppose we wish to use only was-
tewater data in the later phase,without knowing thepost-recovery shedding,
to estimate the effective reproduction number Re (the expected number of
new infections caused by an infectious individual at any given time). Then,
because the trends observed in wastewater data vary with different viral
shedding profiles even for the same transmission dynamics (see an illus-
tration in Fig. 4), the estimation ofRe also varies based on the assumed viral
shedding profile. This observeddependency is analogous to the dependence
ofRe estimates on asymptomatic SARS-CoV-2 cases74,75. Refiningmodels to
incorporate these shedding dynamics will significantly improve the accu-
racy of wastewater-based epidemic monitoring.

Post-recovery shedding may also delay the identification of emerging
outbreaks or variants. To proactively minimize this delay, we need a better
understanding of the variant-specific viral shedding dynamics to enable
strategies that adapt testing capacity according to different phases of an
outbreak. For instance, integratingmodeling analysis of routine wastewater
surveillance data and genomic sequencing of wastewater samples76–79 may
better facilitate the identification of emerging variants circulating in the
community.

One limitation of this study is the uncertainty surrounding GI tract
viral shedding. The viral shedding rate (of infectious individuals) is often
estimated based on the tail of the shedding distribution due to the
scarcity of GI tract viral shedding data prior to symptom onset. However,

without the constraints of shedding data during the initial infection
phase, accurately determining the incline phase of the viral shedding
curve is challenging80,81. There could be an infinite number of viral
shedding profiles with different early kinetics that all have the same tail,
as depicted in Supplementary Fig. 1. This could be problematic because
viral dynamics, at least in the case of nasal viral load, are highly
heterogeneous24,25, which is further aggravated by the differences in viral
shedding dynamics among SARS-CoV-2 variants26,82. Additionally, GI
tract viral shedding data alone is not sufficient to fully connect waste-
water to case report data. This is because there is no well-established GI
tract viral shedding according to the disease stages for SARS-CoV-2. In
fact, even the first and only comprehensive human challenge study for
SARS-CoV-2 did not report GI tract viral shedding data11. This problem
could be alleviated by examining the impact of the uncertainty around GI
viral shedding dynamics on model inference based on wastewater data.
For this reason, perhaps noroviruses would be a more appropriate disease
choice for the initial development of WBE, given that data on viral
shedding, symptomology, and disease severity are available83–85.

Our analyses did not include the viral shedding during the exposed
phase, or the incubation period, which could impact the relationship
between wastewater and case report data. However, SARS-CoV-2 infected
individuals in the incubation period likely shed virus in fecal matter at a
much lower rate compared to infectious, and for a much shorter duration
compared to recovered individuals34. Thus, the virus shed by an exposed
individual during an ongoing outbreak is likely negligible, which leads to a
small intrinsic detection delay of new cases using WBE. Nevertheless, case
report data is also affected by reporting delays due to the typical asympto-
matic nature of the incubation phase. Thus, the effect of viral shedding
during the exposed phase might have a minimal impact on the inferences
that use wastewater and case report data.

Another potentially important factor not addressed in our analyses is
instances of non-monotonic viral shedding (as illustrated in the upper right
plot in Fig. 4a). This phenomenon has been observed in numerous clinical
cohorts of SARS-CoV-2 infected individuals with and without
treatments25,86–88. The increase(s) in viral shedding in the later phase further
complicates the analysis, as it paints the illusion of multiple infections.
Nevertheless, because non-monotonic viral shedding for SARS-CoV-2 is
often associated with treatments58,86, it needs to be integrated into realistic
WBE modeling frameworks to capture pharmaceutical interventions. The
extent of its impact requires further studies.

Additional factors such as the frequency of sampling, reporting rates
and delays, vaccination, the presence of different variants, mobility patterns
within and between sewersheds, and geographical variations can also affect
the relationship between viral load and case report data1,2,34,64,70,89,90. While
this study examines the effects of temperature and travel time on viral decay
rate, the impact of other in-sewer parameters, including organic matter
content, particle concentration, pH levels, solvent presence, detergent
concentrations, and microbial activity remains largely unexplored91–94.
These knowledge gaps highlight the need for standardized sampling

Fig. 3 | The potential delay in the detection of an
emerging variant X due to the virus shed by the
recovered population. a An illustration of the
challenge of tracking an emerging variant X near the
end of an outbreak when viral signal is mainly
contributed by the recovered population. The extent
of detection delay depends on the viral shedding rate
and duration of the recovered individuals from the
existing strain. bThe number of new cases needed to
produce a sufficiently large viral signal as a function
of post-recovery viral shedding (Eqs. 13–15). War-
mer color indicates higher numbers of cases needed.
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protocols and comprehensive integration of demographic and environ-
mental data to improve the accuracy and reliability of WBE as a tool for
public health surveillance and early detection of emerging threats.

Although our study examines SARS-CoV-2, the framework for
understandinghowpost-recovery viral shedding shapes inferences basedon
wastewater data is broadly applicable to other infectious diseases, such as
norovirus95, influenza96, RSV97, and mpox98. The model structure can be
adapted for different pathogens by incorporating specific viral shedding
characteristics, symptomology, and transmission dynamics. To summarize,
we illustrate our results and hypothesis of how various viral shedding
profiles for a generic disease affect the relationship between wastewater and
case report data in Fig. 4. This hypothesis highlights the importance of a
thorough understanding of viral shedding dynamics on the development of
wastewater-based epidemiology.

Data availability
All data used in this study are included in the Supplementary Data. Source
data for Fig. 1 are available in Supplementary Data 1, for Fig. 2 in Supple-
mentary Data 2, and for Fig. 3 in Supplementary Data 3. The reported
COVID-19 case data in the sewershed are publicly available and can be
freely accessed without restrictions through the official Massachusetts
government website (www.mass.gov).

Code availability
All code developed and utilized in this study is provided in the Supple-
mentary Data. Analysis code for Fig. 1 is available in SupplementaryData 1,
for Fig. 2 in Supplementary Data 2, and for Fig. 3 in Supplementary Data 3.
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