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Abstract

A stochastic compartmental network model of SARS-CoV-2 spread explores the simulta-
neous effects of policy choices in three domains: social distancing, hospital triaging, and
testing. Considering policy domains together provides insight into how different policy deci-
sions interact. The model incorporates important characteristics of COVID-19, the disease
caused by SARS-CoV-2, such as heterogeneous risk factors and asymptomatic transmis-
sion, and enables a reliable qualitative comparison of policy choices despite the current
uncertainty in key virus and disease parameters. Results suggest possible refinements to
current policies, including emphasizing the need to reduce random encounters more than
personal contacts, and testing low-risk symptomatic individuals before high-risk symptom-
atic individuals. The strength of social distancing of symptomatic individuals affects the
degree to which asymptomatic cases drive the epidemic as well as the level of population-
wide contact reduction needed to keep hospitals below capacity. The relative importance of
testing and triaging also depends on the overall level of social distancing.

Author summary

Public health policies implemented to reduce the effects of COVID-19 can interact with
each other, enhancing or undermining the effects of other policies employed simulta-
neously. Here, we present a mathematical model that incorporates many of the important
characteristics of the outbreak, including differences in risk behavior and social activity
due to demographics, and uncertainties related to asymptomatic cases. Our results suggest
that reducing random community encounters is more important than reducing personal
contacts, and that testing low-risk versus high-risk symptomatic individuals is most effec-
tive. Results also suggest that the effectiveness of a particular policy choice depends on
what other policies are concurrently employed, and that policy makers should account for
these interactions when considering which guidelines to implement.
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Introduction

In response to the current COVID-19 pandemic caused by SARS-CoV-2, public health organi-
zations have deployed plans previously developed in anticipation of a major influenza out-
break [1, 2]. These plans describe, among other things, policies related to non-pharmaceutical
interventions such as social distancing and the allocation of scarce healthcare resources. Policy
guidelines for testing individuals for exposure to SARS-CoV-2 are less well-developed, and a
shortage of tests has hampered response efforts in many countries.

Our model explores the simultaneous effects of policy choices in three domains: social dis-
tancing, testing, and hospital triaging. While many models examine the effects of a single pol-
icy domain on the dynamics of an infectious disease, e.g., [3-6]; studies that examine multiple
policy domains together exist but are not as common [7-10]. Considering policy domains
together can provide crucial insight into how different policy decisions interact. Policies from
different domains may enhance or undermine each other when implemented together. Our
model provides a tool for investigating these interaction effects.

The spread of an infectious disease can be strongly influenced by social behavior [3, 5].
Because the effects of COVID-19 seem dependent on demographics such as age, allowing for
differences in social interactions due to demography and perceived risk is an important aspect
of modeling this disease. Triage decisions also affect disease dynamics after hospitals surpass
their care capacity. Possible strategies for determining who will receive scarce healthcare
resources such as ventilators include: 1) first-come first-served, 2) randomized allocation (e.g.,
lottery), and 3) clinical judgment [1, 2, 11]. Testing guidelines from the Centers for Disease
Control and Prevention (CDC) have evolved rapidly over the course of the pandemic [12]. For
viral testing, CDC guidelines currently prioritize hospitalized patients, healthcare workers,
first responders, and people in congregate living settings such as long-term care facilities and
prisons, if those individuals show symptoms.

Classical compartmental differential equation models (e.g., SIR and SEIR models) are an
invaluable tool for understanding the general course of an infectious disease at the population
level [13]. However, these models assume homogeneous mixing of the population as well as
constant transition rates [14]. Neither assumption is valid for real interaction networks and
COVID-19 [15, 16], and can result in significantly different disease dynamics [17, 18]. Our
study avoids both these pitfalls by implementing a stochastic compartmental disease model
evaluated on a network, yielding more realistic disease dynamics [19].

We simulated how SARS-CoV-2 spreads through an abstract community of 10,000 individ-
uals, where physical interactions with private social contacts (family, friends, coworkers, etc.)
and public, random encounters (shopping, banking, etc.) were represented as small-world and
fully-connected networks, respectively (Fig 1A). Upon infection, susceptible individuals (S)
transition through contagious compartments of the model (exposed (E), asymptomatic (A),
symptomatic (I) and hospitalized (H)), finally resulting in death (D) or recovery (R) (Fig 1B).
The model incorporates important characteristics of the current COVID-19 outbreak such as
asymptomatic cases and early and asymptomatic transmission of the virus (Fig 1C). We fur-
ther modeled the differential risk associated with COVID-19 by distinguishing between high-
risk individuals (older individuals or individuals with known comorbidities [20]) and low-risk
individuals (younger individuals without known comorbidities). Behavioral differences associ-
ated with risk level and infection status are captured by the model, as well as the reduction in
care caused by hospitals operating beyond their capacity (Fig 1D).

The primary goal of this study was to evaluate the possibly interacting effects of various pol-
icies regarding social distancing, triaging, and testing on reducing COVID-19-related mortal-
ity. The abstract nature of our model enables a reliable evaluation of the relative qualitative
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Fig 1. Graphical model summary. (A) Example of the two-layer interaction network used in this study. The private,
small-world network (red edges) is shown on top of the public, fully-connected network (gray edges). Low-risk (blue
circles) and high-risk (black squares) individuals are distinguished. (B) Illustration of the stochastic transmission model
with compartments S = susceptible, E = exposed, A = asymptomatic, I = symptomatic, H = hospitalized, R = recovered,

D = deceased. Individuals in I and H may receive a positive test (green “tested” oval). Edges that are influenced by policy
decisions are colored: red = social distancing, green = testing, blue = hospital triage. Branching probabilities at E, Tand H
are risk-group dependent and the edge of the respectively more likely transition is thicker. (C) Illustration of the time-
dependent transmission rate of an exposed individual increasing until peak viral shedding, which coincides with transition
to compartment I (if symptomatic) or A (otherwise). (D) Average care per person (blue solid line) and total care provided
(red dashed line) by a health care system with a capacity threshold of 100% operating at a certain level of (over)capacity.

Once the capacity threshold is reached, the average care per person is 1/ /hospital capacity.
https://doi.org/10.1371/journal.pchi.1008388.9001

efficacy of different policy decisions, despite current uncertainty in key virus and disease
parameters [21]. The model can be easily updated and expanded once more accurate parame-
ter estimates are available, and can be tailored to a specific community or country in order to
evaluate the effects of policies being considered for implementation.

Results

The epidemiological outcome measures from our model fall within the range of current esti-
mates [3, 4, 22]: an average initial basic reproductive number (R,) of 2.76 and an average dis-
ease generation time of 5.29 days. Higher transmissibility and higher R, values were associated
with shorter generation times, which in turn were associated with hospital overcapacity and a
faster spread of the virus (S1 Fig). All model outcomes we investigated (S2 and S3 Figs) were
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Fig 2. Impact of social distancing on COVID-19-related mortality. Effect of population-wide private and public contact reduction on
the average proportion dead (A, red) and the average percentage of averted deaths (B, green). The latter is computed by comparison with
no contact reduction. Results are shown for communities with k private and k public average contacts per day, for different values of k.

https://doi.org/10.1371/journal.pcbi.1008388.g002

highly correlated (S4 Fig), therefore in reporting our results we focus mainly on COVID-
19-related mortality.

As expected, social distancing measures reduced the number of deaths. We considered
interaction networks with the same number of public and private contacts; a reduction in pub-
lic contacts had a stronger effect on the number of deaths than an equal reduction in private
contacts (Fig 2A). Furthermore, a given reduction in private and public contacts more success-
fully reduced the number of deaths in less-connected networks (Fig 2B). Asymptomatic cases
(truly asymptomatic or not yet symptomatic) caused the most infections, which explains the
ease with which SARS-CoV-19 is spreading across the world (Fig 3). The proportion of infec-
tions caused by asymptomatic cases was influenced more by the behavior of symptomatic indi-
viduals than by the actual rate of asymptomatic cases. That is, a given increase in contact
reduction of symptomatic individuals caused a bigger change in the proportion of infections
caused by asymptomatic cases than an equal increase in the proportion of asymptomatic cases.
The behavior of symptomatic individuals also affected the level of population-wide contact
reduction needed to keep hospitals operating within capacity (Fig 4A). Even assuming perfect
isolation of symptomatic individuals, however, hospitals quickly surpassed their capacity
unless very strong levels of population-wide social distancing were implemented.

We compared different triage policies found in the literature [11, 23, 24] to a worst-case sce-
nario in which hospitals operating at overcapacity provided an imperfect but equal level of
care to all patients (Fig 4B). Current hospital policy of prioritizing the care of the least-severely
infected patients (based on clinical judgment) proved the most successful in reducing COVID-
19-related mortality. Filling empty beds on a first-come first-served basis was less successful,
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Fig 4. Peak hospital capacity and the effect of triaging policies. (A) Effect of population-wide contact reduction and additional contact
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hospitalized individuals receive perfect care, resulting in longer recovery times and higher mortality. (B) Relative efficacy of four hospital triage
policies at varying degrees of outbreak severity summarized by the average proportion of deaths (x-axis). Efficacies are computed by pairwise
comparison of the projected death count with the imperfect-but-equal-care scenario.

https://doi.org/10.1371/journal.pchi.1008388.9004

while filling empty beds randomly resulted in a very similar, high number of deaths as an
imperfect-but-equal-care scenario.

Increasing the availability of testing and reducing the delay between test administration and
results both reduced the total number of deaths (Fig 5A). Positively tested individuals self-
quarantine; the effectiveness of self-quarantine (i.e., level of contact reduction) had the stron-
gest effect on the death count under an efficient testing regime (Fig 5B). Our model only con-
sidered the effect of testing on social behavior and not clinical outcomes, but within this
framework we found that prioritizing testing of low-risk individuals consistently reduced the
number of deaths more than testing high-risk individuals first (Fig 5C). Furthermore, within
each risk-group, testing recently-infected individuals first was more effective than prioritizing
individuals who have been infected longer.
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Fig 5. Impact of testing policies on COVID-19-related mortality. (A) Effect of increased numbers of tests (x-axis) and processing delays (y-axis)
on the average percentage of averted deaths (compared to no testing; left-most column). (B) Effect (linear regression) of the average contact
reduction by individuals with positive test results on the percentage of averted deaths under an efficient testing scenario (blue box lower right in
A) and an inefficient testing scenario (orange box upper left in A). (C) Impact of policies regarding testing prioritization of symptomatic
individuals on the average percentage of averted deaths (compared to the worst policy). The primary policy decision involves which risk group to
prioritize (low-risk (green) or high-risk (orange)). The secondary policy decision involves who to test first within each risk group (newly
symptomatic (solid lines) or first-symptomatic (dashed lines)). The results are stratified for three different levels of additional contact reduction
due to symptoms (subplots) as well as for varying levels of additional contact reduction of high-risk individuals (x-axis). Linear regression fits are
shown.

https://doi.org/10.1371/journal.pchi.1008388.g005

The efficacy of a particular policy choice depended on what other policies were imple-
mented (Fig 6). When social distancing was low, the choice of triage policy affected the num-
ber of deaths more than the level of testing. When social distancing was high however, triaging
choices hardly mattered, while testing became proportionately more important.

Discussion

Consistent with other COVID-19-related modeling studies (e.g. [3, 4]), our findings generally
support current policies to reduce the public health impacts of SARS-CoV-2 and COVID-19
infection.

Our comparison of interaction networks suggests a possible refinement of current social
distancing policies. We found that for equally connected networks, a reduction in public (ran-
dom) contacts had a stronger effect on the number of deaths than an equal reduction in private
contacts (Fig 2A). This may be because public encounters allow the virus to spread to other-
wise disparate parts of the social network, while private contacts enable only local spread.
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Random encounters thereby prevent dead ends for the disease. Our findings agree with previ-
ous results suggesting that strong clustering in a private network reduces the potential for
transmission at the population scale [25, 26]. Based on these findings, future public health
notices could emphasize the need to reduce contacts specifically with random individuals.

A comparison of interaction networks with different levels of social connectivity may pro-
vide a partial explanation for observed country-specific differences in the impact of the virus
(Fig 2B). A seminal study found strong differences in the average number of daily interactions
in different countries in Europe, where Italy’s average per-day contact rate was 20 while Ger-
many’s was only 8 [27]. Our results suggest that, all other things being equal, more social socie-
ties such as Italy’s must reduce their contacts more in order to attain the same reduction in
deaths. A potentially fruitful avenue for future research might investigate whether these results
hold more broadly across different cultures and different sectors of society.

CDC guidelines for testing have evolved rapidly over the course of the pandemic, changing
several times between February and June, 2020 [12]. We model only two of the many factors
that could be considered when developing testing policy—the risk of developing severe symp-
toms, and the length of time since symptom onset. Our model does not account for potential
improvements in clinical outcomes due to testing; a positive test only affects behavior through
a reduction in social activity. Under this framework, prioritizing the testing of low-risk indi-
viduals more effectively reduces the overall death count than prioritizing the testing of high-
risk individuals. Low-risk individuals have higher average contact rates [27] (in our model,
they practice less social distancing than high-risk individuals), so reducing the social activity of
infected low-risk individuals (due to positive test results) slows the spread of the disease. Rec-
ognizing these differences in social activity levels may be important to the CDC when consid-
ering testing guidelines.

An analysis of policy interactions further highlights the importance of testing. Several
results suggest that the efficacy of a particular policy choice depends on what other policies are
concurrently implemented. The strength of social distancing of symptomatic individuals
affects the degree to which asymptomatic cases drive the epidemic (Fig 3), as well as the level
of population-wide contact reduction needed to keep hospitals below capacity (Fig 4A). Exam-
ining all three policy domains together, the relative importance of testing and triaging depends
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on the level of social distancing (Fig 6). The presence of interactions suggests that quantitative
predictions based on the examination of only one policy domain in isolation should be treated
with caution. Furthermore, when policy makers consider which guidelines to implement, they
should account for other policies that could influence the efficacy of the guidelines under
consideration.

To capture important elements of the COVID-19 pandemic, we considered a physical inter-
action network that differentiates between private contacts and random encounters as well as
high-risk and low-risk individuals. Because we were primarily concerned with the interaction
of policies in different domains, we did not include many complicating elements of more real-
istic social networks, such as variability in the number of contacts, variability in clustering
motifs, heterogeneity in individual risk behavior (e.g. super-spreaders) [18], and age-associa-
tive mixing. Many of these social network characteristics have been shown to influence epi-
demic spread [7, 19, 25, 26, 28]. For example, the inclusion of super-spreaders in a model
makes disease extinction more likely and outbreaks rarer but larger [18]. The final epidemic
size has also been shown to increase as clustering decreases and to decrease as the heterogene-
ity in the number of contacts increases [26]. Additionally, the intensity of physical interactions
proved more important in determining the size of an outbreak than the actual number of
interactions [25, 28]. While the private small-world network incorporates aspects of clustering
in our model, heterogeneity in the number of contacts and the presence of super-spreaders
could allow the disease to spread more easily across the network. Inclusion of additional, com-
plicating elements in our network model could change the size of the epidemic and the overall
transmission dynamics.

While we modeled the effect of social distancing as changes in interaction probabilities
(edge weights in the network), we only considered static networks, which do not evolve over
time to capture temporal movement of individuals [25, 29]. Further, we studied a scenario in
which the infection begins with a single infected individual and excluded the possibility of
ongoing re-introductions. In 36.1% of simulation runs the epidemic thus remained contained
(< 10% of the population became infected). When the epidemic did spread widely, a lack of
temporal adjustment of policy choices led to very high numbers of infected individuals, which
may explain the observed bimodal distribution of the proportion of infected individuals (S2C
Fig). In a more realistic setting, policies such as social distancing efforts are dependent on the
state of the epidemic, as is currently observed in countries and states loosening restrictions due
to seemingly lower infection numbers.

Many key parameters of the COVID-19 epidemic are still unknown and may vary from
community to community. We therefore ran our stochastic transmission model for a large
range of parameter settings. Due to the inherent uncertainty in many model parameters how-
ever, the absolute values of the model outcomes depend on the particularities of the underlying
parameter space. The goal of this study was not to predict the expected absolute number of
COVID-19-related deaths; rather, the model is a tool that can be used, despite the uncertainty
in key parameters, to compare the efficacy of various policies aimed at reducing mortality. We
have focused on relative comparisons of three policy domains, as relative findings are more
robust to uncertainty in the underlying parameter space.

In conclusion, the presented model considers a variety of factors important to the current
COVID-19 pandemic, including heterogeneous risk factors, varying social distancing behaviors,
and the unknown proportion and transmission potential of asymptomatic cases. Importantly,
the model can be easily expanded and updated as more details about SARS-CoV-2 and COVID-
19 emerge. Our results support current policies to contain the outbreak and suggest possible
refinements to public health policy and education. Specifically, because a reduction in public
contacts more effectively controls disease spread than an equal reduction in private contacts,
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future public health notices could emphasize the need to reduce contacts specifically with ran-
dom individuals. Our results also provide a possible explanation for why some societies are
more successful at containing the outbreak despite the implementation of similar policy mea-
sures. Follow-ups to this study could deepen our understanding of how heterogeneity in net-
work structure and risk behavior affect the interplay of policy decisions and disease dynamics.

Materials and methods
Physical interaction network

We modeled the spread of SARS-CoV-2 across a multi-layered physical interaction network as
an abstract proxy for a town or local community (similar to [30]). We considered two popula-
tion sizes: N = 1,000 and N = 10,000. Model results were qualitatively identical for both popu-
lation sizes, therefore we reported only results for a population of 10,000 individuals. We
considered a closed population, and given the short time frame of the COVID-19 pandemic
also chose not to include birth, deaths, or migration events. We distinguished between two
types of interactions: First, private contacts (family, friends, school and work colleagues, etc.)
were modeled using a Watts-Strogatz small-world network with average connectivity of k
neighbors and 5% probability of edge rewiring (Fig 1A) [31]. Note that the edge rewiring is
part of the initial network generation and we did not consider dynamically changing private
contact networks. Second, public, random encounters (grocery shopping, banking, etc.) were
modeled using a fully connected network [32]. We assumed that, in the absence of an epi-
demic, an individual has on average the same number of k private and k public interactions,
and thus added a weight of k/(N — 1) to every edge to represent public interactions. A multi-
national study found, on average, between 8 and 20 per-person per-day contacts [27], so we
considered k € {4, 6 (baseline), 10}.

Modeling COVID-19-specific characteristics

We modeled the differential risk associated with COVID-19 by distinguishing between high-
risk individuals (older individuals or individuals with known comorbidities [20]) and low-risk
individuals (younger individuals without known comorbidities). Each node represented a
high-risk (low-risk) individual with probability p™&" ™k = 1/3 (p' ik = 2/3) [33, 34] (see cap-
tion of Table 1 for details). Our model includes seven qualitatively different compartments:
S = susceptible, E = exposed, A = asymptomatic, I = symptomatic, H = requiring hospitaliza-
tion due to severe infection, and two final compartments R = recovered and D = died from
COVID-19 infection (Fig 1B). The length of time recovered individuals remain immune is cur-
rently unknown, however given the short time frame (weeks to months) of this model, we
assumed no reinfections. To model the spread of the virus in a fully susceptible population, we
initialized the simulation with one random individual in compartment E; all others started in S.
Model inputs related to the specific characteristics of SARS-CoV-2 and COVID-19 were
derived from published literature where available (Table 1). Virus and disease parameters
without established estimates were included as random variables from broad uniform distribu-
tions. We considered time to be discrete with one unit of time corresponding to a day. The
length of time individuals spend in contagious compartments was modeled using Poisson ran-
dom variables with parameters derived from the literature (Table 2). Other distributions fre-
quently used to model wait times, such as the discrete Erlang, log-normal, or the general
Gamma distribution, all belong to two-parameter distribution families and thus cannot be esti-
mated from just the mean or median. Furthermore, the probability mass functions of the one-
parameter geometric and exponential distribution families peak at zero, which is unrealistic
for the considered wait times [16, 35].
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Table 1. Model parameters and the value or range (sampled uniformly) used in this study (third columns). Estimates from the literature with respective sample sizes
(n) are reported where applicable and available (last column). * [33] considers only the U.S. adult population. Adding 0-17 year-olds with an assumed high-risk rate of
21.2% (the estimate for 18-59yr olds) and projected 2020 US census data [34] yields an overall high-risk estimate of around 1/3. T derived from Table 1 in [3] and projected
2020 US census data [34].

Parameter | Meaning ‘ Value/Range ‘ References

Interaction network parameters

N population size 10, 000

k average number of private/public interactions 4,6 (default),10 [27] 2k € [7.95, 19.77]

pemali-wortd probability of initial edge re-wiring in the private small-world network 5%

phigherisk proportion high-risk individuals 1/3* [33] 37.6% (n = 430,000)

Virus and disease parameters

Br transmission rate of symptomatic individuals [0.05, 0.4] [16] 9.6% (n = 1,286)

Ba transmission rate of asymptomatic individuals [0, B1] [36] 46%-62% (of B;) (n = 801)

PE—a proportion of asymptomatic infections [5%, 50%] [37] 20.6-39.9% (n = 634)

% ratio of asymptomatic infections in low-risk vs. high-risk individuals [1,5] no data

{9

Pr—u probability of symptomatic individuals requiring hospitalization 7% [38] 5% (n = 44,415)
[3,39] 7.38%"

E ratio of high-risk vs. low-risk symptomatic individuals requiring hospitalization [4, 10] [3,39] 6.47"

™

IFR COVID-19 infection fatality rate (if hospitalized receive perfect care) 1% [39] 0.66% (n = 44,672)
[3]0.9%

p‘%,‘i",;‘“: ratio of high-risk vs. low-risk hospitalized individuals dying from COVID-19 [4, 10] [3,39] 6.33

PRp"

https://doi.org/10.1371/journal.pcbi.1008388.t001

Virus transmission

Upon infection, individuals transition from one compartment to the next until they recover
or die based on a stochastic process (Fig 1B). Susceptible individuals become infected
through contact with contagious individuals and transition to the exposed compartment E.

Table 2. Transition distributions. Distributions used to model the time an individual spends in each transient, contagious compartment (all times in days). Mean () and
median (m) estimates and sample sizes (n) from the literature are reported where available.

Parameter Meaning Distribution Reported mean (u)/median (m)
[15] m =4 (n =1,099)

[16] =595 m=4.8 (n=183)
[40] m = 5.1 (n = 181)
[
[

tgg time in exposed compartment if infection will be symptomatic Poisson(5)

4] =42 (n = 140)
41] =5.2 (n = 49)

tp o time in exposed compartment if infection will be asymptomatic Poisson(5) no data, assumed to be distributed as t5_.;

tn transition time from symptom onset to hospitalization Poisson(8) [16] p=4.64, m =3.41 (n=391)
[42] m =11 (n = 191)
[22] m=7 (n=138)
[43) m=7 (n=41)
tR transition time from symptom onset to recovery (end of viral shedding) Poisson(20) [16] m € [17.5,22.9] age-dependent (n = 228)
[39] p =24.7 (n = 165)
[42] m =20 (n = 137)
ta—r transition time from full viral shedding to recovery Poisson(20) no data, assumed to be distributed as t;_
ty_.r transition time from hospitalization to recovery Poisson(12) [15] p=12.8, m =12 (n = 1,099)

[4] 4 = 11.5 (n = 140)
[42] m =12 (n=137)
[44] u=17.4 (n =21)

https://doi.org/10.1371/journal.pcbi.1008388.t002
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Contrary to SARS [45], recent reports indicate that SARS-CoV-2 can be transmitted before
the onset of symptoms and by asymptomatic cases [37, 46, 47]. To account for early trans-
mission potential in our model, individuals in compartments E, A, I and H may all transmit
the virus, with transmission rates dependent on the time since infection. We assumed that
exposed individuals (compartment E) become contagious 2 days before peak viral load,
which coincides with symptom onset in symptomatic cases (i.e., the latent period is two
days shorter than the incubation period). Transmission rates over time typically follow a
Gamma distribution [48]. Based on preliminary data [35], we used a Gamma-distributed
transmission rate with shape = 2 and scale = 2 (Fig 1c). We further assumed that asymptom-
atic cases cannot be more contagious than symptomatic ones. SARS-CoV-2 transmission
rates, especially of asymptomatic cases, are currently not well understood [16], so we con-
sidered a range of values for the peak transmission rate of symptomatic cases (at symptom
onset), f; € U(0.05, 0.4) and a dependent range for asymptomatic ones, 4 € U(0, ;) (that
is, we picked B4/B; € U(0, 1)).

Once exposed individuals reach peak infectivity they transition to the asymptomatic (A) or
symptomatic (I) compartment. The proportion of asymptomatic COVID-19 infections is cur-
rently unknown; we therefore sampled the overall proportion of asymptomatic infections
from a uniform distribution, 1 — pp_.; = pr_.4 ~ U(0.05, 0.5) (parameterized based on avail-
able estimates from the literature; Table 1), and further sampled the ratio of asymptomatic
infections in low-risk versus high-risk individuals from another uniform distribution,

PR ™ ~ U(L,5).

Hospitalization due to severe infection

A proportion of symptomatic individuals develop a severe infection requiring hospitalization;
this rate may depend on the underlying health of the individual. We thus included two hospi-
talization parameters in the model (Table 1): p; .y =1 — py_.r describes the overall proportion
of symptomatic cases that eventually develop a severe infection and require hospitalization,
while p}'8 ™ /plow_ri describes the increased likelihood of a high-risk individual requiring
hospitalization. We fixed p; .y = 7% and considered a range [4, 10] for the differential risk

ratio [3, 38, 39].

COVID-19-related mortality

We assumed that all COVID-19-related deaths occur after hospitalization-that is, individuals
do not die before being hospitalized. This assumption is likely valid for most developed coun-
tries; however, this assumption could be violated in communities without easy access to hospi-
tal facilities.

We set the overall proportion of hospitalized individuals dying from COVID-19, py .p, to
align with a COVID-19 infection fatality rate (IFR) of 1% [3, 39]. That is,

IFR

high—risk high—risk _high—risk low—risk Hlow—risk low—risk
p pEHI pIHH + p E—I I—H

Pu_p =

This value for the IFR is likely an overestimate, but accurate fatality rates in an emerging epi-
demic are very difficult to estimate [49]. As before, we introduced a ratio describing the differ-
ential risk of dying from COVID-19 for high- and low-risk individuals,

phgh Tk plow-risk (4, 10) [3, 39]. To simulate deaths in our network model, we made the
simplifying assumption that each day a severely infected person has the same chance of dying

from COVID-19 (i.e., the time to death is geometrically distributed with the distribution
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parameter corresponding to a per-day death rate). We set the per-day death rate for low-risk

and high-risk individuals to align with p'>* 5 and pj¥",™, respectively.

Model summary

Each day, the network model updates simultaneously as follows:

o Susceptibles may become infected through private or public, random interactions with con-
tagious individuals. The interaction probabilities are based on the multi-layered interaction
network.

« Newly infected individuals move to the exposed compartment (E) and risk-group-dependent
random variables are drawn describing the future course and transition times of the
infection.

« Hospitalized individuals die at a risk-group-dependent per-day death rate.

o The transition times to the next compartment of all contagious individuals are reduced by a
day. Individuals with a transition time of zero transition to the next compartment.

To investigate the effects of social distancing, triaging, and testing, we added additional fea-
tures to this base stochastic network model as follows.

Social distancing

We modeled the general effects of social distancing policies with two parameters, private
activity level a”"** and public activity level a”“"*, which describe the average degree to
which an individual without symptoms (in compartments S, E, A or R) reduces private and
public interactions in response to the pandemic. An individual who has not adopted social
distancing behaviors has activity levels of 1, while perfect isolation corresponds to activity
levels of 0.

We assumed that symptomatic individuals (in compartment I) further reduce their private
and public activity levels due to symptoms and to avoid infecting others at an average rate of

t
fSymptoms

~ U(0, 1). Similarly, we assumed that severely infected individuals requiring hospi-
talization (in compartment H) are completely isolated. Finally, we assumed that individuals in
the high-risk group may, independently of their compartment, choose to reduce their activity
levels more than the low-risk group. We therefore included an additional high-risk activity
reduction, 8% L (0, 1). This variable also allows us to adjust for the generally reduced
contact rates of older, more likely high-risk individuals [27].

The probability that two individuals who practice social distancing still meet, with the
potential to infect one another, is given by a mass action-like product of their respective activ-
ity levels. For example, the probability that a symptomatic, low-risk individual meets a high-
risk friend is given by a?™*¢(1 — pYmPtoms) . gprivate(q _ yhigh-risky

In reality, each person decides individually how to adapt their social behavior in response
to COVID-19. For this reason we assigned activity levels to an individual (node) rather than
a contact (edge). To compare policy efficacies, however, we combined all individual-based
activity levels into an overall, population-wide contact reduction rate. In a population with-
out symptomatic infections (i.e., at the start of the outbreak), this overall contact reduction
rate is a function of the underlying interaction network, the private and public activity levels,
the additional activity reduction of high-risk individuals and the proportion of high-risk
individuals.
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Hospital triaging

The baseline model assumes unlimited healthcare resources, but in reality the number of hos-
pital beds, ICU beds, ventilators, and trained health care professionals are limited. We assumed
the healthcare system can provide perfect care if operating below a capacity threshold of 6 beds
per 1000 individuals (3 beds for every 1000 individuals [50] and we assumed that this capacity
threshold doubles during times of emergency).

Once the number of individuals requiring hospitalization (in compartment H) rises
above the capacity threshold, overall care is sub-standard and triaging questions regarding
resource allocation arise (Fig 1D). In the absence of data, we modeled the decrease in the
average care provided per person with a square-root function, where

average care per person = 1/4/hospital capacity. We evaluated four triage options: (1) fill
empty beds based on a wait list (first-come first-served), (2) fill empty beds randomly (lot-
tery), (3) fill empty beds with least-severely infected based on clinical judgment (in the
model, clinical judgement corresponds to the known remaining time to recovery), and (4)
provide the same level of imperfect care to each individual (e.g., sharing of a single ventila-
tor among multiple patients). Under the first three policies, patients receiving care will
receive perfect care until they recover or die, and the sole difference among these three poli-
cies is how empty beds are allocated.

Hospitalized individuals (in compartment H) who received perfect care and who do not die
on a given day move one day closer to recovery. Hospitalized individuals who received some
level of care move a partial day closer to recovery, corresponding to the amount of imperfect
care they received, while individuals who received only palliative care do not progress towards
recovery at all.

Testing

To evaluate the efficacy of testing policies in reducing COVID-19-related deaths, we
assumed a fixed maximum number of tests available per day, and that testing begins as soon
as the first person becomes symptomatic. We further assumed that, per CDC guidelines,
severely infected individuals arriving at a hospital (compartment H) receive priority testing
[12]. Remaining available tests are administered to symptomatic individuals (compartment
I), and a shortage of tests precludes testing of individuals without symptoms (compartments
S,E, A, and R). We compared two primary testing policies for symptomatic individuals: (i)
test high-risk individuals first, or (ii) test low-risk individuals first. Further, to determine
testing priority within each risk group, we compared two secondary testing policies: (i) test
individuals in the order in which they developed symptoms (i.e., test first symptomatic
first), or (ii) test individuals in the reverse order in which they developed symptoms (i.e., test
recent symptomatic first). Finally, we included in the model a delay in test results of up to
seven days.

While testing hospitalized individuals serves an essential clinical role, testing symptomatic
individuals is solely preventive. Individuals who test positive are currently placed under quar-
antine, which in theory completely prevents virus transmission. In reality this is not always the
case, especially when self-quarantine is conducted at home. We therefore included the average
activity reduction of a positively tested individual as a further model parameter, and assumed a
positive test yields a 80%-100% reduction in activity levels for the duration of the infection, in
addition to the already-reduced activity levels due to symptoms, (i.e., ¢ ~ (0.8, 1)). For
example, the probability that a symptomatic, low-risk individual who tested positive meets a
high-risk friend is given by a? (1 — yY™PLOmS)(] — ppositive) . gprivate( _ phigh-risky
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Model analysis

Because the true values of many virus- and disease-related parameters are currently uncertain,
we considered broad ranges for unknown parameters. To ensure sufficient coverage of the
high-dimensional parameter space, we opted for a large number of sample points versus repli-
cation. The discrete and categorical parameters were sampled uniformly at random, while we
used Latin Hypercube sampling [51] for the continuous parameters to ensure coverage by
spreading the sample points across the parameter space (S1 Table). For private and public
activity levels as well as the additional high-risk contact reduction, we applied a post-sampling
transformation (S1 Table) to ensure the distribution of population-wide contact reduction,
which is derived from these three parameters and the underlying network, was wide enough to
be representative (S2I and S3I Figs).

For most analyses (Figs 2, 3, 4A, 5A and 5B), we ran the model 10° times, each time with
a different parameter setting. When comparing the effect of triage policies we balanced cov-
erage with precision by sampling 10’ parameter settings and running the model 250 times
for each parameter setting for each triage policy (S1 Table, Fig 4B). We initialized the runs
for each triage policy with the same 250 random seeds to ensure identical disease dynamics
up to the point where hospitals operate at overcapacity. To compare primary and secondary
testing policies (Fig 5C), we followed the same approach, except that we sampled from a
lower-dimensional parameter space. We fixed the maximum number of tests per day at 10,
assumed no delay, and considered only 3 and 20 levels of additional contact reduction by
symptomatic individuals and high-risk individuals, respectively (details in second-from-
right column of S1 Table). Finally, when comparing the interaction between all policy
domains (Fig 6), we sampled 10> parameter settings following the same approach as before,
and ran the model 100 times for each parameter setting and each of the 16 combinations of
policy choices (0 vs. 40 maximal tests per day (2 choices); triage policies: imperfect but
equal care vs. treat least severely infected first (2 choices); contact reduction levels: 0%,
25%, 50%, 75% (4 choices); details in the right column of S1 Table).

Model outcomes

The primary model outcome considered in this study is the average number of deaths, or in
relative terms the proportion of the population that dies from COVID-19. Related model
outcomes, considered in Fig 4A, S1, S2, S3 and $4 Figs. include the proportion of the popu-
lation infected with SARS-CoV-2, the COVID-19 infection fatality rate (%dead / %
infected), the COVID-19 case fatality rate (%dead / %symptomatic), the peak hospital
(over)capacity (peak %hospitalized / capacity threshold), the initial basic reproductive
number (average number of secondary infections caused by the individual who initially
imported SARS-CoV-2 into the population), the time at which half of all infections
occurred (a measure of “flattening the curve” [2]), the average disease generation time (the
time between infection of an individual and the time when the infecting person was
infected), and the proportion of transmissions caused by asymptomatic cases (in compart-
ment E or A).

Quantitative analysis

The model was implemented and all model analyses were run entirely in Python 3.7. The con-
tour plots in Figs 2, 3 and 4A were generated by binning the data using a 20x20 equidistant
grid, and subsequent smoothing using a 2-dimensional Savitzky-Golay filter [52]. To avoid
over-smoothing, we chose a small window size of 5 and used only linear functions. Similarly,
we used a one-dimensional Savitzky-Golay filter with window size 200 and linear functions to
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serve as a generalized moving average of the 1000 data points presented in Fig 4B. In Fig 5B
and 5C, we summarized the raw data using a linear regression line.

Supporting information

S1 Fig. Average disease generation time versus various model parameters and outcome
measures. All model parameters were chosen as described in Tables 1 and 2 and in the third
column of S1 Table. Bivariate Gaussian kernel density estimates are shown.

(PDF)

S2 Fig. Histogram of select secondary model parameters (green) and outcome measures
(blue). All model parameters were chosen as described in Tables 1 and 2 and in the third col-
umn of S1 Table.

(PDF)

S3 Fig. Histogram of select secondary model parameters (green) and outcome measures
(blue) for non-contained epidemics. All model parameters were chosen as described in
Tables 1 and 2 and in the third column of S1 Table. Data were restricted to those model runs
that resulted in at least 10% infected (63.7% of model runs).

(PDF)

S4 Fig. Spearman correlation of various model parameters and outcome measures. All
model parameters were chosen as described in Tables 1 and 2 and in the third column of S1
Table.

(PDF)

S1 Table. Description of the particular parameter space sampled for the different analyses.
Square brackets [] denote sampling from a continuous space, while curly brackets {} denote
sampling from a discrete set of values. * Identical 1,000 parameter settings and identical 250
seeds were used to compare the different triage policies in Fig 4B, and the different combina-
tions of primary and secondary testing policies in Fig 5C. In Fig 6, only 100 seeds were used to
compare the different combinations of policy choices.

(PNG)
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