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About This Research Report

The possibility of a pandemic caused by a novel pathogen motivates the development and
deployment of biosurveillance systems capable of rapidly recognizing novel threats. To inform
decisions that enable the next generation of biosurveillance systems to rapidly detect outbreaks
of novel pathogens, our team evaluated the cost and detection performance of three promising
pathogen-agnostic detection strategies. These strategies employed combinations of novel
detection technologies in an idealized setting of deployment at military base supported by a
dedicated medical facility. This report presents the technologies and systems evaluated and
details the results of a simulation study designed to estimate the total system cost versus its
detection performance, as measured by the proportion of population infected at the time of the
detection and the time from emergence to detection. Given our focus on early detection, this
analysis does not provide comprehensive cost effectiveness of these systems as our analysis does
not include actions, costs, and outcomes following detection of a disease outbreak, such as costs
of disease deaths and illness or the costs and effectiveness of pandemic response. The results will
be of interest to decisionmakers considering deploying such a system and the methods can
inform analysis of other types of biosurveillance systems to serve other populations and
communities.
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Summary

Detecting novel pathogens is a significant challenge for biosurveillance systems, in part
because they rely on pathogen-specific detection technologies. Decisionmakers planning to
improve biosurveillance systems using pathogen agnostic technologies lack evidence on their
expected costs and the expected detection performance of alternative surveillance system
designs. Investment in improved biosurveillance systems is limited by a lack of clarity on cost
versus performance, as well as complex implementation choices.

Approach

This report introduces a model of three biosurveillance strategies, referred to as Syndromic,
Wearable, and Environmental. Each of these is a pathogen-agnostic workflow designed to detect
novel threats via metagenomic next-generation sequencing (mNGS). The Syndromic and
Wearable strategies are initiated by a signal from symptomatic or physiological sensors
(respectively), while the Environmental strategy runs continuously and is intensified
responsively based on external intelligence from event-based surveillance. All strategies are
described fully in the main text. First, we parameterize this model to emulate the detection of
wildtype SARS-Cov-2. Then, we explore how changes in pathogen characteristics and
technology performance change key detection and cost measures. We inform our model with
parameters derived from the literature, and publicly available information on fixed, operating,
and variable costs of disease surveillance activities.

This report provides insight into the tradeoffs inherent to the design of biosurveillance
systems by simulating three alternative strategies. Our modeling approach requires a set of
assumptions about the pathogen being detected (i.e., transmissibility and disease progression),
the detection technology (i.e., sensitivity of alternative detection systems) and how it would be
used in a real-world setting. These assumptions are documented in our main report and its
technical appendix. This simplified setting and treatment of strategies as discrete choices is
intended to capture key features of a deployed military population and provide rough cost versus
performance analysis as one input for choosing a novel surveillance system. Across all scenarios,
we assume the existence of a baseline biomedical capability, including access to standard
diagnostics, and basic outbreak investigation procedures. A real-world implementation would
build on this existing infrastructure, and likely deploy the strategies considered here in
combination rather than atomically.



Key Findings

The Environmental strategy afforded the largest improvements in detection performance
in our base-case scenario, followed by the wearable strategy.

The superiority of the environmental and wearable strategies over the syndromic strategy
degrades in scenarios where the disease has high transmissibility, the proportion of
individuals who are asymptomatic is low and when the disease has a fast latent period.

Recommendations

A limited deployment would allow operating costs to be estimated with more precision,
provide an opportunity to collect logistical and operational data, estimate detection
performance under real-world conditions, and explore data fusion with the larger
biosurveillance enterprise.

There is significant uncertainty in the real-world performance of next-generation
sequencing technologies, which could be greatly reduced via a limited deployment of one
of the strategies explored in this report, or a combination thereof.

Vi
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Strategies to Improve Detection of Novel Pandemic Pathogens:
Cost Versus Detection Performance for Promising Pathogen-
Agnostic Detection Workflows

Background

The possibility of a pandemic caused by a novel pathogen motivates the development and
deployment of biosurveillance systems capable of rapidly recognizing novel threats. Pandemics
can be initiated by a naturally emerging zoonosis, a laboratory or research accident, or
deliberately released. Recognizing the significance of the earliest cases in a nascent epidemic is
difficult for existing biosurveillance systems, even for familiar pathogens. The challenge is
significantly greater for novel pathogens because pathogen-specific detection technologies
require a significant time investment before they can be adapted to a new threat (Morton et al.,
2024). This lag has historically been overcome via syndromic surveillance, which entails
analyzing clusters of symptom reports without requiring specific diagnosis (Henning, 2004).
Still, a new outbreak may not be suspected until many severely ill cases present to a health
service, by which stage several hundred or thousands more could have been infected.

However, even when robust monitoring and syndromic surveillance systems are in place,
detecting emerging pathogen outbreaks has historically entailed additional delays. In a global
analysis of outbreak reports involving both known and unknown emerging pathogens, the
median time between outbreak start and discovery was 20 days, with laboratory confirmation
taking a median of 36 days (Kluberg et al., 2016). Deliberately released engineered agents
intended to evade current surveillance could potentially have even longer time-to-detection using
current systems.

New clinical and molecular testing technologies can be integrated into biosurveillance
systems to provide early warning of nascent epidemics, and if coupled with robust response
measures could reduce the probability of developing into pandemics. New detection technologies
are at various stages of technology readiness. Some are commercially available and widely used,
such as multiplex PCR and similar broad-scope molecular tests for clinical samples. Consumer
innovations are creating new uses and applications such as wearable biometrics and
physiological sensors. Other emerging technologies are in early-stage adoption at specialized
laboratories, such as pathogen-agnostic metagenomic analysis of clinical and environmental
samples. Research suggests promise in incorporating pathogen-agnostic tools into
biosurveillance (Bassi et al., 2022; Bohl et al., 2022; Deng et al., 2020; Gardy & Loman, 2018;
Gauthier et al., 2023; Govender et al., 2021; Miller et al., 2013; Mohsin et al.,
2021).Implementing these technologies in real-world biosurveillance systems presents cost-



effectiveness tradeoffs, yet the research on the cost-effectiveness of those systems is scant.cost-
effectiveness tradeoffs, yet the research on the cost-effectiveness of those systems is scant.

To inform decisions that enable the next generation of biosurveillance systems to rapidly
detect outbreaks of novel pathogens, our team evaluated the cost and detection performance of
three promising pathogen-agnostic detection strategies employing novel detection technologies.
The specific idealized setting for this analysis is deployment at military base supported by a
dedicated medical facility. This site was selected because two characteristics make it a
compelling site for a pilot deployment of such a system. First, the site involves a well
characterized “closed” population that is reasonably self-contained, which significantly
simplifies analysis while still providing real-world relevance. Second, in this context, the
military has broad authorities to implement novel biosurveillance systems, and a track record of
significant investment in novel technologies to protect the warfighter. Narratives of the three
strategies are provided in Appendix A and described in more detail in the following sections of
this report.

This report presents the technologies and systems evaluated and details the results of a
simulation study designed to estimate the total system installment and operating cost versus
detection performance for these systems. The analysis was not intended to provide
comprehensive cost effectiveness estimates of these systems, and does not include actions, costs,
and outcomes following detection of a disease outbreak. The results help inform decisionmakers
interested in deploying such a system in a specific location of the costs they would expect to
incur, and how these costs relate to detection outcomes.

Three Technologies Assessed in This Study

We decided to focus on complementary technologies which can be deployed in combination
for novel pathogen detection. These technologies were chosen due to having overlapping but
distinct characteristics (cost, ease of deployment, technology readiness, etc), collectively
intended to support “pathogen agnostic” workflows.

The three technologies chosen were wearables physiological sensors (Wearables), multiplex
Polymerase Chain Reaction (mPCR), and metagenomic Next-Generation Sequencing (mNGS).
Respectively, these technologies provide i) continuous syndromic monitoring of entire
populations, ii) broad but pathogen-specific molecular detection, and iii) pathogen agnostic
detection and rich threat characterization. Each is described in more detail below.

Wearable Physiological Sensors

Wearables are continuously worn physiological sensors that can complement traditional
disease surveillance systems by continuously monitoring physiological parameters such as heart
rate, body temperature, sleep patterns, and blood oxygen levels (Kim et al., 2019) . Subtle



deviations from normal patterns could indicate the onset of an infection before physical
symptoms manifest, and well before presentation at a healthcare facility.

Multiplex Polymerase Chain Reaction

mPCR panels screen a single sample against a variety of known threats, allowing for broad
diagnoses undirected by the patient’s symptoms (Wittwer et al., 2001). For our purposes in this
analysis, mPCR panels allow “ruling out” of known, common causes of illness, which reduces
the number of samples referred forward for pathogen-agnostic metagenomic sequencing, and has
the added advantage of not requiring significant marginal equipment costs.

Metagenomic Sequencing

mNGS can be used to detect a novel pathogen without prior knowledge of its genome and
demonstrates significant promise in its utility as a pathogen-agnostic surveillance tool. mNGS
could also reduce the time between novel pathogen discovery and genetic characterization,
which may accelerate the development and deployment of countermeasures that require genome
information. There have been calls for incorporating mNGS into global surveillance for new
outbreak detection and reducing the time from discovery to pathogen characterization (Chiu &
Miller, 2019; Gardy & Loman, 2018; Miller et al., 2013).

Methods

Our base-case scenario simulated an outbreak of a previously unknown airborne pathogen
similar to SARS-Cov-2 spreading person-to-person in a closed population, beginning with a
single infected individual. This scenario represents a novel respiratory pathogen with pandemic
potential, spreading through a population of deployed military personnel.

Technical details of our epidemic simulation can be found in Appendix B (see Transmission
Model section, and Appendix B Table 1). Briefly, we assume each healthcare facility served a
closed population of 1000 susceptible individuals. Transmission is exclusively person-to-person
with a pre-symptomatic period during which an infected person can infect others. Further, some
infected individuals can infect others while remaining asymptomatic. Baseline estimates for
parameters in this model reflecting characteristics of the disease, population, and technologies
were identified from literature and expert engagement. The range of values used, nominal values,
and their sources are presented in Appendix B.

The nominal value of each parameter is meant to represent a pandemic caused by a pathogen
similar to wildtype SARS-Cov-2, whereas sensitivity analyses evaluate the performance of the
systems across a wide set of scenarios representing pathogens with different transmissibility and
alternative assumptions about technology performance.

We assessed three surveillance strategies, each of which combined traditional and novel
detection technologies in a logical order. Following standard practice to increase cost-



effectiveness, we used lower cost-per-use technology for initial screening and reserved higher
cost-per-use technology at a later stage for samples that were more likely to contain a novel
pathogen. This was intended to make each strategy independently as cost-effective as possible
while allowing comparisons of global cost-effectiveness across strategies for a range of threat
scenarios, plausible values for uncertain quantities, and other implementation choices.

Three types of costs — fixed upfront cost of installation, ongoing operating cost, and per-test
variable cost — were estimated through 1) peer-reviewed literature including published data from
prior analyses, i1) consultations with the authors of these studies, and iii) publicly available
information from manufacturers. Details on costs and sources are provided in Appendix B.

Surveillance Strategies

To evaluate cost-effectiveness in a realistic deployment setting, where detection technologies
are unlikely to be used in isolation, we considered three “strategies” for detecting novel
pathogens. These are briefly described below, and detailed descriptions of each strategy are
provided in Appendix A. The proportion of individuals referred to the next stage of each strategy
was varied through a range of plausible values, as detailed in Appendix B.

Syndromic

A fraction of symptomatic individuals who present to a healthcare facility are first investigated
by an mPCR panel, with a proportion of the remaining unexplained symptomatic individuals
referred for mNGS. The Syndromic strategy most closely mirrors currently used biosurveillance
early warning systems, with the addition of systematic threat characterization through pathogen-
agnostic mNGS testing.

Wearable

Similarly, in this strategy a fraction of individuals who receive an alert from a passive wearable
sensor are first screened against known respiratory illness causes using an mPCR panel, and a
fraction of still-unexplained alerts are then further investigated via systematic pathogen-agnostic
mNGS testing.

Environmental!

In this strategy, sequencing of both wastewater samples and swabs from a random subset of the
population occurs at a baseline low frequency, which can be intensified (in terms of frequency,

! Note that while the Syndromic and Wearable strategies are structurally similar and can be directly compared, the
Environmental strategy includes the additional element of adaptive intensification in response to outside
information. This somewhat limits the direct comparability of the Environmental strategy, and future work could
explore the consequences of including this element in the other strategies or assess the performance of an
Environmental strategy without this feature. Further, since this strategy does not test based on symptomology it is
more vulnerable to false positive results. For example, it is possible that both wastewater sites and individual



population fraction, and/or sequencing depth) in response to an external signal or warning (e.g.
from an event-based surveillance system). Concurrent sampling of wastewater and swabs allows
for cross-comparison of results from a combined community source (i.e., wastewater) and
individuals in the population, allowing for corroboration that a novel sequence detected in
wastewater corresponds to a novel human pathogen.

Surveillance Costs

We estimated capital, operating, and per-test expenditures associated with each strategy. For
all strategies we assumed the pre-existence and availability of typical laboratory capabilities and
thus did not include additional costs for routine materials and equipment (including PCR
machines and standard related consumables). Capital costs included investments in sequencing
machines, wearable devices, and personal protective equipment (specifically, 2 protective re-
usable suits for wastewater sampling in the Environmental strategy, per facility), while operating
costs included labor and facility expenses. Variable per-test costs associated with mPCR and
mNGS included mPCR test kits, sequencing preparation and reagents, as well as other non-
standard consumables. These cost estimates were based on prevailing market rates for
comparable goods and standard laboratory procedures. A more detailed description of the costs
and data sources is provided in Appendix B (see Tables B.5 to B.7 for detailed cost information).

Scenario Discovery

A priori, we expect the Syndromic surveillance system to underperform in detection relative
to the Wearable and Environmental Strategies. Yet it is unclear the extent to which this result
will hold across a wide set of potential new pathogens and technology performance
characteristics. Therefore, we use a Scenario Discovery approach (Bryant & Lempert, 2010) to
identify conditions under which each strategy would fail to detect the outbreak 15 days before
the syndromic strategy would otherwise detect it. We focus on time to detection as the key
outcome in this analysis because early detection is the main goal of those systems.

We construct a Latin hypercube sample (LHS) encompassing the plausible range of all
parameters to investigate conditions under which syndromic surveillance detects outbreaks
within comparable timeframes to the other strategies. Specifically, we first run the three
strategies in a base-case scenario aimed to represent the characteristics of a pathogen similarly to
SARS-Cov-2. Because each strategy has a different set of parameters (Tables B2, B3 and B4), it
is inefficient to create one sample varying all parameters simultaneously. Therefore, we create
two sets of parameters: one to compare the Wearables strategy to the Syndromic strategy
(parameters in Tables B1, B2 and B3) and one to compare the Environmental Strategy to the
Syndromic strategy (parameters in Tables B1, B2 and B4). Then, for each parameter set, we

samples could be contaminated by a novel non-human virus (e.g. a circovirus), which could produce a false positive
signal that would require further investigation to ascertain as not associated with human disease.



compare the time-to-detection of the Wearable or the Environmental strategy to the Syndromic
surveillance strategy, computing the number of days of “early warning” of each strategy relative
to Syndromic surveillance. In other words, we compute a “detection timeliness regret” — i.e., the
number of additional days that it would take to detect a pathogen if the syndromic strategy was
used in lieu of the other two alternatives.

We then apply scenario discovery methods to characterize “late warning” scenarios — i.e.,
conditions under which environmental or wearable strategies failed to detect the outbreak 15
days before syndromic surveillance. Our “late warning” scenario therefore is coded as a binary
outcome: scenarios where syndromic surveillance detects within 15 days of the alternative
strategy are labeled as “late warning” cases, while scenarios where the alternative detects more
than 15 days before syndromic are coded as “early warning” cases. The independent variables
comprise 27 parameters spanning pathogen characteristics (reproduction number, asymptomatic
prevalence, latent and recovery period rates), surveillance implementation factors (metagenomic
sequencing probabilities, clinic visit rates, testing sensitivities), and technical specifications
(wastewater detection thresholds, sequencing depth, sensor performance).

Using the Patient Rule Induction Method (PRIM), we characterize parameter regions where
syndromic detection occurs within 15 days of alternative strategies. In addition, we also use
Classification and Regression Trees (CART) to identify regions in the parameter space where the
environmental strategy and wearable strategies would only yield a “late warning” relative to a
syndromic strategi, and we assess the robustness to these results using the feature importance
score of a Random Forest classifier. We chose 15 days as a threshold to separate early and late-
warning cases because (i) 15 days is a meaningful time window enabling early action, therefore
situations where a 15-day advantage is not achieved can be meaningfully labeled as a “failure” of
decision-making and (ii) because we can find enough cases in our dataset of runs to properly
characterize those failures conditions. In line with Robust Decision Making’s (RDM) scenario
discovery approach, our Latin Hypercube samples does not impose assumptions on the
likelihood of the parameters within those ranges and is intended to efficiently explore the
performance of each strategy over the parameter space defined by Tables B2, B3 and B4.

Results

Base-Case Analysis

Below we present summary results showing the detection performance and cost incurred by
each strategy to detect the outbreak, benchmarked on the characteristics of wild-type SARS-
CoV-2 and the default chosen values for other model inputs (see Appendix B, Tables 2-4, under
the Nominal Values column). Costs are calculated per healthcare facility, assuming that each
facility serves a self-contained population of 1000 service members.



Table 1. Performance of Surveillance Strategies in Base-Case Scenario

Detection Performance Cost per facility
Time to Size at Fixed Ongoing During event
detection detection costs cost® ($1000 USD / week)
Strategy (days) (% of population) ($1000 USD) ($1000 USD / week)
Syndromic? 44 43.6 420.0 3.2 4.9
Wearable® 28 7.0 820.04 173.7 187.2
Environmental® 8 0.3 422.8 96.3 687.3

SOURCE: The authors.

NOTE: Underlying parameters are listed in Appendix B Tables 2-4 under the nominal value column.

a Least expensive, but significant delays to detection and increased size at outbreak discovery; Utilizes
existing biosurveillance systems, with the additional integration of mMNGS technology that could allow for
threat characterization.

b Significant improvements to time-to-detection and outbreak size at discovery compared with syndromic
strategy; Highest baseline cost of all the strategies, but during a threat scenario surge costs are small.

¢ Fastest time-to-detection and smallest outbreak size at discovery of the three strategies; in the week
preceding the threat scenario, the cost of this strategy significantly increases with intensified sequencing in
response to external EBS signal.

4 Includes a one-time expense to purchase commercial-off-the-shelf (COTS) wearable (Oura rings) for all
1000 personnel.

¢ Includes operating costs and baseline testing.

fIncudes operating costs and surge testing.

In this scenario, the Environmental strategy leads to the earliest detection. The Syndromic
strategy detects events much later (44 days from the initial case in a wildtype SARS-CoV-2
scenario), with a much larger caseload (43.6% of the population) at the time of detection. The
Syndromic strategy remains slower to detect events than the Environmental strategy even under
conditions designed to be maximally discoverable via a syndromic signal (for example, a
pathogen with an Ro of 13, a very short latent period of 0.33 days, and 100% probability of
causing symptoms). However, the Syndromic strategy does outperform Wearables (although not
Environmental) when the proportion of unexplained mPCR results referred to mNGS is
significantly increased, as detailed in the appendix.

Sensitivity Analyses

Disease parameters such as a pathogen transmissibility and its latent period can have a
substantial effect both on detection performance and variable costs. Figure 1 illustrates how the
performance of the three strategies would change depending on Ro. Pathogens with high
transmissibility (i.e., high Ro) are detected at an earlier time point for all three strategies, but with
a larger percentage of the population infected at the time of detection for the Syndromic and
Wearable strategies. Wearable and Environmental strategies outperform Syndromic surveillance



in terms of detection performance, with a larger advantage for less transmissible (low Ro)
pathogens. The consequences of varying pathogen transmissibility on detection performance and

cost are presented in Figure 1.

Figure 1. Detection Performance and Cost with Varying Reproduction Numbers
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Detection Performance and Costs Versus Pathogen Latency Periods

Pathogens with a long latent period result in an increased time-to-detection for all three
biosurveillance strategies, with a greater relative delay for syndromic surveillance. The
difference increases proportionally to the length of the latent period. During a novel pathogen
event, the average cost per week from the outset to the time of detection is greatest for the
Environmental strategy but reduced for diseases with longer latent periods.



Figure 2. Detection Performance and Cost with Varying Latent Period
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For all strategies, increased mPCR sensitivity decreases the time-to-detection and size at
outbreak discovery and leads to a modest increase in the average cost per week. In contrast,
increased specificity does not impact time-to-detection and size at outbreak discovery, but does
linearly reduce cost of testing per week at both baseline and in a threat scenario

Scenario Discovery

In our base-case scenario, environmental and wearable surveillance strategies detect
outbreaks 16 and 36 days earlier than syndromic surveillance, respectively. However, pathogen
characteristics and technological uncertainties could reduce this detection advantage. .We
investigate the conditions where environmental or wearable strategies detect outbreaks within 15
days of syndromic surveillance, these being labelled as “late warning” cases. Across all scenarios
simulated wearable surveillance provides late warnings in 27.4% of cases, and environmental
surveillance provides late warnings in 12.7% of cases (Table B.8).

Scenario discovery analyses using PRIM and CART revealed that the reproduction number
(Ro) was the main driver of late warning scenarios. Fast-spreading diseases generally provide
less opportunity for early warning, resulting in shorter detection lags between syndromic
surveillance and the two other alternatives. Specifically, wearable strategies provide late warning
when Ro > 5.1, while environmental strategies provide late warning when Ro > 5.8 (Table B.11).
Nearly 60% of simulations where Ro exceeds these respective thresholds result in late warning
scenarios.

When comparing syndromic to wearable surveillance, PRIM identified two distinct regions
(Table B.9). A high-coverage region captures 85% of late warning cases, characterized by Ro >
4.1 and asymptomatic prevalence < 81.5%, although about half of scenarios within these bounds
result in shorter detection lags. The high-density region captures 94% of late warning cases



within a smaller parameter space: Ro > 6.5, asymptomatic prevalence < 54%, together with better
diagnostics (metagenomic sequencing > 19.7%, clinic visits > 21.5%)).

Environmental surveillance requires more restrictive conditions for short detection lags
(Table B.10). The high-coverage region found requires Ro > 6.1 with asymptomatic prevalence <
63%, and contains two-thirds of late warning scenarios. The high-density region increases
requirements to Ro > 7.6 and asymptomatic prevalence < 37.7%, representing extreme conditions
where detection lags are consistently short. Metagenomic sequencing thresholds were 2.5 times
higher compared to wearable requirements, indicating greater testing dependence.

The Random Forest analysis confirmed Ro as the most important parameter for identifying
late warning scenarios (36-39% importance score), followed by asymptomatic prevalence (18-
21%) (Table B.12). Latent period importance was higher for environmental strategies (15.5% vs
10.2%), showing that faster disease progression shortens detection lags. These findings
demonstrate that the environmental strategy and wearable strategies would yield late warning
under high-transmissibility conditions with rapid symptom development, and that better
diagnostic deployment can partially offset unfavorable pathogen characteristics.

Discussion

The study compares three biosurveillance strategies — Syndromic, Wearable, and
Environmental — that could improve the ability to detect outbreaks of novel pandemic-potential
pathogens. Each of these strategies could be integrated into the existing health systems either
individually or simultaneously. However, their implementation requires careful consideration of
performance, cost, and operational logistics. The main contributor to novel fixed capital cost, and
under many simulated scenarios a large fraction of variable costs, is the integration of mNGS;
however, the benefit is that this technology permits compelling pathogen-agnostic capabilities
that permit rapid detection and pathogen characterization.

The costs in our model could potentially be reduced by aggregating sample processing from
multiple facilities in central laboratories, using existing wearable technology being piloted by
militaries, or via enhancing existing respiratory syndromic surveillance system whereby a
proportion of negative results could be redirected for mNGS screening for novel pathogens.
Multiplexing mNGS (i.e. analyzing multiple samples simultaneously) could be used to reduce
the per-test cost associated with sequencing reagents.

One of the central advantages of pathogen-agnostic capabilities is the more rapid progression
from event detection to characterization. However, the performance of all strategies depend on
pathogen and surveillance strategy parameters. Outbreak scenarios where the pathogen has high
transmissibility, results in a high proportion of symptomatic cases, and has a small latent period
can prove challenging for early detection. Appropriate use of these technologies also depends on
the context of the populations and communities being served. This analysis considers a specific
population, namely a fixed military installation, for which we had identified characteristics that
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make the installation of novel biosurveillance systems more practical. Future analysis could
consider how the technologies might be used to serve other types of populations and
communities.

The integration of pathogen-agnostic mNGS data into the biosurveillance enterprise poses
several challenges beyond the cost versus detection assessment performed here. To enable real-
time responses to potential outbreaks, robust tools and processes are needed for linking clinical
samples, pathogen metagenomic data, and epidemiological data. This linkage can support contact
tracing, pathogen and outbreak characterization, and containment operations. The sheer volume
of data produced by metagenomic sequencing necessitates the use of scalable bioinformatics and
visualization tools to extract meaningful insights. Advances in this problem are anticipated and
pilot demonstrations and tests could improve understanding of these issues and inform how to
employ these technologies most effectively, including integration of commercial solutions.

Finally, we note several limitations in this analysis. There are significant challenges in
interpreting novel sequences detected from environmental sources like wastewater. In a practical
setting, such a novel sequence would need confirmatory evidence of pathogenicity. Further,
biological features of specific viruses influence environmental stability and thus could limit
detectability via environmental sampling (e.g. enveloped viruses are generally unstable outside
the host). Additionally, we have not considered the many possible deployment permutations that
could combine these sampling strategies, nor the cost versus detection performance impact of
possible combinations. Moreover, this analysis used a deterministic disease model, therefore
stochastic effects are not considered in this study. For example, it is possible that strategies
without environmental sampling might be more prone to perform poorly as they rely to a greater
extent on individuals seeking to get tested. We also assumed perfect sensitivity and specificity of
mNGS, reflecting its practical use to resolve complex clinical cases, but note that real world
evaluations of clinical mNGS have found a range of diagnostic performance (Liu, Zhang et al.
2022). Addressing those limitations are likely a fruitful avenue for further analysis.

Given the evolving threat landscape that includes the potential for sophisticated, engineered
biological threats by adversaries that may not be detected by current pathogen-specific laboratory
tests, the need to incorporate pathogen-agnostic tools into biosurveillance is paramount.
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Appendix A. Assessed Strategies

Narrative Description of Strategies

The Syndromic strategy begins with sampling of symptomatic individuals in the military population. Each day, a
subset of the population develops symptoms consistent with a respiratory infection. Those not infected with the
modeled novel threat develop symptoms at the rate of baseline incidence of influenza-like-illness (ILI). Those
infected with the threat become symptomatic at a rate determined by the threat’s incubation period. A subset of
individuals that develop symptoms present to a military clinic a few days after symptom onset. Of those presenting
to a clinic, a subset is given a multiplexed PCR (mPCR) test to rule out infection with known pathogens. Those not
infected with the threat are correctly ruled out according to the mPCR test’s global sensitivity (i.e. the fraction of
tests that correctly identify the ILI as being caused by one of the infectious agents covered by the mPCR panel).
Similarly, those infected with the threat are incorrectly ruled out according to the mPCR test's global specificity. A
subset of individuals whose symptoms have not been explained by mPCR provide a sample for metagenomic
next-generation sequencing (MNGS). Sequencing results are available after a few days and the number of
individuals that contribute an unknown sequence (i.e., those infected with the threat) is tracked, and an outbreak is
declared when 4 samples with identical unknown sequences are detected. This threshold was chosen given the
number of cases discovered at the beginning of SARS-CoV-2. A lower threshold would be likely to result in
spurious false positive detection. Future work could incorporate a desired detection threshold.

The Wearable strategy begins with sampling of individuals who receive wearable-based alerts. We assume that
everyone in the population has a wearable that provides a daily status update: an alert, suggesting a suspected
ongoing iliness, including an ILI; no alert, suggesting no suspected ongoing illness. Each day, some individuals
not infected with the threat are ill, according to the baseline prevalence of ILI. Those who are ill (with the threat or
with ILI) receive an alert according to the wearable’s sensitivity, while those who are not ill receive an alert
according to the wearable’s false positive rate. A fraction of individuals with an alert are given an mPCR test, to
rule out infection with known pathogens. A subset of individuals whose alerts have not been explained by mPCR
provides a sample for mMNGS. Sequencing results are available after a few days and the number of individuals that
contribute an unknown sequence (i.e., those infected with the threat) is tracked, and an outbreak is declared when
4 samples with identical unknown sequences are detected.

The Environmental strategy features periodic sampling of wastewater from the base wastewater catchment,
coupled with random sampling from the military population. Both wastewater and population sampling happen
routinely at a low frequency. In the event of event-based surveillance (EBS) or other warning signal from existing
intelligence infrastructure, sampling intensity (i.e. frequency, population fraction, and/or sequencing depth) can be
increased for a period of time. Both environmental samples and population-based random samples are tested
using mNGS. Sequencing results are available after a few days, counts of identical unknown sequences are
averaged across environmental and population sampling pipelines, and for the purposes of this simulation
analysis an outbreak is declared when 4 identical unknown sequences are detected. The inclusion of both forms
of samples in this pipeline allows for cross-comparison of results and corroboration between a pooled population
sampling location (wastewater) with individual clinical samples.
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Figure A.1. Conceptual lllustration of Detection strategies
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Appendix B. Simulation Model

Transmission Model

To simulate outbreaks of an unknown pathogen, we generated a population of individuals
with disease states defined by the following compartments (Figure A2): Susceptible (S), Exposed
(E), Infectious Presymptomatic (Ip), Infectious Symptomatic (Is), Infectious Asymptomatic (Ia),
and Removed (R).

Figure B.1. Compartment Model Structure

The model is governed by the following differential equations:
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We initially parametrize the model based on properties of wild-type SARS-CoV-2 (Table
B.1.) before considering a range of plausible novel pathogen parameters to simulate outbreaks
with unknown threats.

The basic reproduction number Ro was derived using the next-generation matrix method
applied to our system of ODEs. The resulting R0 expression is:

Ro = B8/y2 = BO-1)/A = B(O—-1)/v1
Since we wish to parameterize the model in terms of R0, we obtain f as a function of RO and
other disease parameters:

B = Ro/[6/y2 — (6—-1)/A — (8 —1)/v4]
Which is equivalent to

B = Ro/[6/y: — (8—1)/A — (8~ 1)/yi]
where the inverse of the denominator is the contagious duration of the disease. In our base-case
scenario, we use the literature-supported value of Ro = 3.28 along with baseline values for the
progression parameters (Y1, Y2, A, and 0), which yielded our reported p value of 0.353. Our one-
way sensitivity analysis demonstrates how the performance of the strategies changes by varying
only Ro and a, keeping the other disease parameters constant. In our scenario discovery analysis,
we vary Ry and all other parameters simultaneously and solve for 3 using the equations above.
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Table B.1. Transmission Model Parameters

Value for WT SARS- Range for Sensitivity
Parameter Definition CoV-2 Reference Analysis?
Transmission coefficient; . Derived for RO of 3.28 .
B effective contact rate Derivedb (Liu et al., 2020) Derived for R0 1.1- 10
Rate of progression to
a infectiousness; (mean latent (3.3 days)-1 =0.30 Zhao et al. (2020) (0.5 - 100 days)-1 0.01
period)-1 -2
(S} Asymptomatic fraction 0.35 Sah et al. (2021) 0-1
1-0 Probability of developing 0.65 Sah et al. (2021) 0-1
symptoms
. Casey-Bryars et al (0.5 - 100 days)-1 0.01
A i‘éﬁ‘tﬁ’;‘;r;ndel‘;fxm:gé d()r_';ea” (2.6 days)-1=038  (2021) (Casey-Bryars, -2
P Griffin et al. 2021)
Rate of removal in symptomatic Casey-Bryars et al ) .
Y1 infectious; (mean symptomatic (6.7 days)-1 =0.15 (2021) (Casey-Bryars, EOZ'S 100 days)-1 0.01
infectious period - 1/A)-1 Griffin et al. 2021)
aR:;sngIorrirg’:i)(\:/?rllflgctious (mean (0.5-100 days)-10.01
Y2 . o (9.3 days)-1=0.11 Byrne et al.(2020) -2
asymptomatic infectious
period)-1
NOTES:

2 In sensitivity analyses, we vary R0 and the other parameters using a Latin Hypercube sample of 10,000 points to
compare the performance of the alternative surveillance systems within this range of parameters. We then back out 3 for
each parameter combination, using the RO equation obtained with the next-generation matrix method, as discussed
above. The contagious duration of the disease is 6/y, — B(6 —1)/A — B(6 — 1)/y1, and, given the range of disease
duration parameters, is in the range of 0.5 to 200 days.

b Estimated using the next-generation matrix; nominal B is 0.353; we consider a range of 0.118 - 1.075.

Assumptions

We model an outbreak of a novel pathogen of deliberate or non-deliberate origin affecting

one population of military personnel served by a military treatment facility. For ease of

comparison of the results in this preliminary analysis, all scenarios begin with a single infected

individual. Future work could incorporate simultaneous initial infections to a deliberately

initiated event. For the purposes of the scenario and model design, we make the following

assumptions:

e Each military facility population is closed. There is no contact with civilian or local
populations.
e The pathogen has the following properties:

Transmission is human-to-human

There is a latent period

Virus can be shed prior to symptom onset (presymptomatic transmission)

Not all infectious individuals develop symptoms (asymptomatic transmission)
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We do not capture scenarios with the following attributes:

The pathogen has different disease progression dynamics that would lead to different
model construction designs (e.g., a latent period longer than the incubation period).
Diseases that manifest outside parameter bounds (see Table B.1.).

Outbreaks that go extinct before detection can occur.

Outbreaks of multiple pathogens simultaneously.

Outbreaks of vector-borne pathogens or, more generally, pathogens that do not spread
directly from person-to-person.

Syndromic Strategy

This strategy features targeted, stepwise sampling of symptomatic individuals in the military

population. This pipeline, parameterized according to Table B.2., is as follows:

1.

2.

3.

4.

Each day, a subset of the population develops symptoms:

a. Susceptible and Removed individuals develop symptoms with probability p,;, , the
baseline incidence of influenza-like-illness (ILI). Variation in the incidence is
considered to account for the fact that most ILI diseases are contagious and therefore
cases are often clustered in time.

b. Those infected with the unknown pathogen enter the Infectious Symptomatic (Is)
compartment.

Individuals that develop symptoms present to a clinic (e.g., a Military Health Service
clinic) with probability p,;s;; and a delay of d,,;5;; days after symptom onset.

A fraction, p,,pcr, of individuals that present to a clinic are given a multiplexed PCR
(mPCR) test to rule out infection with known pathogens:

c. Infections with general ILI are correctly ruled out with probability SE,,pcg, the
sensitivity of the mPCR test.

d. Infections with the unknown pathogen are incorrectly ruled out with probability (1-
SPp.pcr), the false positive rate of the mPCR test.

A fraction, py¢s, of individuals with symptoms unexplained by mPCR provide a sample
for metagenomic sequencing (mNGS). Sequencing results are available after d ;s days.
The cumulative number of individuals that contribute an unknown sequence is tracked.

Table B.2. Syndromic Strategy Parameters

Parameter Range

Parameter Definition Nominal Value to Consider Rationale and Reference

PILIipne

Duisit

Reported ILI incidence
using CDC data (Song et
al.,, 2021)

Baseline incidence of 0.0001 5.92 - 15.84 per
ILI ’ 100,000 per year

Probability of
presenting to a clinic
given onset of
symptoms

Plausible range (Tsuzuki &

0.75 0.1-0.9 Yoshihara, 2020)
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Parameter Range
Parameter Definition Nominal Value to Consider Rationale and Reference

Mean delay (days) Plausible range (Michiels et

dyisic between symptom =, 1-3 al., 2011)(Michiels, Thomas
onset and presentation etal. 2011)
to a clinic ’

Probability of being
given an mPCR test

PmpCR given presentation to a 1.00 0.1-1 Assumed in model design
clinic with symptoms
Sensitivity of the Pathogen-dependent range
SEmpcr mPCR test 0.95 0.67-0.98 (Huang et al., 2018)
Specificity of the Pathogen-dependent range
SPmecr mPCR test 0.98 0.98-1.0 (Huang et al., 2018)
Probability of being
Puas sgquenced with mNGS 0.05 0.01-1.0 Assumed in model design
given symptoms were
unexplained by mPCR
aﬂ%ys(izﬁ) lt;etween Reported workflow variation
ducs  Samp 2 1-7 (Dulanto Chiang & Dekker,
collection and 2020)

availability of results

Wearable Strategy

This strategy features targeted, stepwise sampling of individuals in the military population
who receive wearable-based alerts. In essence, everyone in the population has a wearable that
provides a daily status update: an alert, suggesting a suspected ongoing infection, including an
ILI; no alert, suggesting no suspected ongoing infection. This pipeline, parameterized according
to Table B3, is as follows:

1. Each day, the population is segmented:

a. Group 1 (infected, non-threat): Susceptible and Removed individuals are infected
with probability p;; Iprey = PlLIgc * d;.; , where p;;. Ipre is the prevalence of ILI and
d;;; 1s the duration of ILI in days.

b. Group 2 (infected, threat): Exposed, Infectious Presymptomatic (IP), Infectious
Asymptomatic (IA), and Infectious Symptomatic (IS) individuals are infected.

c. Group 3 (not infected): Susceptible and Removed individuals are not infected with

probability (1 = p)irr,,e,-
2. Accordingly, each population group is delivered alerts each day:

a. Groups 1 and 2: alerted with probability TPR,,cqrapie, the sensitivity of the wearable
with respect to determining that an individual is currently infected.

b. Group 3: alerted with probability FPR ,cqranie, the false positive rate of the wearable.
Here, (1 — FPR,cqranie) 1S the specificity of the wearable with respect to
determining that an individual is currently infected.
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3.

4.

A fraction, pycr, of individuals who receive an alert are given an mPCR test to rule out
infection with known pathogens:

a. Group 1: alerts are correctly ruled out with probability SE,;,pcr

b. Groups 2 and 3: alerts are incorrectly ruled out with probability

(1 - SPmPCR)~

A fraction, py¢s, of individuals with symptoms unexplained by mPCR provide a sample
for mNGS. Sequencing results are available after dy;;s days. The cumulative number of
individuals that contribute an unknown sequence is tracked.

Embedded in this surveillance pipeline are the following assumptions and caveats:

We assume that wearable sensitivity is uniform over the course of infection and
independent of symptoms. In real world scenarios, the probability of an alert likely peaks
on the days around symptom onset and those who go on to present with symptoms likely
have a more significant physiological response enabling greater wearable sensitivity.

We do not account for recent mPCR and mNGS results when determining how many
people with alerts and unexplained mPCR results go on to receive an mPCR test or be
sequenced, respectively. In real world scenarios, there is likely to be some time constraint
on receiving one or both of these assessments (e.g., cannot receive an mPCR test or be
sequenced more than once per K days). However, if p,,pcr and py¢s are sufficiently low,
it may be possible to always select people who did not receive such an assessment in the
last K days from the pool of people who receive alerts.

This model assumes that mNGS provides definitive diagnosis without false positives or
negatives. This assumption is used for the three strategies tested in this report.

Table B.3. Wearables strategy parameters

Parameter Range to

Parameter Definition Nominal Value Consider Rationale and Reference

PILIipne

TP Rwearab le

Pmpcr

5.92 - 15.84 per 100,000 Reported ILI incidence using

Baseline incidence of ILI 0.0001 per year CDC data (Song et al., 2021)

Reported ILI infectious period
Mean duration of ILI (days) 5 3 -7 days (Palmer et al., 2010) (Palmer,
Rousculp et al. 2010)

True positive rate (i.e.,
sensitivity) of the wearable
with respect to determining
that an individual is
currently infected on a
given day

0.30 0.05-0.95 Assumed in model design

False positive rate of the
wearable with respect to

FPR,,carabie determining that an 0.10 0.1-0.5 Assumed in model design

individual is currently
infected on a given day

Probability of being given
an mPCR test given receipt 1.00 0.1-1.0 Assumed in model design
of a wearable alert
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Parameter Range to

Parameter Definition Nominal Value Consider Rationale and Reference

SEmPCR

SPmPCR

Pmcs

dMGS

Pathogen-dependent range
0.95 0.67 - 0.98 (Huang et al., 2018) (Huang,
Tsai et al. 2018)

Sensitivity of the mPCR
test

Specificity of the mPCR Pathogen-dependent range

test 0.98 0.98-1.0 (Huang et al., 2018)
Probability of being
sequenced with mNGS — 5 0.01-1.0 Assumed in model design

given symptoms were
unexplained by mPCR

Delay (days) between
mNGS sample collection 2 1-7
and availability of results

Dulanto Chiang & Dekker
(2020)

Environmental Strategy

This strategy features periodic sampling of wastewater and periodic random sampling of

individuals in the military population for mNGS. An event-based surveillance (EBS) signal can

trigger increases in the frequency or extent of sampling. This pipeline, parameterized according
to Table B.4., is as follows:

1.

2.

An EBS signal is obtained on day dggs of the outbreak (starting at day zero) and is in
effect for Agps days.

Wastewater is collected every dyy, days and is sequenced with mNGS with a depth of r
reads. In the presence of an EBS signal, dy,, can be decreased and/or r can be increased.
The fraction of reads that contain the unknown pathogen’s sequence is calculated by
applying Preqas_at_1p1k-» the fraction of reads that would contain the unknown
pathogen’s sequence at a prevalence of infectiousness of 1 per 1000, to the current
prevalence of infectiousness. Sequencing results are available after dy,;s days. The
number of reads that contain an unknown sequence is converted to a number of “effective
samples” that contain an unknown sequence according to Tsgmpe to facilitate costing
efforts.

Simultaneously, a fraction, p,op_sampie» Of the population is randomly sampled every
dpop days for sequencing with mNGS. In the presence of an EBS signal, d,,,;, can be
decreased and/or p,op_sampie €an be increased. Sequencing results are available after
dyes days.?

The cumulative number of reads that contain an unknown sequence from environmental
sampling and the number of individuals that contribute an unknown sequence from
population sampling are averaged and tracked.

Embedded in this surveillance pipeline are the following assumptions and caveats:

The number of reads that contain an identical unknown sequence and the number of
individuals that contribute an identical unknown sequence can be averaged to obtain the
number of identical unknown sequences observed per day for comparison against a
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decision threshold. This assumption allows for an approximation of the number of reads
in a wastewater sample to the number of cases resulting in the observed read count. It
also includes cross-correlation of a pooled environmental sample from the population
(wastewater) and individual clinical samples from random population sampling.

e In wastewater samples, the fraction of reads that contain an unknown pathogen’s
sequence increases linearly as a function of the prevalence of infectiousness with slope

Preads_at_ 1plK-
e There is no delay between the shedding of a pathogen’s genetic material and that genetic
material being sampleable in wastewater.

Table B.4. Environmental Strategy Parameters

Parameter Range

Rationale and

Parameter Definition Nominal Values to Consider Reference
Day of the EBS signal .
dgps post outbreak 3 1-7 g\:iur:ed in model
commencement on Day 0 9
Duration (days) for which
the EBS signal is in effect, ) Assumed in model
Agps prompting increased 30 7-150 design
surveillance
. Assumed for model;
Wastewater collection arameter ranae
d period (days; specified as 1) 05-2 2 lies to couegction in
ww period prior to and after ’ : thpeppresence of an
the EBS signal) EBS signal
wastowater colecton Assumed in model
T o . (107, 108) 107 - 10° design based on
(specified as reads prior to expert discussions
and after the EBS signal) P
Depth (reads) with which a
clinical sample is
sequenced with mNGS; Drawn from published
Tsample only used to convert reads 107 - paper on Threat Net
from wastewater collecting (Sharma et al., 2023)
to a number of “effective
samples”
Fraction of wastewater
reads that contain an .
unknown pathogen’s Assumed in model
Preads at 1p1k sequence at a prevalence 2x10° 1010 -10° design based on
of infectiousness of 1 per expert discussions
1000
. . Assumed for model;
Population sampling parameter range
d period (days; specified as 2, 1) 05-2 applies to sampling in

pbop

period prior to and after
the EBS signal)
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Parameter Range Rationale and
Parameter Definition Nominal Values to Consider Reference

Assumed for model;
parameter range

(0.01, 0.10) 0.01-0.5 applies to sampling in
the presence of an
EBS signal

Reported workflow
variation (Dulanto
Chiang & Dekker,
2020)

Fraction of the population
Ppop_sample to be randomly sampled

Delay (days) between
ducs mNGS sample collection 2 1-7
and availability of results

Outcome Measures

We track the cumulative number of identical unknown sequences observed from a unique
number of samples, k. If k surpasses 4, we consider the outbreak to be detected, triggering
follow-on surveillance and containment measures. We track Zgesection, the day on which detection
occurred, and igesecrion, the cumulative incidence of infection at Zseseciion as a proportion of the
population, as outcome measures. We also identify the end of the outbreak ¢,,4 by tracking
when there is no more change in the Recovered compartment. We define the “threat period” as
the start of the simulation until Zsesecrion, and the “baseline period” as t,,4 until the end of the
simulation. We track the average daily resource consumption - the number of mPCR tests and
the number of samples sequenced with mNGS, both as a proportion of the population - during
both periods.

Costs

We estimated daily and annual capital, operational, and per-test expenditures associated with
each strategy based on prevailing market rates and peer-reviewed research, including published
data from Threat Net (Sharma et al., 2023). All costs are expressed as 2023 US dollars. Summary
estimates were collated into fixed and variable costs per facility and were assumed to scale
linearly. This is provided to allow for baseline comparison between strategies and future research
could explore different aggregations of operational processes that may allow for a reduction in
cost through, for example, central laboratory processing with trade-off in transport time and
other staffing considerations on model performance and cost estimates. The estimated fixed and
variable costs per facility are included below in Table B.5 for the Syndromic strategy, Table B.6
for the Wearable strategy, and Table B.7 for the Environmental strategy. Personnel salaries were
estimated using published federal pay rates for medical technologists (2022) and epidemiologists
(2023) (FederalPay, 2023; Glassdoor, 2023; Office of the Under Secretary of Defense, 2023).
The Syndromic strategy assumed an additional 1.0 FTE medical technologist for sample
processing, while the Wearable strategy assumed an additional 1.0 FTE medical technologist and
3.0 FTE epidemiologists to provide 24/7 data analysis coverage throughout the year per facility.
The Environmental strategy assumed 2.0 FTE medical technologists for sample collection and
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processing. Medical facility costs were estimated from DoD published budgets (Department of
Defense, 2022). Computing costs were included based on prevailing market rates for cloud
computing using AnVIL assuming 8 vCPUs and 30 GB RAM (Anvil Project, 2023). Equipment
cost estimates included one-time investments in sequencing machines, wearable devices, and
personal protective equipment per facility (Illumina, 2023). Variable ongoing running costs were
estimated based on laboratory consumables including mPCR, plates, reagents and specimen
containers and single-use equipment used in sample preparation. For model parameters for which
published data was not available, including reads available per wastewater collection and the
fraction of reads that contain an unknown pathogen’s sequence at a prevalence level of 1 per
1000, expert consultation was conducted with an academic research group specializing in
wastewater detection of unknown threats to determine reasonable assumptions and values in the
model design. Future empirical research could test whether this assumption holds and explore the
impact of different thresholds on variable costs in the model.

Table B.5. Cost Estimates for the Syndromic Strategy per Facility

Item Quantity Description Value ($USD) Reference
Fixed
glextSeq 1000 2 Market listed price for Illumlna 210,000 lilumina (2023)
equencer sequencer for metagenomics
Operating
Facility-related 1,000 square
costs for existing feet Annual facilities-related expenditures Department of the
Military include operating costs, admin costs, 49,000 Navy (2016)
Treatment and capital costs included.
Facility
Medical Average federal pay rate inclusive of Department of Defense
Technologist 1.0 FTE civilian personnel fringe benefit rates of 112,850 (2022);
9 37.5% annual fringe rate FederalPay(2023)
1 8 vCPUs and 30 GB RAM for 12 . .
Compute hrs/day 1,643 Anvil Project (2023)
Variable
Sequencin 1 Cost is per run of 60 samples using
q 9 NextSeq 1000 P2 Reagents (300 2,300 Sharma et al. (2023)
reagents
Cycles)
Sample 1 Cost is per sample, includes extraction,
preparation cDNA synthesis and library prep 60 Gaston etal. (2022)
1 Cost is per sample, includes Floq swabs
Sample container and specimen containers with transport  0.80 Harmgny Lab & Safety
; Supplies (2023)
media
1 Cost is per sample and assumes 30
Multiplex PCR samples per run using the Biofire 107.00 bioMérieux (2023)
Respiratory Panel 2.1 (RP2.1)
1 Cost is per sample, includes PCR tube, .
PCR : Thermo Fisher
Consumables itBriAg;veH PCR plate, PCR reaction tube 8.66 Scientific (2023)
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Table B.6. Cost Estimates for the Wearables Strategy per Facility

Item Quantity Description Value ($USD) Reference
Fixed
2 . . .
NextSeq 1000 Market listed price for Illumlna 210,000 lllumina (2023)
Sequencer sequencer for metagenomics
Operating
Facility-related costs 1,000 square feet ';\Qng:(lji];i?elg'?:élriljfid eratin Department of the
for existing Military P ; perating 49,000 Navy (2016)
o costs, admin costs, and capital
Treatment Facility .
costs included.
Average federal pay rate
Medical 1.0 FTE inclusive of civilian personnel Department of .
. - ) o 112,850 Defense (2022);
Technologist fringe benefit rates of 37.5%
. FederalPay(2023)
annual fringe rate
Average federal pay rate
. . . inclusive of civilian personnel
Epidemiologist 3.0FTE fringe benefit rates of 37.5% 127,875 Glassdoor (2023)
annual fringe rate.
1000 Market rate for Oura Ring Gen3 Oura Health Oy
Wearable sensor Stealth 399 (2023)
1 8 vCPUs and 30 GB RAM for 12 Anvil Project (2023)
Compute hrs/day 1,643 (Project 2023)
Variable
Sequencin Cost is per run of 60 samples
reaq i 9 1 using NextSeq 1000 P2 2,300 Sharma et al. (2023)
9 Reagents (300 Cycles)
1 Cost is per sample, includes
Sample preparation extraction, cDNA synthesis and 60 Gaston et al. (2022)
library prep
Cost is per sample, includes Flog Harmony Lab &
Sample container 1 swabs and specimen containers  0.80 Safety Supplies
with transport media (2023)
Cost is per sample and assumes
. 1 30 samples per run using the s e
Multiplex PCR Biofire Respiratory Panel 2.1 107.00 bioMerieux (2023)
(RP2.1)
Cost i i Thermo Fisher
1 ost is per sample, includes Scientific
PCR Consumables PCR tube, 384-well PCR plate, 866 0 FETLLE L
. . (2023)(Scientific
PCR reaction tube strips 2023)
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Table B.7. Cost Estimates for the Environmental Strategy per Facility

Item Quantity Description Value ($USD) Reference
Fixed
NextSeq 1000 2 Market listed price for Illumlna 210,000 lilumina (2023)
Sequencer sequencer for metagenomics
DuPont Tychem 2 Personal protective equipment for 1410 -ﬁg FF; % %J[Fs_?nc
10000 Level A Suit medical technologist staff ’ Z2_0_2?35""
Operating
Facility-related costs 1,000 square Annual facilities-related expenditures Department of
for existing Military feet include operating costs, admin 49,000 thepNav (2016)
Treatment Facility costs, and capital costs included. y
Average federal pay rate inclusive of
20FTE civilian personnel fringe benefit rates eréjzegilPay
Medical Technologist of 37.5% annual fringe rate. Includes 112,850 Glassd'oor
staffing for both laboratory and Z2-0-2§5 ==
sample collection ===
1 Anvil Project
Compute 8 vCPUs and 30 GB RAM for 12 1,643 (2023) (Project
hrs/day 2023)
Variable
1 Per wastewater sample; Nalgene
Sample collection 500ml sample collection and storage 3.68 ZCZE(’)_zLéaEb_S_afgt_y,
bottle ==
Cost is per run of 60 samples using Sharma et al
Sequencing reagents 1 NextSeq 1000 P2 Reagents (300 2,300 (2023) )
Cycles)
1 Cost is per sample, includes g%‘)%%ﬂé}_;_:tl(-)n
Sample preparation extraction, cDNA synthesis and 60 Miller et al ’
library prep 2022) ’
Cost is per sample, includes Flog Harmony Lab &
Sample container 1 swabs and specimen containers with 0.80 Safety Supplies
transport media (2023)
Cost is per sample and assumes 30 s e
Multiplex PCR 1 samples per run using the Biofire 107.00 le-c())l\zﬂgf@g)-(
Respiratory Panel 2.1 (RP2.1) ===
Cost is per sample, includes PCR Thermo Fisher
PCR Consumables 1 tube, 384-well PCR plate, PCR 866 W ESLEToTT:

reaction tube strips

Table B.8. Syndromic Surveillance Performance in Scenario Discovery Analysis

Syndromic Competitive

Syndromic Falls

Strategy Comparison (<15 days) Behind (>15 days) Mean Gap  Median Gap
vs Wearable 27.40% 72.60% 28 days 13 days
vs Environmental 12.70% 87.30% 44 days 24 days
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Table B.9. PRIM Boxes for Syndromic Detection Within 15 Days of Wearable

Parameter High Coverage Box High Density Box
Coverage 85.10% 17.10%
Density 50.40% 94.00%

n 33,210.00 4,046.00
Ro >4.10 6.48-10.00
Asymptomatic prevalence (8) <0.82 <0.54
Latent period (a) >4.90 0.50-2.63
Probability of MGS if unexplained >0.06 0.20-1.00
SP;ombpa}[girlr:tgtic::f clinic visit if ) 0.22-0.90
Probability of mPCR test at clinic - 0.19-1.00
Recovery rate for symptomatic - >1.07

Table B.10. PRIM Boxes for Syndromic Detection Within 15 Days of Environmental

Parameter High Coverage Box High Density Box
Coverage 65.90% 14.40%

Density 50.40% 90.50%

n 92,653.00 4,046.00

Ro >6.10 7.55-10.00
Asymptomatic prevalence () <0.63 <0.38

Latent period (a) 0.50-2.17 0.50-1.34
Probability of MGS if unexplained >0.15 0.20-1.00
SP;ombpa}[girlr:tgtic::f clinic visit if >0.14 0.28-0.90
Probability of mPCR test at clinic >0.15 0.34-1.00

Table B.11. CART Classification Performance for Relative Detection

Percent Late Warnings

Comparison F1 Score Accuracy  Primary Split post-primary split
vs. Wearable 0.655 + 0.002 75.70% Ry £5.12 62.4%
vs. Environmental  0.520 + 0.014 80.40% R, <5.83 59.3%

NOTES: CART = Classification and Regression Tree. F1-Score combines precision and recall into a
single metric (0-1 scale, higher is better). Accuracy represents the percentage of correct predictions.
Primary Split refers to the main classification threshold, while Secondary Splits indicate additional
decision boundaries used by the model.
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Table B.12. Parameter Importance Ranking for Detection Performance (Random Forest)

Rank vs. Wearable Importance vs. Environmental Importance
1 Ro 36.40% Ro 38.90%

2 Asymptomatic prevalence () 20.60% Asymptomatic prevalence () 18.10%

3 Latent period (a) 10.20% Latent period (a) 15.50%

4 Asymptomatic recovery (y.) 8.40% Probability of MGS if unexplained  9.00%

5 Probability of MGS if unexplained  8.30% Asymptomatic recovery (y.) 6.50%
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Abbreviations

cDNA
COVID-19
DoD
EBS
FTE
GB
ILI
MGS
mPCR
mNGS
PCR
RAM
vCPU

copy Deoxyribose Nucleic Acid
coronavirus disease 2019

Department of Defense

Event-Based Surveillance

Full Time Equivalent

Gigabyte

Influenza-Like Illness

Metagenomic sequencing

multiplex Polymerase Chain Reaction
metagenomic Next-Generation Sequencing
Polymerase Chain Reaction

Random Access Memory

virtual Central Processing Unit
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