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Abstract

Wastewater-based environmental surveillance (ES) has been demonstrated to
provide an early warning signal to predict variant-driven waves of pathogens such as
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Our study evalu-
ated the potential cost-effectiveness of ES for SARS-CoV-2 compared with clinical
testing alone. We used the Covasim agent-based model of COVID-19 to simulate
disease transmission for hypothetical populations in Blantyre, Malawi, and Kath-
mandu, Nepal. We simulated the introduction of a new immune-escaping variant over
6 months and estimated health outcomes (cases, deaths, and disability-adjusted life
years [DALYs]) and economic impact when using ES to trigger a moderate proactive
behavioral intervention (e.g., increased use of masks, social distancing) by policy-
makers versus no ES and hence a delayed reactive intervention. Costs considered
included for ES, clinical testing, treatment, and productivity loss for the entire popu-
lation due to implementation of the behavioral intervention. We calculated the incre-
mental cost-effectiveness ratios and compared these with local willingness-to-pay
thresholds: $61 for Malawi and $249 for Nepal. We performed sensitivity analyses to
evaluate the impact of key assumptions on the results. Costs are reported in 2022 US
dollars. We estimate that if ES were implemented, approximately 600 DALYs would
be averted in Blantyre and approximately 300 DALYs averted in Kathmandu, over the
six-month period. Considering health system costs, ES was cost-effective in Blantyre
and cost-saving in Kathmandu. Cost-effectiveness of ES was highest in settings with
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low clinical surveillance, high disease severity, and high intervention effectiveness.
However, from the societal perspective, ES may not be cost-effective depending

on the magnitude of population-wide productivity losses associated with the proac-
tive behavioral intervention and the cost-effectiveness threshold. SARS-CoV-2 ES
has the potential to be a cost-saving or cost-effective tool from the health system
perspective when linked to an effective public health response. From the societal
perspective, however, the length of the behavioral intervention and its consequences
for productivity losses of the entire population may make ES not cost-effective.
Implementing ES for multiple pathogens may improve its cost-effectiveness.

Introduction

The COVID-19 pandemic, caused by severe acute respiratory syndrome coronavi-
rus 2 (SARS-CoV-2), disrupted health systems and economies globally, starting in
2020. It is estimated there were over 775 million COVID-19 cases globally [1] and at
least 7 million deaths [2] as of May 2024, which also led to large negative economic
impacts. During the height of the pandemic, many high-income countries had robust
systems of site-based and latterly at-home testing, either with molecular diagnostic
tests (e.g., polymerase chain reaction (PCR)) or rapid antigen tests, respectively
[3-6]. However, in many low- and middle-income countries (LMICs), a relatively low
proportion of infections were diagnosed with such tests [7] and cases were likely
under-reported to health authorities. Furthermore, as of early 2024, even countries
that had implemented detailed test-based surveillance of COVID-19 have since
discontinued these programs [8].

Thus, alternative surveillance platforms were needed to identify rapidly rising
COVID-19 cases and provide information to trigger interventions to control the
spread of dangerous new variants. Early in the pandemic, interventions largely
consisted of widespread rollout of clinical testing and social lockdowns. However,
the social lockdowns had huge negative impacts on economies [9] and could not be
sustained as a method to mitigate the transmission of the virus [10,11]. In addition,
mass screening in the asymptomatic population (such as through the test-trace-
isolate programs) was deemed to be an unsustainable surveillance strategy given
resource limitations [9—12].

The capability to maintain community-based surveillance in between waves of
SARS-CoV-2 was desired but lacking in most LMICs [13,14]. It is well established
that there was a lag between community circulation of SARS-CoV-2 and a subse-
quent increase in hospitalizations [14,15], and in the absence of community-based
clinical surveillance, this window of opportunity to intervene before hospitalizations
started to climb was typically missed in LMICs. Since SARS-CoV-2 had a doubling
time as short as several days, a rapid response was essential for interventions to
have had maximum impact, an effect observed empirically in South Korea [16,17]
and New Zealand [18]. Especially in LMICs, there was therefore a need for inno-
vative strategies that were not only low cost but also effective at signaling a rise in
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transmission or an introduction of a new variant. Such strategies, if linked to proactive implementation of public health
interventions to flatten the epidemic curve, had the potential to limit the impact of SARS-CoV-2 on morbidity, mortality, and
productivity losses.

Environmental surveillance (ES) has been used for epidemiological surveillance of pathogens in the past and has been
of particular value in the polio eradication endgame [19,20]. ES was used to monitor transmission of SARS-CoV-2 starting
early in the pandemic, and there is evidence that the virus was detected from wastewater prior to population case peaks
detected through clinical surveillance systems [14,19,21-26]. Therefore, ES can provide an early warning signal for rising
community transmission [15,27]. Further, ES can be used to sustain community-based surveillance in between waves
of SARS-CoV-2. While not replacing diagnostic testing, use of wastewater-based ES for SARS-CoV-2 is expected to be
cheaper [28] and more logistically feasible than mass population screening and could complement clinical testing and
other interventions, particularly when monitoring for variants of concern [19].

With the availability of COVID-19 vaccines and immunity due to prior infections, SARS-CoV-2 waves have declined
in severity and in number of infections. However, ES may still be required as a monitoring tool now that the COVID-19
pandemic has moved to the post-pandemic phase [15]. This approach could also be used for epidemiological surveillance
for multiple vaccine-preventable pathogens of public health concern, both endemic and epidemic. There is a dearth of
evidence on the potential economic value of ES in LMICs [19,20,29], which may differ in terms of catchment population,
costs of ES program activities, and capacity for community-based surveillance. This paper reports on the potential cost-
effectiveness of ES as an add-on tool for SARS-CoV-2 monitoring for variants of concern in two LMIC settings that were
conducting wastewater and clinical surveillance for SARS-CoV-2: Blantyre, Malawi, and Kathmandu, Nepal. This study
aims to provide evidence to policymakers as we prepare for future variant-driven waves of pandemic-causing pathogens
similar to SARS-CoV-2 that can be detected through wastewater-based ES.

Methods
Environmental surveillance process

ES for SARS-CoV-2 involves four main steps: (1) samples are collected from wastewater (e.g., sewers, wastewater treat-
ment plants) or rivers; (2) these samples are then concentrated, typically in the laboratory; (3) ribonucleic acid extraction is
then performed; (4) pathogen detection is done using quantitative real-time PCR, and (5) where it could provide additional
information, whole-genome sequencing is performed. The context for conducting ES for SARS-CoV-2 in Blantyre [24]

has been described previously and the same process was applied to Kathmandu [28]. Briefly, for the pilots conducted in
Blantyre and Kathmandu, wastewater was collected in Blantyre (which has a population of approximately 1 million people)
from an initial 7 collection sites, which was scaled up to 80 sites, over the period from May 1, 2020, until December 31,
2021. Weekly samples were analyzed at a laboratory facility at the Malawi-Liverpool Wellcome Programme within Blan-
tyre. For the Kathmandu Valley (with a population of 2.7 million people), weekly ES sample collection commenced in July
2021 and continued until December 2021 across 23 sampling points. Sample processing and analysis were conducted in
the Central Department of Microbiology laboratory at Tribhuvan University, Kirtipur, Kathmandu.

Disease transmission model

SARS-CoV-2 transmission was modeled using the Covasim model (version 3.1.6) [30], which is a stochastic, agent-based
SEIRS model. Covasim is fully open source; all model code and documentation are available via http://covasim.org. The
simulation begins when a hypothetical variant is introduced in the simulated susceptible population (S). The simulation

is run for a hypothetical 6 months, corresponding to the average time between major variant introductions during the first
2 years of the COVID-19 pandemic. (Although the simulations always begin with the introduction of a new variant for
simplicity, the epidemic usually ends well within the 6-month window, but the ES system and intervention is held constant
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throughout; this is comparable to running a much longer simulation in which the ES system is in place and new variants
are introduced stochastically with an average interval of 6 months.)

The transmissibility of the introduced variant is assumed to be equal to wild type. This default assumption balances the
competing factors that (a) new SARS-CoV-2 variants have much higher baseline transmissibility than wild type, but (b)
almost the entire population has some immunity (due to vaccination, infection, or both). Since it is not known either how
transmissible or how immune escaping a hypothetical new variant would be, this assumption balances these two factors.
Infected agents/individuals are initially in the exposed state (E). After the incubation period, they enter the infectious state
(I). These agents can experience either symptomatic or asymptomatic infections. Symptomatic infections begin in the
presymptomatic phase and can move through stages of mild, severe, and critical infection, with outcomes at any stage
leading to recovery (R), which confers temporary immunity, after which agents return to the susceptible state (S). Criti-
cal infections can also lead to death. The model parameters that determine these rates have been published previously,
including age-dependent susceptibility, severity, and mortality rates [30]. In addition to using the respective population
sizes for the Blantyre and Kathmandu Valley catchment areas, United Nations Population Division data on age structure
and household size were also used to initialize the respective Covasim models for Blantyre and Kathmandu.

Since simulations are stochastic, 1,000 repeats of each parameter set are run for a total of 52,000 simulations for each
country (half with ES, half without). Simulations were run using Python 3.10 on a cluster of Azure virtual machines. Each
simulation takes approximately 3—5 seconds to run, for a total of roughly 140 hours of CPU time. All code is available at
https://github.com/amath-idm/covid_es.

Surveillance system and scenario parameters

The potential outcomes after the introduction of a variant are determined by the implementation of a surveillance system.
Surveillance systems are included in the model for both clinical and ES methods. These surveillance systems determine
detection of and responses to the introduced variant as well as subsequent outcomes in the population. The parame-
ters for these systems (and other model parameters) are listed in Table 1. The model assumes that clinical surveillance
(including PCR and rapid antigen tests) is present in all simulations but limited, and we explore outcomes by whether or
not ES was implemented and how the availability of clinical surveillance impacts the outcomes.

Due to lack of country-specific data to inform inputs on the health impact from ES, the parameters that differed in the
model between Malawi and Kathmandu were (a) the population size, and (b) the population age structure. While the age
structure has a small impact on the mortality rate (Nepal’s population is older than Malawi’s), the main effect is due to
the difference in population size: Kathmandu'’s larger population provides more opportunities for disease detection, both
through clinical and environmental surveillance.

Clinical surveillance is parameterized by the probability of clinical diagnosis, which represents the proportion of simu-
lated infections that are detected through clinical testing. Testing occurs among people with symptomatic infections, and
people who have not tested have an equal probability of testing each day (which in practice means a roughly 3-to-4-day
average delay in testing for scenarios in which testing rates are low). In addition, the threshold response parameter deter-
mines the number of clinical cases detected on a single day required to trigger an intervention.

Our simulated ES system tracks individuals who are infectious, regardless of whether the infection is symptomatic or is
detected through clinical surveillance. Due to uncertainty regarding duration of SARS-CoV-2 survival in wastewater sys-
tems, we assume that viral load in the environment is directly reflective of the number of individuals who are infectious on
that day. Because we do not incorporate geospatial features into the model, we assume the ES system catchment is the
entire population being modeled. The key parameters that determine the ES system are the sampling rate (how frequently
samples are being taken), the threshold of detection (the minimum number of individuals shedding to detect a positive
sample), the number of ES samples taken during each visit to a wastewater collection site, the sensitivity of the ES sys-
tem (the probability of a positive sample to be detected), and the number of detections required to trigger an intervention
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Table 1. Scenario parameters used for both countries.

Parameter Description Default Sensitivity

ES sampling frequency (days) How frequently a sample is taken from each ES site (days between 3 1,14
samples)

ES system lag (days) Minimum number of days between ES sample collection and implemen- | 4 2,10, 21
tation of an intervention

Number of ES samples How many individual samples are taken at each ES sampling site each |9 1, 3, 100
time sampling is performed

ES intervention trigger How many positive ES samples are required to trigger the intervention | 1 2,5

Threshold of ES detection Minimum disease prevalence threshold for detection through the ES 0.35% 0.035%, 1%, 3%
system

Sensitivity of ES detection How likely a positive detection is from ES when the prevalence is above | 84% 4%, 100%
the threshold

Clinical testing probability Proportion of SARS-CoV-2 infections that are diagnosed through clinical | 0.3% 0%, 0.1%, 1%,
testing 3%, 10%

Clinical intervention trigger How many positive clinical samples are required to trigger the 30 5,10, 100
intervention

Efficacy of the intervention Reduction in transmission probability after the intervention is 20% 10%, 30%
implemented

Abbreviations: ES, environmental surveillance; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2.
Most of the parameters to characterize the ES system were obtained from the pilot sites and also from [14].

https://doi.org/10.1371/journal.pgph.0004439.t001

by policymakers. Note that during the pilots described in the previous section, we had 7 pilot sites increasing to 80 sites in
Blantyre and 23 sites in Kathmandu; this was oversampling during the pilot phase and these numbers were subsequently
reduced to a handful of the most informative sites considering the sustainability of the surveillance beyond the research
pilot phase. Therefore, in the model we evaluate 9 sites as the base case and then conduct sensitivity analysis on the
implications of having as few as 1 to as many as 100 sites.

Depending on the clinical and ES detections and trigger thresholds, an intervention may or may not occur during the
simulation. We model a nonspecific intervention (e.g., increased use of masks, social distancing) that represents a policy
response to reduce SARS-CoV-2 spread in the community, and we assume this intervention has a modest effect on trans-
mission (10% to 30% decrease in transmission). We explicitly do not model the impact of lockdowns (which could potentially
have a larger impact on transmission), as these would unlikely be implemented immediately following the detection of a
new variant. While the intervention being modeled is nonspecific, it corresponds most closely to a response to a respiratory
pathogen (i.e., a behavior change that could be implemented as a policy by a government). Interventions for non-respiratory
pathogens would likely have costs and time courses different to those modeled here. We assume that once implemented,
the intervention stays in place for the duration of the simulation. While it would be more realistic to assume that the interven-
tion is lifted if detected cases (either via clinical surveillance or ES) fall below a certain level, the implementation of a respon-
sive controller would require several additional unknown parameters, and is beyond the scope of the current study.

The model produces estimates of mild and severe COVID-19 cases, hospitalizations, and deaths. Each of these is
used to calculate costs from the health care system perspective. We compare these health outcomes without ES (status
quo, with only clinical testing) with outcomes when ES was implemented to complement clinical testing. We also assume
a delay between when the ES samples are collected and the implementation of an intervention to account for the time
required for sample transportation and analysis.

Cost inputs

We performed the analysis from both the health system and limited societal perspectives. The health system perspec-
tive accounts only for costs that could be borne by the health system such as costs for implementing the ES system
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and direct health system costs associated with seeking health care for SARS-CoV-2 iliness. The societal perspective
also includes the productivity losses borne by households, in addition to the health system costs. Specifically, the health
system costs included direct costs of implementing the ES program. These costs were obtained from a prior study con-
ducted during the pilots in both countries and that study estimated the cost per month of conducting ES, accounting for
the costs of consumables, labor, equipment, and transport for each ES activity, including field sampling, concentration,
pathogen extraction, and detection. These costs have been reported elsewhere [28] and the values used in this analysis
are shown in Table 2.

As mentioned, this analysis also included direct health system costs for disease-related costs for health care, includ-
ing costs for clinical testing, costs for treating mild cases at home, and costs of inpatient care for severe cases. Costs for
care were obtained from secondary data and expert option, as shown in Table 2. We used average treatment costs and
multiplied this by the length of hospital stay to estimate the hospitalization costs of severe cases. We assume a mild case
lasts 7 days [31] and a severe case from 15 to 28 days [32]. For the societal perspective, we account for productivity loss
for the individual during the period of illness and also for the productivity losses for the entire population as a result of the
behavioral interventions implemented by policymakers as a result of the ES early warning signal (with ES) or the rising
clinical cases (with no ES). Productivity per day was valued at the annual per capita gross domestic product (GDP) of
each country [33] divided by 365 days in the year. Costs are presented in 2022 US dollars.

Table 2. Costing and economic parameters (2021 US dollars).

‘ Value Data source
Malawi
Cost per clinical COVID-19 test $1 Assumption from local data
Treatment cost for mild COVID-19 $2 Assumption from local data
Treatment cost for severe COVID-19 $43 Assumption from local data
Base cost for ES per month $5,476 Ngwira et al. [28]
Additional cost to process each ES sample $58 Ngwira et al. [28]
Nepal
Cost per clinical COVID-19 test $13 Assumption from local data
Treatment cost for mild COVID-19 $10 Assumption from local data
Treatment cost for severe COVID-19 $211 Assumption from local data
Base cost for ES per month $8,470 Ngwira et al. [28]
Additional cost to process each ES sample $86 Ngwira et al. [28]
Disease and disutility assumptions
Duration of mild COVID-19 infection 7 days Wolfel et al [31]
Duration of severe COVID-19 infection 15 to 28 days Verity et al [32]
Disutility value of acute symptomatic COVID-19 0.2 [34-37]
Disutility value of long COVID-19 (first 6 months) 0.05 Culter [38]
Disutility value of long COVID-19 (permanent) 0.001 [34-37]
Proportion of infections that are symptomatic 70% Davies et al. [42]
Proportion of infections that lead to long COVID-19 10% Assumption
Productivity loss during mild acute COVID-19 10% Assumption
Productivity loss during severe acute COVID-19 50% Assumption
Productivity loss due to policy intervention 10% Assumption
Productivity loss due to death 100% Assumption

Abbreviations: ES, environmental surveillance; GDP, gross domestic product.

https://doi.org/10.1371/journal.pgph.0004439.t002
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Cost-effectiveness analysis

Parameters for the costing and economic model are provided in Table 2. A wide range of COVID-19 disutility weights have
been published in the literature [34—38]. We used a disutility value of 0.2 as an approximation of the median value used in
other studies. Disability-adjusted life years (DALYs) were calculated as the sum of years of life lost (YLL) and years of life
with disability (YLD). YLL was calculated as the difference between age at death for each agent in the model who died of
COVID-19 and life expectancy at birth assuming full health (estimated at 84 years). YLD was calculated as the sum of the
products of disutilities and durations for each agent in the model. In order to capture lifetime effects beyond the duration of
the simulation time (e.g., long COVID), incidence rather than prevalence DALYs are used (i.e., all YLD are accrued at the
point of infection, and all YLL are accrued at the point of death).

The model’s primary outcome was the cost per DALY averted. We calculated the incremental cost-effectiveness ratio
(ICER) as the ratio of costs and DALYs averted with ES relative to no ES. The ICER was compared with the local willing-
ness to pay thresholds of $61 per DALY averted [39] for Malawi and $249 per DALY averted for Nepal [40].

ES does not directly impact DALY's but instead changes the number of days for which the intervention is applied (i.e.,
if ES provides an early warning signal, the intervention will be applied earlier and potentially for longer). Due to the large
stochastic variability in simulations, to determine the relationship between ES and DALY's averted, we first performed a lin-
ear regression between the number of days the intervention was applied and the number of DALY's averted. Then, rather
than use the actual DALYs from a given simulation (which is subject to significant statistical noise since it is influenced
by small differences in the number of deaths), statistical DALY's were used based on this regression relationship. This
approach to variance minimization produces comparable results to running a much larger number of simulations.

The health systems cost was calculated as the sum of the costs for clinical testing, ES, and treatment. Additional socie-
tal costs included lost productivity due to COVID-19 and lost productivity due to the intervention. No discounting was done
as the analysis had a 6-month time horizon.

Although it is difficult to quantify the productivity loss due to a nonspecific intervention, we conservatively estimate that
the productivity loss is of roughly the same magnitude as the intervention efficacy (e.g., an intervention with an efficacy
of 10% would lead to a roughly 10% productivity loss). While a full analysis of the economics of COVID-related interven-
tions is beyond the scope of this paper, the conceptual argument for a linear relationship as a conservative estimate is
that (a) an intervention with zero impact on society would have zero impact on transmission, and (b) an intervention that
prevented all transmission (e.g., prevented all human contact) would have severe economic repercussions. In practice,
productivity loss is almost certainly less than the reduction in transmission. However, while changes in mobility were well
quantified during the COVID pandemic, neither the resultant transmission reduction nor economic impact have been
determined with precision, making the ratio of these two quantities even more uncertain.

If there are no societal costs associated with the intervention, then the optimal policy would be to have the intervention
in place all the time as a preventative measure, regardless of whether or not any COVID-19 cases are detected. However,
such a policy would be unfeasible in the real world. Thus, we include a productivity loss associated with the intervention
to capture this tradeoff between minimizing transmission (which requires more stringent interventions [41] and minimizing
societal disruption (which requires less stringent interventions). Given uncertainty in this variable, we explored the implica-
tions of varying the assumed magnitude of the productivity loss relative to the intervention efficacy.

Ethical review for the study

The cost-effectiveness study presented in this article was a modeling study that relied on secondary data and so did

not require ethics approval. We leveraged data from a costing study conducted by the same researchers and that cost-
ing study had received ethical approval. The costing study was determined to not be human studies research by PATH
Research Determination Committee and did not need United States ethics committee oversight. The Malawi College of
Medicine (now KUHES) Research Ethics Committee exempted the costing study from further ethical review, as no human
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samples were involved, but used the existing waiver for the ongoing environmental surveillance (P.07/20/3089). The Nepal
Health Research Council (NHRC) exempted the study from further ethical review, as no human samples were involved as
well.

Results
Time series

Example simulation time series for new infections, cumulative infections, and cumulative deaths, both with and without
ES for the default set of parameters, are shown in Fig 1. Compared with simulations without ES, simulations with ES have
a lower and slightly delayed peak in the number of new infections. However, the difference in cumulative infections and
cumulative deaths is smaller. In other words, the intervention primarily has the effect of delaying rather than preventing
infections. Time series with and without ES in the absence of clinical surveillance is shown in S1 Fig.

Days of intervention and DALYs

The relationship between the number of days the intervention is applied and the number of DALYs averted is shown in
Fig 2. The variance between simulations (roughly +4,000 DALY for Blantyre and+ 10,000 DALY's for Kathmandu) is much
larger than the impact of the intervention; however, a consistent linear trend is still observed. For Blantyre, an average of
17.5 DALYs were averted for each additional day the intervention is applied; for Kathmandu, this value was 39.4 DALY's
per day. For Blantyre, the intervention triggered on day 42 + 10 without ES, and day 21+ 11 with ES. For Kathmandu, the
intervention triggered on day 30+ 9 without ES, and day 18 + 8 with ES.

For Blantyre, the ES intervention started a median of 20 days earlier (interquartile range: 10, 31 days); for Kathmandu,
it was 10 days (interquartile range: 0, 19 days). As noted previously, the linear relationship between DALY's averted and
the number of days the intervention is applied is used to compute the DALY's shown in the results below. The difference is
because the clinical and the ES detection triggers were the same in both cases; Kathmandu, with a larger population size,
tends to reach the trigger points sooner than Blantyre (for both clinical and ES).

DALYs

Our analysis found that DALY's were driven primarily by deaths occurring as measured by years of life lost, although cases
not leading to deaths as measured by years of life with disability were a significant proportion as well (Fig 3). ES could
avert approximately 6% of total DALYs compared to without ES in Blantyre, and slightly under 1% total DALY's averted in
Kathmandu. This large difference between the two countries is primarily due to the 10-day difference in the average num-
ber of additional days the intervention is applied with ES (20 for Blantyre and 10 for Kathmandu). Ten days corresponds

to roughly two serial intervals for SARS-CoV-2, which, for reproductive number (R,) of 2.5, would correspond to roughly a
factor of 6 difference in the number of infections.

Costs and cost-effectiveness

Costs are shown in Fig 4. Direct health system costs were driven primarily by the costs of treating mild and severe
COVID-19 cases; ES program costs were a small proportion of the total costs (not shown in the table but were $128,622
for Blantyre and $194,860 for Kathmandu), and the cost of clinical testing was relatively small given low prevalence of
testing (not shown in the table but these costs were $4,656 for Blantyre and $176,908 for Kathmandu).

For societal costs, the estimated productivity loss from the intervention implemented by policymakers to flatten the epi-
demic curve was larger than the direct health system costs, since these productivity losses applied to the entire population
for the duration of the intervention rather than only to those individuals experiencing symptoms.

Excluding societal costs, the costs saved by preventing COVID-19 infections due to the early warning signal from
ES roughly equaled the costs of the ES program, so ES was roughly cost-neutral. Including societal costs, ES had a
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that Blantyre and Kathmandu have different y-axis scales.
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small net cost, although this was driven entirely by the productivity loss of the intervention rather than the ES program
itself.

Overall DALY, costs, and ICERs are shown in Table 3. Considering only health system costs, ES was very cost-
effective in Malawi ($12 per DALY) and cost-saving in Nepal. Considering societal costs, ES was not cost-effective in
either Malawi or Nepal.

Sensitivity analysis

To explore the impact of different parameters in the model, we performed a sensitivity analysis (Fig 5). In each case, all
parameters are held constant at the default values except for the parameter being varied (see Table 1). Only DALYs are
reported here since the variance in DALYs between sensitivity scenarios was much greater than the variance in costs.
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The model was most sensitive to the clinical test probability and the clinical trigger threshold. With a low probability
of clinical testing or a high trigger threshold, in many cases the intervention is never triggered clinically. ES triggers the
intervention 1-3 weeks earlier than the clinical trigger in cases of low clinical testing or a high clinical trigger. The DALY's
averted by ES increase significantly if the clinical test probability is below 1% (i.e., fewer than 1% of all SARS-CoV-2
infections are ever diagnosed through clinical testing). Conversely, having a low clinical trigger, meaning a quick and early
reaction to few clinical cases, reduces the marginal benefit of ES.

Intervention efficacy also had a relatively large and nonlinear impact on estimated DALY's averted. Increasing the inter-
vention efficacy from 10% to 30% increased the number of DALY's averted from 112 to 1,203 in Malawi and 126—1,176 in
Nepal, increases by factors of 11 and 9, respectively. This supralinear increase is due to the fact that larger intervention
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efficacies can disrupt entire chains of transmission; conversely, small intervention impacts are more likely to delay rather
than prevent transmission.

Notably, the results were relatively insensitive to the parameters of the ES system, implying that in the context of low or
absent clinical testing, the implementation details of the ES program are less important than whether or not it is present,
particularly in a system with widespread outbreak potential, large catchment, and population-wide intervention, repre-
sented in our simulated scenarios.

In our default scenario, we assumed that productivity loss was equal to the intervention efficacy (i.e., the intervention
reduced transmission by 10% and reduced GDP by 10%). However, our sensitivity analysis showed that a more optimistic
assumption about productivity loss could result in ES being cost-effective. In both Malawi and Nepal, our analysis found
that for ES to be cost-effective under the local willingness-to-pay threshold would require the productivity loss to be less
than 10% of the intervention efficacy (e.g., a transmission reduction of 10% due to the proactive behavioral intervention
and a productivity loss of less than 1%).

Discussion

This study evaluated the potential cost-effectiveness of ES to inform implementation of public health response to the
emergence of a new variant of SARS-CoV-2 in Blantyre, Malawi, and Kathmandu, Nepal, to provide evidence on the
potential role for ES in LMICs where availability of community testing for pathogens such as SARS-CoV-2 is low. These
settings could benefit from lower-cost interventions such as wastewater-based ES, which can operate independently of,
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but complement clinical testing and provide information on asymptomatic and presymptomatic cases, and those individ-
uals not seeking care at health institutions. Our evaluation found that ES could be cost-saving or cost-effective from the
health system perspective. However, it may not be cost-effective from the societal perspective given that the productivity
losses associated with the behavioral policy response to flatten the curve affect the entire population. Our finding is an
inversion of the usual outcome (i.e., interventions that are sometimes not cost-effective from the health system perspec-
tive can be cost-effective from the societal perspective); our finding is due to the fact that the assumed intervention imple-
mented to flatten the epidemic cure (mask wearing, social distancing, and other behavioral interventions implemented to
flatten the curve) is applied to the entire society, rather than only people affected by the disease.

However, ES could be cost-effective under more optimistic assumptions where there are smaller productivity losses
associated with ES-triggered interventions (for example, masking). Therefore, our results were sensitive to baseline clini-
cal testing, intervention efficacy, magnitude of productivity loss with ES interventions, and ES system costs. From the
health system perspective, ES could be a useful tool in LMICs, as the early warning signal may provide policy makers
with information to implement preparedness measures which can help flatten the curve, but which will also impact on the
health system in other ways for example due to staff redeployment and cancellation of elective medical procedures.

ES is useful if and only if there are pathogens present to detect. In this analysis, we assumed that new variants
appeared every 6 months on average (based on four major variants during the first two years of the COVID-19 epidemic).
More frequent variant emergence (or other causes of outbreaks) would lead to improved cost-effectiveness for ES, while
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Table 3. DALYs, DALYs averted, costs, and ICERs.

Outcome Blantyre Kathmandu

Without With ES Differ- ICER Without ES With ES Difference | ICER

ES ence
Total DALYs 21,303 20,709 594 86,777 86,497 279
Total health system | $4,770,034 | $4,777,626 | $7,591 $12 (cost-effective | $80,188,952 |$80,081,814 | -$107,138 | $-383 (cost-saving
costs at all thresholds) at all thresholds)
Total costs for the $7,875,263 | $8,472,803 | $597,539 | $1,005 (not $113,711,614 | $116,981,874 | $3,270,259 | 11,717 (not
societal perspective cost-effective) cost-effective)

Note: The local cost-effectiveness threshold for Malawi was $61 per DALY averted, and $249 for Nepal.
Abbreviations: DALY, disability-adjusted life year; ES, environmental surveillance; ICER, incremental cost-effectiveness ratio.

https://doi.org/10.1371/journal.pgph.0004439.t003

less frequent outbreaks would lead to lower cost-effectiveness, since the costs of the ES program are ongoing even in the
absence of an outbreak. The future of ES is to deploy multi-pathogen platforms to maximise the generation of actionable
information for public health services from a single sample, and hence increase the likelihood of ES being cost-effective.
Specifically, ES can be used to detect other pathogens of public health importance, including polio and typhoid and can
be used as an ongoing monitoring tool. There is considerable potential to deploy multiplex assays at small additional cost,
which could significantly improve cost-effectiveness of ES [20,21,24,26]. Here, we focused on one of the most straightfor-
ward use cases: deployment of ES for SARS-CoV-2 control interventions upon detection of a variant of concern.

We modeled an Omicron-type variant that was less severe than earlier SARS-CoV-2 variants due to availability of
interventions such as vaccines and increasing vaccination rates, and previous population exposure. We found that when
simulating an ES system in addition to a clinical surveillance system, the epidemic curve flattened but did not entirely pre-
vent an epidemic due to (a) the infectiousness of the modeled variant, and (b) the assumption of only a relatively modest
behavioral change intervention (equivalent to a mask policy) implemented after detection. Despite early warnings, highly
infectious pathogens are often established before interventions are implemented, which is seen through our simulation.
Modeling more severe variants could have improved the value proposition of ES, where ES can be an even more import-
ant addition to disease surveillance and can provide an early warning signal which can reduce transmission and reduce
health care and societal cost. In addition, ES may also be a cost-effective intervention for diseases that have a higher
burden among younger members of the population (unlike COVID-19), as DALYs averted would be larger when disease is
averted among younger populations.

Our analysis also found that the value for money from ES differed between the two countries we modeled. This finding
was partly because of significantly higher health care costs in Nepal than in Malawi but a lesser magnitude of difference
in health impact (fewer disease cases and deaths; hence DALYs averted). As a result, the cost-effectiveness of ES was
lower in Nepal than in Malawi. The implication of this finding is that cost-effectiveness of ES is improved when health care
and program costs are lower and disease burden is higher.

This study found that ES provides better value for money in countries where clinical testing rates are low, as ES can
provide an early warning signal before people start presenting with COVID to health care facilities. Also, the more effective
the proactive behavioral intervention implemented by policymakers to flatten the curve is, the more ES provides value for
money. As the COVID-19 pandemic progressed and disease severity declined, policymakers were less likely to implement
more stringent but potentially more effective interventions such as lockdowns. If, however, the population does not adhere
to the behavioral policy response made by policymakers, the ES signal is not useful as there is no behavior change and
no flattening of the curve.

Our findings from the health system perspective are aligned with previous studies. A previous study evaluated the
feasibility of ES for SARS-CoV-2 for Ethiopia [29] and another study evaluated the potential cost-effectiveness of ES for
Japan [43], but the comparator for the latter study was based on alternative interventions such as screening and was not
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focused on the value of the early warning signal provided by ES. Another study evaluated the cost-effectiveness of ES for
typhoid and found it to be potentially cost-effective [20]. None of the existing studies have evaluated the cost-effectiveness
of ES from the societal perspective to include the costs associated with the proactive policy response to the early warning
signal, and thus our study provides evidence not existing in the literature.

Our study has several limitations. First, there is considerable uncertainty in some of the parameters used in the model
as many economic and health consequences are not yet known [44]. Second, we were unable to obtain country-specific
disease burden data and had to rely on assumptions based on global data. Our ES system model assumes a large
central catchment for sewage and interventions on the population level, which would not be generalizable to more spa-
tially heterogeneous pathogens or outbreak scenarios. We additionally modeled the impact of ES in urban areas and did
not evaluate the potential value in less populous geographies. Thus, our results may not apply to less populous areas of
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the country. Lastly, there are generalizability issues as we modeled similar interventions in both countries due to lack of
country-specific information on what interventions local policymakers would implement to flatten the curve due to an early
warning signal from ES. We therefore modeled the impact of behavioral responses with differing impacts to shed light on
how this might impact the model findings. We focused on a single variant and intervention scenario; the cost-effectiveness
of ES from the health system and societal perspectives could be improved if more severe variants were modeled or other
interventions such as vaccines did not exist or were less effective in reducing disease burden.

In conclusion, we found that ES for SARS-CoV-2 has the potential to be a cost-saving or cost-effective tool from the
health system perspective when linked to a proactive and effective public health response. From the health system
perspective, ES can provide an early warning signal before the population starts presenting with disease cases in health
institutions. From the societal perspective, however, the length of the behavioral intervention and its consequences on
productivity losses for the entire population may make it not cost-effective. Our simulations do not take into account the
potential for using ES to detect multiple pathogens and thus inform public health response to multiple pathogens, which
could further improve the cost-effectiveness of ES. This may be an area that could benefit from further research.
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