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Key points
Question: What will be the impact of reopening schools on SARS-CoV-2 infections and COVID19 mortality in Indiana?
Findings: Reopening schools at full capacity with low (50%) face-mask adherence could have a
substantial effect on the burden of COVID-19 across Indiana, leading to 83 times more infections
and 13 times more deaths than if schools operated remotely. Reopening at 50% capacity and
with increased face-mask adherence (100%) could mitigate much of this risk, leading to 12%
more infections and 5% more deaths than if schools operated remotely.
Meaning: Schools should make efforts to reduce capacity and enforce face-mask adherence to
prevent increases in the statewide burden of COVID-19.

Abstract
Importance: In the United States, schools closed in March 2020 to reduce the burden of
COVID-19. They are now reopening amid high incidence in many places, necessitating analyses
of the associated risks and benefits.
Objective: To determine the impact of school reopening with varying levels of operating capacity
and face-mask adherence on COVID-19 burden.
Design: Modeling study using an agent-based model that simulates daily activities of the population. Transmission can occur in places such as schools, workplaces, community, and households.
Model parameters were calibrated to and validated against multiple types of COVID-19 data.
Setting: Indiana, United States of America.
Participants: Synthetic population of Indiana. K-12 students, teachers, their families, and
others in the state were studied separately.
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Interventions: Reopening of schools under three levels of school operating capacity (50%, 75%,
and 100%), as well as three assumptions about face-mask adherence in schools (50%, 75%, and
100%). We compared the impact of these scenarios to reopening at full capacity without face
masks and a scenario with schools operating remotely, for a total of 11 scenarios.
Main outcomes: SARS-CoV-2 infections, symptomatic cases, and deaths due to COVID-19
from August 24 to December 31.
Results: We projected 19,527 (95% CrI: 4,641-56,502) infections and 360 (95% CrI: 67-967)
deaths in the scenario where schools operated remotely from August 24 to December 31. Reopening at full capacity with low face-mask adherence in schools resulted in a proportional
increase of 81.7 (95% CrI: 78.2-85.3) times the number of infections and 13.4 (95% CrI: 12.814.0) times the number of deaths. High face-mask adherence resulted in a proportional increase
of 3.0 (95% CrI: 2.8-3.1) times the number of infections. Reducing capacity with high face-mask
adherence resulted in only a 11.6% (95% CrI: 5.50%-17.9%) increase in the number of infections.
Conclusions and Relevance: Reduced capacity and high face-mask adherence in schools
would substantially reduce the burden of COVID-19 in schools and across the state. We did
not explore the impact of other reopening scenarios, such as alternating days of attendance.
Heterogeneous decisions could be made across different districts throughout the state, which our
model does not capture. Hence, caution should be taken in interpreting our results as specific
quantitative targets for operating capacity or face-mask adherence. Rather, our results suggest
that schools should give serious consideration to reducing capacity as much as is feasible and
enforcing adherence to wearing face masks.
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Introduction

The United States has been the country most severely impacted by the COVID-19 pandemic
in terms of total reported cases and deaths, with over 5.2 million cases and 167,000 deaths
by August 14 [1]. This severity led to social interventions on an unprecedented scale, including
restrictions on mass gatherings, bans on non-essential travel, and school closures [2, 3, 4, 5]. While
such restrictions were initially successful in reducing transmission, the subsequent relaxation of
restrictions on mass gatherings and movement were followed by large increase in notified cases
and, more recently, deaths [1, 3, 6, 7]. The state of Indiana reported its highest daily number of
cases to date (1,249) on August 6 [8].
It is within this context of intense community transmission that attention has turned to the
reopening of schools for the start of the academic year in August [9, 10, 11]. During influenza
epidemics, school closures have been estimated to reduce transmission community-wide [12, 13,
14]. In general, schools are seen as key drivers of the transmission of respiratory pathogens due to
close contact among children at school [15, 16, 17]. However, several factors complicate the effect
of school reopenings on SARS-CoV-2 transmission. In particular, children and adolescents appear
less susceptible to infection and are much less likely to experience severe outcomes following
infection [18, 19, 20, 21, 22, 23]. It is also still unclear what their contribution to transmission is,
but several studies suggest they can play an important role [18, 24, 25, 26]. There are additional
economic and social factors to consider, too, such as the economic costs of school closures for
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families that must then stay home from work, and the nutritional benefits of school reopening
for children who rely on free and subsidized school meals [27, 28, 29].
Our objective in this study was to explore the impacts of strategies for school reopening on
the burden of COVID-19 in the state of Indiana, USA. We synthesized evidence around features
of COVID-19 epidemiology in children [19] in an agent-based model originally developed for
pandemic influenza [30] that is equipped to translate such evidence into projections of communitywide transmission under alternative scenarios about school reopening. We focused on the role of
reducing the capacity of classrooms and adherence with wearing face masks in schools, given that
both physical distancing and face masks have been shown to reduce transmission of SARS-CoV2 in community settings [31]. Our main outcome measures were changes in statewide totals of
SARS-CoV-2 infections, symptomatic infections, and deaths, across different scenarios of school
capacity and face-mask adherence, compared with keeping schools closed.
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Methods

Approach
Our approach to modeling SARS-CoV-2 transmission is based on the Framework for Reconstructing Epidemic Dynamics (FRED) model [30]. Using this model, we simulated the spread of
SARS-CoV-2 in the population of Indiana, USA using a synthetic population with demographic
and geographic characteristics of the population, including age, household composition, household location, and occupation [32]. We analyzed the impact of school reopening from August 24
to December 31, 2020 in the overall population of Indiana, as well as in students, teachers, and
their households. We quantified impact as the difference in the number of COVID-19 infections,
symptomatic infections, and deaths, between each scenario and the baseline scenario.

Agent-based model
We chose an agent-based model for this analysis to address key issues such as heterogeneity of
transmission within a population due to population density, age, occupation, and contact network. We used synthetic populations of Indiana to realistically represent characteristics of the
population [32]. FRED simulates pathogen spread in a population by recreating interactions
among people on a daily basis. Each human is modeled as an agent who visits a set of places
defined by their activity space (houses, schools, workplaces, and neighborhood locations). Transmission can occur when an infected person visits the same location as a susceptible person on
the same day, with numbers of contacts per person specific to each location type. For instance,
school contacts depend not on the size of the school but on the age of the student. Every day of
the week, students and teachers visit their school, and students are assigned to classrooms based
on their age. Given that schools are closed during the weekends, community contact is increased
by 50% [30]. For both schools and other locations, we adopted contact rates for each location
type that were previously calibrated to attack rates for influenza specific to each location type
[30, 33].
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Once infected, each individual had latent and infectious periods drawn from distributions
calibrated so that the average generation interval distribution matched estimates from Singapore
(mean = 5.20, standard deviation = 1.72) [34]. The absolute risk of transmission depended on the
number and location of an infected individual’s contacts and a parameter that controls SARSCoV-2 transmissibility upon contact, which we calibrated. A proportion of the infections were
asymptomatic [35]. We assumed these infections were as infectious as symptomatic infections
and had identical incubation and infectious period distributions [36, 37, 26, 38]. We assumed that
children were less susceptible to infection than adults, which we modeled with a logistic function
calibrated to model-based estimates of this relationship by Davies et al. [19]. We assumed that
severity of disease increased with age, consistent with statistical analyses performed elsewhere
[39, 40, 41, 21].
Agent behavior in FRED has the potential to change over the course of an epidemic. Following
the onset of symptoms, infected agents self-isolate at home according to a fixed daily rate, whereas
others continue their daily activities [42, 43]. This rate was chosen so that, on average, 68% of
agents will self-isolate at some point during their symptoms, assuming that all individuals who
develop a fever will isolate at some point during their symptoms. Agents can also respond
to public health interventions, including school closure, shelter in place, and a combination
of mask-wearing and social distancing. School closures occur on specific dates [44], resulting
in students limiting their activity space to household and neighborhood locations. Shelter-inplace interventions reduce some agents’ activity spaces to their households only, whereas others
continue with their daily routines. We used mobility reports from Google [45] to drive daily
compliance with shelter-in-place, such that shelter-in-place compliance in our model accounts for
both the effects of shelter-in-place orders and some people deciding to continue staying at home
after those orders are lifted [46]. To account for voluntary mask-wearing and social distancing,
we used Google Trends data for Indiana using the terms “face mask” and “social distancing” [47].
Face mask compliance was informed by estimates of face-mask adherence from survey data [48].
Further details about the model are available in the Supplementary Text.

Data and outcomes
We obtained daily incidence of death from the New York Times COVID-19 database [1]. Hospitalizations and the age distribution of deaths reported in Indiana were obtained from the Indiana
COVID-19 dashboard [8]. Daily numbers of tests performed in the state were available from The
Covid Project [49]. We calibrated the model to daily values of deaths, hospitalizations, and test
positivity through August 10 and to the age distribution of deaths cumulative through July 13
to estimate nine model parameters using a sobol design sampling algorithm [50, 51] (Supplementary Material). We validated the model by comparing its predictions of the infection attack rate
(IAR) and IAR by age to results from two statewide serological surveys undertaken in late April
and early June [52, 53].
To account for uncertainty in the calibrated parameters in our future projections, we simulated nine scenarios about school reopening with values of the model’s nine free parameters
sampled from the calibrated distribution. From August 24 to December 31, we outputted numbers of daily infections, symptomatic cases, hospitalizations, and deaths, structured by age, place
4

of infection (school, home, other), and affiliation with schools (student, teacher, none). For our
analysis, we focused on the infections, symptomatic cases, and deaths in the overall population
and the subgroups of students, teachers, and their families.
We explored three scenarios for school capacity (50%, 75%, or 100% of students receiving
in-person instruction) and three scenarios for face-mask adherence in schools (50%, 75%, or
100%). We compared each of the nine combinations of these scenarios to a scenario in which
schools reopened normally (100% capacity, 0% face-mask adherence) and to a scenario in which
schools remained closed until the end of the year. We analyzed the sensitivity of the model
outcomes to parameter uncertainty by calculating the partial rank correlation coefficient of each
calibrated parameter and two outcomes: the cumulative number of infections between August
24 and December 31, and the proportion of infections acquired in schools during that period.
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Results

Our model was generally consistent with the data to which it was calibrated, capturing trends
over time in daily deaths, hospitalizations, and test positivity (Fig. 1A-C), as well as greater
proportions of deaths among older age groups (Fig. 1D). Some trade-offs in the model’s ability
to recreate different data types were apparent, such as a recent increase in hospitalizations that
the model failed to capture (Fig. 1C), likely due to the predominance of data on deaths in the
likelihood. Even so, the model’s predictions reproduced the range of variability in the data,
as assessed by coverage probability of its 95% posterior predictive intervals (daily deaths: 0.91;
daily hospitalizations: 1.0; daily test positivity: 0.97; cumulative deaths by age: 1.0). The model
was also consistent with data withheld from fitting. Across all ages, the 95% credible intervals
of infection attack rates (IAR) through late April (median: 0.0174; 95% CrI: 0.0058-0.064) and
early June (median: 0.0221; 95% CrI: 0.0072-0.08) from two state-wide serological surveys [52] fell
within the 95% posterior predictive intervals of our model (Fig. S1A). Our model’s predictions
also overlapped with age-stratified estimates of IAR from those serological surveys (Fig. S1B),
although it underpredicted IAR among individuals aged 40-60 years.
Calibration of the parameter that scaled the magnitude of SARS-CoV-2 importations [54, 55]
in our model resulted in a median of 1.118 (95% PPI: 0.654-1.456) imported infections per day
from February 1 to August 10. To ensure that the model reliably reproduced the high occurrence
of deaths observed in long-term care facilities, we seeded infections into those facilities at a daily
rate proportional to the prevalence of infection on that day; this calibrated proportion was 0.046
(95% PPI: 0.007-0.093). On the opposite end of the age spectrum, our calibration resulted in
a median estimate of susceptibility among children of 0.357 (95% CrI: 0.263-0.526), compared
to 0.788 (95% CrI: 0.651-0.946) in adults (Fig. S2). Our calibration resulted in an estimate of
transmissibility (median: 0.641; 95% CrI: 0.546-0.965) that corresponded to values of R(t) during
the initial phase of the epidemic in Indiana of 1.67 (95% CrI: 0.47-3.57), which represents an
average of daily values across the month of February (Fig. 1A). Driven by a calibrated estimate
that the proportion of people sheltering in place rose in early March and peaked at a median of
38.2% (95% CrI: 25.2-68.7%) on April 7 (Fig. S3A), our estimates of R(t) dropped to a low of
0.57 (95% CrI: 0.41-0.75) on April 7 and have remained below 1 since (Fig. 1A). Also impacting
5

our estimates of R(t) is the increasing use of face masks in the community, which we estimated

Figure 1. Model calibration to data: A) daily incidence of death; B) proportion of deaths through
July 13 in decadal age bins; C) daily incidence of hospitalization; and D) daily proportion of
tests administered that are positive for SARS-CoV-2. In all panels, blue diamonds represent
data. In A, C, and D, the gray line is the median, the dark shaded region the 50% posterior
predictive interval, and the light shaded region the 95% posterior predictive interval.
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at 0.50 (95% CrI: 0.458-0.545) as of July 19 (Fig. S3B). Note that this estimated distribution
of community face-mask adherence does not differ between scenarios and is not the same as the
level of adherence in schools, which we imposed at different levels depending on the scenario.
In the event that schools reopen at full capacity and without any use of face masks, our model
projects that R(t) would increase to 1.94 (95% CrI: 1.47-2.20) by mid-September (Fig. 2A). This
assumes that levels of sheltering in place and face-mask adherence in the community remain at
their estimated levels as of August 13 (Fig. S3B). Consistent with our model’s prediction that
schools contributed appreciably to transmission early in the epidemic (median: 24.6%; 95% CrI:
23.2-27.7%), this increase in transmission is associated with an increase in the proportion of
infections arising in schools upon their reopening (Fig. 2B). The sensitivity of the proportion
of infections arising in schools to model parameters was highest for the inflection point of the
age-susceptibility relationship, the transmissibility parameter, and the rate at which infections
were imported into long-term care facilities (Fig. S7). This increase in infections arising in
schools is projected to give rise to additional transmission statewide (Fig. 2C). An example of
transmission chains arising from schools and spilling out into school-affiliated families and the
broader community is shown in Fig. 3.
In the event that schools remain open throughout the semester and no other policies or
behavioral responses occur, the increase in R(t) driven by reopening schools at full capacity and
without the use of face masks would be projected to result in 2.49 million (95% CrI: 2.08-2.70
million) infections (Fig. 4A) and 9,117 (95% CrI: 6,117-6,248) deaths (Fig. 4B) from Indiana’s
population as a whole between August 24 and December 31. At the other extreme, if schools
were to go to remote instruction and all children remained at home, our model projects that R(t)
would remain near current levels through the remainder of 2020 (Fig. S4A). Again, this assumes
that levels of sheltering in place and face-mask adherence in the community as a whole remain at
their estimated levels as of August 13. Under this scenario, transmission would continue through
contacts at workplaces, within homes, and elsewhere in the community (Fig. S4B), with 19,527
(95% CrI: 4,651-56,502) infections (Fig. S4C) and 360 (95% CrI: 67-967) deaths between August
24 and December 31.
Differing policies on the capacity at which schools operate in person and enforce the use of
face masks have a strong influence on the projected statewide burden of COVID-19. If schools
operate at 50% capacity and achieve high face-mask adherence, the number of infections and
deaths that we project is similar to what we project under the scenario in which schools operate
remotely (Fig. 4, Table S1). Of these two policies, projections of infections and deaths were more
sensitive to the capacity at which schools operate, with the worst outcomes projected to occur
when schools operate at full capacity and with low face-mask adherence. Under this scenario,
cumulative infections statewide were projected to be 300% (95% CrI: 280-310%) greater than if
schools operated remotely, and cumulative deaths statewide were projected to be 50% (95% CrI:
50-60%) greater (Table S1). The sensitivity of these results to model parameters was relatively
high for parameters that define the age-susceptibility relationship and, in some cases, for the
transmissibility and shelter-in-place compliance parameters (Fig. S6).
The burden of COVID-19 associated with reopening schools differed for students, teachers,
and their families. Relative to a scenario with remote instruction, risk of infection and symp-
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Figure 2. The impact of school reopening in Indiana on: A) the reproduction number, R(t),
over time; B) the proportion of infections acquired in different location types over time; and C)
the daily incidence of infection over time. In all panels, schools reopened on August 24. In A and
C, the line represents the median, and the shaded region represents the 50% posterior predictive
interval.
8

tomatic infection was greatest for students (Fig. 5, left column), with a hundred-fold or greater
increase in the risk of infection if schools operate at full capacity with moderate or low face-mask
adherence (Table S2). Due to their older ages, teachers and families experienced a much higher
risk of death under scenarios with high capacity and moderate or low face-mask adherence, as
compared with a scenario with remote instruction (Fig. 5, center & right columns). Under a
scenario with high capacity and low face-mask adherence, there was a 227-fold higher risk of
death for teachers (Table S3) and a 266-fold higher risk of death for family members (Table S4).
At the same time, the risk of death under a scenario with high capacity and low face-mask
adherence was around half the risk of death if schools were to operate at full capacity with no
masks (Tables S7 & S8).
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Discussion

Our model provides a detailed, demographically realistic representation of SARS-CoV-2 transmission in Indiana that is consistent both with data to which it was calibrated and to data that
was withheld from calibration. In contrast to models that rely on assumptions about intervention
impacts or estimate them statistically [2, 56], our model makes predictions about intervention
impacts based on first-principles assumptions about individual-level behavior and contact patterns. Consistent with results from other analyses [2, 56, 20], the inputs and assumptions in

Figure 3. Example transmission tree of SARS-CoV-2 from one simulation of the model for Saint
Joseph County, Indiana. Green shapes at the top represent agents in the model infected at school,
and arrows descending from them and other shapes show transmission events in school-affiliated
households (orange) and the community at large (purple) that trace back to infections originally
acquired in schools. Different shapes distinguish children (circles) from adults (squares).
9

our model led to a prediction that schools made a considerable contributions to SARS-CoV-2
transmission in February and early March, prior to large-scale changes in behavior. Extending
that, a primary result of our analysis is that schools could, once again, make a considerable
contribution to SARS-CoV-2 transmission if they resume normal activity in the fall semester.
Our results indicate that operating at reduced capacity and achieving high face-mask adherence would reduce the burden of COVID-19 in schools and across the state. In the event that
both interventions are pursued fully, our model projects that infections and deaths statewide
would be around 10% greater than under a scenario with fully remote instruction. In the event
that schools operate at full capacity, our model projects that infections and deaths statewide
could be one to two orders of magnitude greater than under a scenario with fully remote instruction, especially if there is poor face-mask adherence in schools. The impacts associated with
reducing capacity result from reductions in both the number of contacts within the school and
the probability that an infected student would be in attendance in the first place, similar to the
logic behind why smaller gatherings are associated with reduced risk of transmission [3, 57, 58].
Although the scenarios we considered resulted in projected impacts spanning nearly the full
range between fully remote instruction and fully in-person instruction with no face masks, they
are a simplification of the full range of scenarios of how schools could operate this fall. Scenarios

Figure 4. The impact of different school reopening strategies on A) cumulative infections and
B) cumulative deaths in Indiana between August 24 and December 31. Scenarios are defined by
the capacity at which schools operate (x-axis) and face-mask adherence (shading). Orange lines
represent projections under a scenario of school reopening at full capacity without masks (solid:
median; dotted: 95% posterior predictive interval). Blue lines represent a scenario where schools
operate remotely. Error bars indicate inter-quartile ranges.
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that we did not explore include different groups of students attending in-person or remotely [59],
varying degrees of modularization within schools [60], and the implementation of testing-based
control strategies in schools [61]. A related simplification of our statewide analysis is that the
state will, in reality, consist of a patchwork of policies across districts. In light of this complexity
that our model does not capture, our results should be interpreted with caution in setting specific,
quantitative targets for capacity or face-mask adherence. For any scenario though, our results
illustrate the importance of reducing capacity and maximizing face-mask adherence to the extent
possible, as do other modeling studies [59, 60, 61, 62, 63].
The burden of COVID-19 associated with reopening schools is not expected to fall evenly
across the state’s population. Under scenarios with schools operating at full capacity, our model
projects that hundreds of thousands of children could be infected during the fall semester.
Whereas very few deaths are expected among infected children, the numbers of deaths among
teachers and school-affiliated families could number in the hundreds. In comparison, the total
number of deaths projected across the state is projected to be in the low thousands, meaning
that adults with close ties to schools could represent a sizable fraction of deaths across the state
in coming months, if schools operate at full capacity and with low face-mask adherence. Importantly, the magnitude of these projections depend further on factors outside the control of
schools [2]. In the absence of school reopening, our projections assume steady, controlled levels
of transmission with R(t) < 1. Changes in government policies, individual behavior, and facemask adherence in the community all have the potential to alter this trajectory for the state as
a whole, as well as its schools [2, 31, 64].
A critical assumption of our analysis is that children are capable of being infected with SARSCoV-2 and transmitting it to others at meaningful levels. Although the burden of severe disease
skews strongly towards older ages [22, 65, 8], there are other lines of evidence that support
our assumption. These include a contact-tracing study that found no distinguishable difference
between infectivity of children and adults [26], several studies that found no distinguishable
difference in viral load between children and adults [66, 37, 36, 67], a study that observed a
greater secondary attack rate among children in homes [26], and a modeling study that found
no evidence that children were less infectious [68]. More direct evidence comes from COVID-19
outbreaks that have already been observed in schools, including one in a high school in Israel
in which 13.2% of students and 16.6% of staff were infected in just 10 days [69]. Even more
pertinent, some schools in Indiana recently reopened and have already reported cases of COVID19 among students [70]. Our analysis offers perspective on what those initial cases could give
rise to in coming months, depending on the degree to which schools choose to operate at reduced
capacity and enforce face-mask adherence.
There is now a growing body of evidence that school closures contributed to mitigating the
first wave of the epidemic and could lead to rising case numbers if relaxed [6, 61]. Our study
adds to this evidence, and suggests an even greater impact of school reopening than several
other studies [63, 61, 60, 71, 59]. This is due in part to our assumption that asymptomatic
and symptomatic infections contribute similarly to transmission [26, 66, 37, 36, 67], and in part
to our model’s ability to capture chains of transmission within schools and extending out into
the community. Our study echoes several modeling studies in emphasizing the importance of
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reducing school capacity to impede transmission [60, 61, 62, 63, 71]. Taking all this evidence
together, those deciding on strategies to safely reopen schools should strongly consider operating
at reduced capacity and strictly enforcing face-mask usage. Both schools, and the communities
in which they are embedded, stand to be affected by these policy choices.
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Figure 5. The impact of different school reopening strategies on cumulative infections (top row),
cumulative symptomatic infections (middle row), and cumulative deaths (bottom row) in Indiana
between August 24 and December 31. These outcomes are presented separately for students (left
column), teachers (middle column), and school-affiliated families (right column). Scenarios are
defined by the capacity at which schools operate (x-axis) and face-mask adherence (shading).
Orange lines represent projections under a scenario of school reopening at full capacity without
masks (solid: median; dotted: 95% posterior predictive interval). Blue lines represent a scenario
where schools operate remotely. Error bars indicate inter-quartile ranges.
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Supplementary material

Figure S1. Model comparison with data withheld from fitting. We validated the model’s
predictions against data withheld from fitting on A) the cumulative proportion of the population
of Indiana infected through late April and early June, and B) the cumulative proportion infected
among individuals aged 12-40, 40-60, and 60+. Data are shown in navy and come from a random,
statewide serological survey [52]. Model predictions are shown in gray. In A, the line and band
indicate the median and 95% posterior predictive interval. In B, lines, boxes, and error bars
indicate median, interquartile range, and 95% posterior predictive interval.
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Figure S2. Susceptibility to SARS-CoV-2 infection by age. The black line shows the median of
the estimated curve of susceptibility by age, which took the form of a modified logistic function
defined by four parameters: minimum, maximum, inflection point, and slope. The gray band
represents the 95% credible interval. Navy lines show estimates from Davies et al. [19] that were
used to inform our estimates.
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Figure S3. Changes in A) mobility patterns over time and B) face-mask adherence in the
community as a whole. In A, the gray line shows the fitted pattern for the Google mobility index
related to residential locations (navy line). Adherence to shelter-in-place in the model follows
the same trend, but with its magnitude estimated through the model calibration process. In
B, the gray line is informed by fitting to Google search data on “face mask” and assuming that
values plateau from July 19 onward at a value informed by survey data [47, 48]
.
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Figure S4. The impact of remote instruction in schools in Indiana on: A) the reproduction
number, R(t), over time; B) the proportion of infections acquired in different location types over
time; and C) the daily incidence of infection over time. In A and C, the line represents the
median, and the shaded region represents the 50% posterior predictive interval.
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Figure S5. Distributions for parameters in the model. The probability of death is a product
of the age-stratified relative probability of death and the daily relative probability of death,
conditional on the individual still having symptoms by that day.
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Figure S6. Sensitivity analysis of cumulative infections statewide between August 24 and December 31 to variation in the model’s nine parameters. Bars indicate values of the partial rank
correlation coefficient. Results are presented separately by school operating capacity (panels)
and face-mask adherence in schools (gray shading).
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Figure S7. Sensitivity analysis of the proportion of infections acquired in schools between August
24 and December 31 to variation in the model’s nine parameters. Bars indicate values of the
partial rank correlation coefficient. Results are presented separately by school operating capacity
(panels) and face-mask adherence in schools (gray shading).
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Cumulative infections
1.5 (1.4-1.6)
1.3 (1.2-1.3)
1.1 (1.1-1.2)
10.9 (10.2-11.5)
2.8 (2.7-3.0)
1.4 (1.3-1.5)
81.8 (78.3-85.3)
29.5 (27.9-31.1)
3.0 (2.8-3.1)

Cumulative deaths
1.2 (1.1-1.2)
1.1 (1.0-1.1)
1.0 (1.0-1.1)
2.6 (2.5-2.8)
1.5 (1.4-1.6)
1.2 (1.1-1.2)
13.4 (12.8-14.0)
5.0 (4.8-5.2)
1.5 (1.5-1.6)

Table S1. Proportional increase in risk for the overall population of Indiana under alternative
scenarios about school operating capacity and face-mask adherence in schools. We define the
proportional increase in risk as the ratio of the cumulative number of events (infections or deaths)
between August 24 and December 31 under the scenario indicated by the left two columns as
compared to a scenario in which schools operate remotely.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Student infections
3.0 (2.8-3.1)
2.0 (1.9-2.1)
1.4 (1.3-1.5)
55.3 (52.1-58.7)
9.2 (8.7-9.7)
2.6 (2.4-2.7)
471.2 (450.8-491.6)
165.4 (156.3-175.0)
9.7 (9.1-10.3)

Student symptoms
2.7 (2.5-2.8)
1.8 (1.7-1.9)
1.3 (1.3-1.4)
43.4 (40.7-46.0)
7.8 (7.3-8.3)
2.3 (2.2-2.5)
405.3 (387.6-420.8)
131.8 (124.9-139.0)
8.2 (7.7-8.7)

Table S2. Proportional increase in risk for students under alternative scenarios about school
operating capacity and face-mask adherence in schools. We define the proportional increase
in risk as the ratio of the cumulative number of events (infections or symptomatic infections)
between August 24 and December 31 under the scenario indicated by the left two columns as
compared to a scenario in which schools operate remotely.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Teacher infections
2.0 (1.8-2.1)
1.5 (1.4-1.6)
1.3 (1.2-1.4)
24.8 (23.3-26.5)
5.3 (4.9-5.7)
2.1 (1.9-2.2)
229.4 (218.1-239.9)
83.5 (78.8-88.7)
6.8 (6.3-7.3)

Teacher symptoms
1.9 (1.8-2.0)
1.5 (1.4-1.6)
1.3 (1.2-1.4)
22.1 (20.6-23.6)
5.0 (4.6-5.4)
2.1 (1.9-2.2)
229.0 (218.4-239.9)
76.8 (72.5-81.3)
6.5 (6.1-7.0)

Teacher deaths
1.7 (1.6-1.9)
1.5 (1.4-1.6)
1.3 (1.2-1.4)
15.8 (14.6-17.1)
4.7 (4.3-5.1)
1.8 (1.6-1.9)
227.7 (213.3-244.0)
58.4 (54.0-62.9)
6.1 (5.7-6.7)

Table S3. Proportional increase in risk for teachers under alternative scenarios about school
operating capacity and face-mask adherence in schools. We define the proportional increase
in risk as the ratio of the cumulative number of events (infections, symptomatic infections, or
deaths) between August 24 and December 31 under the scenario indicated by the left two columns
as compared to a scenario in which schools operate remotely.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Family infections
3.1 (2.9-3.3)
2.1 (1.9-2.2)
1.5 (1.4-1.5)
52.9 (49.7-56.5)
9.4 (8.9-10.1)
2.7 (2.5-2.9)
459.8 (439.3-480.6)
157.1 (148.4-166.2)
10.0 (9.4-10.7)

Family symptoms
2.9 (2.8-3.1)
2.0 (1.9-2.1)
1.4 (1.4-1.5)
44.1 (41.5-46.9)
8.4 (8.0-9.0)
2.6 (2.5-2.8)
430.3 (413.1-448.9)
133.8 (126.8-141.3)
9.0 (8.5-9.6)

Family deaths
2.2 (2.0-2.4)
1.6 (1.5-1.7)
1.4 (1.3-1.5)
20.8 (19.4-22.5)
5.6 (5.2-6.1)
2.2 (2.1-2.4)
266.4 (251.9-283.3)
63.8 (59.2-68.5)
6.1 (5.7-6.6)

Table S4. Proportional increase in risk for family members of students and teachers under
alternative scenarios about school operating capacity and face-mask adherence in schools. We
define the proportional increase in risk as the ratio of the cumulative number of events (infections,
symptomatic infections, or deaths) between August 24 and December 31 under the scenario
indicated by the left two columns as compared to a scenario in which schools operate remotely.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Cumulative infections
0.01 (0.01-0.01)
0.01 (0.01-0.01)
0.01 (0.01-0.01)
0.10 (0.09-0.10)
0.02 (0.02-0.03)
0.01 (0.01-0.01)
0.72 (0.71-0.73)
0.26 (0.25-0.27)
0.03 (0.03-0.03)

Cumulative deaths
0.05 (0.05-0.05)
0.05 (0.04-0.05)
0.04 (0.04-0.05)
0.11 (0.11-0.11)
0.06 (0.06-0.06)
0.05 (0.05-0.05)
0.56 (0.54-0.57)
0.21 (0.20-0.21)
0.06 (0.06-0.07)

Table S5. Overall proportional reduction in risk for the overall population of Indiana under alternative scenarios about school operating capacity and face-mask adherence in schools. We define
the proportional reduction in risk as the ratio of the cumulative number of events (infections
or deaths) between August 24 and December 31 under the scenario indicated by the left two
columns as compared to a scenario in which schools operate at full capacity and without face
masks.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Student infections
0.005 (0.004-0.005)
0.003 (0.003-0.003)
0.002 (0.002-0.002)
0.085 (0.081-0.089)
0.014 (0.013-0.015)
0.004 (0.004-0.004)
0.720 (0.709-0.730)
0.253 (0.243-0.263)
0.015 (0.014-0.015)

Student symptoms
0.005 (0.004-0.005)
0.003 (0.003-0.003)
0.002 (0.002-0.002)
0.075 (0.072-0.078)
0.013 (0.013-0.014)
0.004 (0.004-0.004)
0.699 (0.687-0.709)
0.228 (0.219-0.237)
0.014 (0.013-0.015)

Table S6. Proportional reduction in risk for students under alternative scenarios about school
operating capacity and face-mask adherence in schools. We define the proportional reduction
in risk as the ratio of the cumulative number of events (infections or symptomatic infections)
between August 24 and December 31 under the scenario indicated by the left two columns as
compared to a scenario in which schools operate at full capacity and without face masks.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Teacher infections
0.006 (0.006-0.007)
0.005 (0.005-0.005)
0.004 (0.004-0.004)
0.079 (0.075-0.082)
0.017 (0.016-0.018)
0.007 (0.006-0.007)
0.727 (0.718-0.737)
0.265 (0.255-0.275)
0.022 (0.020-0.023)

Teacher symptoms
0.006 (0.005-0.006)
0.005 (0.004-0.005)
0.004 (0.004-0.004)
0.067 (0.064-0.070)
0.015 (0.014-0.016)
0.006 (0.006-0.007)
0.698 (0.687-0.708)
0.234 (0.225-0.243)
0.020 (0.019-0.021)

Teacher deaths
0.004 (0.004-0.004)
0.004 (0.003-0.004)
0.003 (0.003-0.003)
0.038 (0.037-0.040)
0.011 (0.011-0.012)
0.004 (0.004-0.005)
0.552 (0.540-0.565)
0.142 (0.136-0.148)
0.015 (0.014-0.016)

Table S7. Proportional reduction in risk for teachers under alternative scenarios about school
operating capacity and face-mask adherence in schools. We define the proportional reduction
in risk as the ratio of the cumulative number of events (infections, symptomatic infections, or
deaths) between August 24 and December 31 under the scenario indicated by the left two columns
as compared to a scenario in which schools operate at full capacity and without face masks.
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Capacity
0.50
0.50
0.50
0.75
0.75
0.75
1.00
1.00
1.00

Facemask
Low
Med
High
Low
Med
High
Low
Med
High

Family infections
0.005 (0.005-0.005)
0.003 (0.003-0.003)
0.002 (0.002-0.002)
0.082 (0.078-0.086)
0.014 (0.014-0.015)
0.004 (0.004-0.004)
0.705 (0.693-0.716)
0.241 (0.232-0.251)
0.015 (0.015-0.016)

Family symptoms
0.005 (0.004-0.005)
0.003 (0.003-0.003)
0.002 (0.002-0.002)
0.069 (0.066-0.072)
0.013 (0.013-0.014)
0.004 (0.004-0.004)
0.674 (0.661-0.685)
0.209 (0.201-0.218)
0.014 (0.013-0.015)

Family deaths
0.004 (0.004-0.005)
0.003 (0.003-0.003)
0.003 (0.003-0.003)
0.042 (0.039-0.044)
0.011 (0.011-0.012)
0.004 (0.004-0.005)
0.533 (0.520-0.547)
0.127 (0.122-0.133)
0.012 (0.012-0.013)

Table S8. Proportional reduction in risk for family members of students and teachers under
alternative scenarios about school operating capacity and face-mask adherence in schools. We
define the proportional reduction in risk as the ratio of the cumulative number of events (infections or deaths) between August 24 and December 31 under the scenario indicated by the left
two columns as compared to a scenario in which schools operate at full capacity and without
face masks.

34

Parameter
Importations scaling factor
Susceptibility slope
Susceptibility minimum
Susceptibility inflection point
Susceptibility maximum
Shelter in place adherence
Face-mask adherence
LTC importations scaling factor
Transmissibility
Probability of symptoms Age
Incubation period
Symptomatic period
Probability of death Age
Probability of death after symptom onset
Pre-infectious period
Infectious period
Adjusted odds ratio for face-mask efficacy

Value
1.118 (95% CrI: 0.654-1.456)
2.502 (95% CrI: 0.733-3.369)
0.401 (95% CrI: 0.275-0.437)
19.648 (95% CrI: 17.644-20.548)
0.821 (95% CrI: 0.647-0.946)
0.382 (95% CrI: 0.252-0.687)
0.500 (95% CrI: 0.458-0.545)
0.046 (95% CrI: 0.007-0.093)
0.641 (95% CrI: 0.546-0.965)
Fig. S5A
Fig. S5B
Fig. S5C
Fig. S5D
Fig. S5E
meanlog = 23.7, sdlog = 50 (Fig. S5F)
meanlog = 33.8, sdlog = 43.1 (Fig. S5F)
0.15[31]

Table S9. List of model parameters. The first nine were estimated through the model calibration
process, and the subsequent seven were assumed based on the literature, as described in the
Methods. Values of the first nine parameters reflect marginal posterior estimates.
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1

Supplementary methods

2

Model description

3

People and their contacts

13

FRED simulates pathogen spread in a population by recreating interactions among people on
a daily basis. To realistically represent the population of Indiana, we drew on a synthetic
population of the US that represents demographic and geographic characteristics from 2010 [32].
Each human is modeled as an agent that visits a set of places defined by their activity space. This
activity space contains places such as houses, schools, workplaces, and neighborhood locations.
Transmission can occur when an infected person visits the same location as a susceptible person
on the same day, with numbers of contacts per person specific to each location type. For instance,
school contacts depend not on the size of the school but on the age of the student. We adopted
contact rates specific to each location type that were previously calibrated to attack rates for
influenza in each location type [30, 33].

14

Importation to seed local transmission

4
5
6
7
8
9
10
11
12

31

To initialize the model, we simulated international and domestic importations similar to Perkins
et al. [54]. First, we obtained data on internationally and domestically imported deaths in
Indiana up to March 18 [55], which we used to extrapolate total international and domestic importations based on the case fatality risk [41], the proportion of infections that are asymptomatic
[35], and the probability of detecting local and international symptomatic infections [54]. Second,
we assigned times to internationally imported infections proportional to international incidence
patterns, adjusted to account for the timing of a ban on travel from China. We assigned times to
domestically imported infections proportional to total US incidence. Drawing from uncertainty
distributions for each of the three aforementioned parameters, we repeated this process 1,000
times and averaged across replicates. We used that average curve to seed our model, scaling
its magnitude with a parameter that we calibrated. Although importations from outside Indiana likely continued beyond those that we were able to account for explicitly, we assumed that
transmission within Indiana was sufficient at that point to be the primary driver of incidence.
In addition to importations in the overall population, we simulated importation into long-term
care facilities, given the large number of deaths that took place there and the limited realism of
our model in simulating visitors to those facilities. We introduced infections into these facilities
at a constant rate that we calibrated.
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Transmission and disease progression

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

33
34
35
36
37

Once infected, each individual had latent and infectious periods drawn from distributions calibrated so that the average generation interval distribution matched estimates from Singapore
(µ = 5.20, σ = 1.72) [34]. The absolute risk of transmission depended on the number and location
of an infected individual’s contacts and a parameter that controls SARS-CoV-2 transmissibility
upon contact, which we calibrated. We assumed asymptomatic infections were as infectious as
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symptomatic infections and had identical timing of infectiousness [36, 37, 26, 38]. Following
exposure, we assumed that children were less susceptible to infection than adults, which we
modeled with a modified logistic function calibrated to results of Davies et al. [19]. We defined
four parameters of this function as the minimum susceptibility, the maximum susceptibility, the
inflection point of susceptibility with respect to age, and the slope of the age-susceptibility relationship around the inflection point. For agents that developed symptoms, we took random
draws from lognormal distributions for the incubation period [39] and duration of symptoms
[40]. Both the probabilities of developing symptoms [19] and dying [21] were assumed to increase
with age. For infections that resulted in death, we modeled the time to death with a gamma
distribution [22] truncated at the 99th percentile. These and other parameters are summarized
in Table S9 and Fig. S5.
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Changes in agent behavior during the epidemic

38
39
40
41
42
43
44
45
46
47

65

Agent behavior in FRED has the potential to change over the course of an epidemic. Following
the onset of symptoms, infected agents self-isolate at home according to a fixed daily rate,
whereas others continue their daily activities [42]. This rate is chosen so that on average 68% of
agents will self-isolate at some point during their symptoms, assuming that all individuals who
develop a fever will isolate at some point during their symptoms [43]. Agents can also respond
to public health interventions, including school closure, shelter in place, and a combination
of mask-wearing and social distancing. School closures occur on specific dates [44], resulting
in students limiting their activity space to household and neighborhood locations. Shelter-inplace interventions reduce some agents’ activity spaces to their households only, whereas others
continue with their daily routines. We used mobility reports from Google [45] to drive daily
compliance with shelter-in-place, such that shelter-in-place compliance in our model accounts for
both the effects of shelter-in-place orders and some people deciding to continue staying at home
after those orders are lifted [46]. To account for voluntary mask-wearing and social distancing,
we used Google Trends data for Indiana using the terms “face mask” and “social distancing” [47]
and used estimates on face-mask adherence from a New York Times analysis of a survey from
Dynata [48].
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Model calibration

50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

67
68
69
70
71
72
73
74
75
76

We selected nine parameters to estimate based on calibration of the model to four data types
on COVID-19 in Indiana: daily incidence of death, age distribution of deaths, daily incidence of
hospitalization, and daily test positivity. The initial ranges for the statewide and long-term care
facility importations were adjusted to cover a wide range of values. Compliance with shelterin-place was informed with changes in mobility patterns in the Google community reports [45].
We fitted a GAM to the trends from the percentage change on mobility trends for places of
residence, and projected the compliance of shelter-in-place orders after the period for which we
had data by assuming a linear trend thereafter. We normalized these mobility trends from 0%
(baseline) to 100% (everyone at home) and adjusted its magnitude with a parameter representing
the maximum compliance in the historical trends. The minimum, maximum, inflection point,
37

77
78
79
80
81
82
83
84
85

and slope of the logistic function with which we model the age-susceptibility relationship were
calibrated to estimates by Davies et al. [19].
~ using a sobol design sampling
We simulated 6,000 combinations of these nine parameters, θ,
algorithm with the sobolDesign function in R [50, 51]. For each parameter set, we calculated the
likelihood of the model given the observed data on daily incidence of death, cumulative deaths
in long-term care facilities through July 13, the decadal age distribution of cumulative deaths
through July 13, daily incidence of hospitalization, and test positivity.
We calculated the contribution to the likelihood for daily incidence of death and cumulative
deaths in long-term care facilities using a negative binomial distribution as
~ t,k ) = Negative Binomial(r, p),
L(θ|D
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where Dt,k is the daily incidence of death on day t and location k (long-term care facilities or all
other locations), and r and p are size and probability parameters, respectively. We informed r and
p using the conjugate prior relationship between a beta prior and negative binomial likelihood,
pprior
such that r = rprior + dt,m and p = 1/(1 + pprior
+1 ), where dt,m is the daily incidence of death
predicted by the model on day t. For the decadal age distribution of cumulative deaths through
July 13, we used a multinomial distribution, such that
~ a ) = Multinomial(Da , da,m /
L(θ|D

X

da ),

a
92
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where Da is the observed number of deaths in the age group a, and da,m are the deaths by age
group obtained by the model. To fit to data on testing, we first observe, using Bayes’ rule, that
P (T |C)P (C)
P (T |C)P (C) + P (T |¬C)P (¬C)
P (C)
=
,
P (C) + r(1 − P (C))

P (C|T ) =

94
95
96
97
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99

where C refers to a symptomatic case, T refers to an administered PCR test for current infection, and r = P (T |¬C)/P (T |C). Next, we assume that non-symptomatic infections (either
presymptomatic or asymptomatic) exhibit treatment-seeking behavior similar to uninfected individuals, or P (T |I) = P (T |U ) = P (T |¬C), where I refers to a non-symptomatic infection and
U to uninfected. We then observe, again using Bayes’ rule, that
P (I|T ) =

rP (I)
P (C) + r(1 − P (C))

P (U |T ) =

rP (U )
.
P (C) + r(1 − P (C))

and
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100
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Next, we incorporate PCR sensitivity and specificity by assuming that sensitivity = (P |C) =
P (P |I), where P refers to a positive test (i.e., we assume that PCR sensitivity is similar for
non-symptomatic and symptomatic infections). This allows us to write
P (P |T ) = sensitivity(P (C|T ) + P (I|T )) + (1 − specificity)P (U |T ).
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Then, we are in a position to write the contribution to the likelihood from the testing data,
assuming that the number of positive tests in the data, T+ , follows a binomial distribution
~ + , T− ) = Binomial(T+ + T− , P (P |T )),
L(θ|T

105
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where T− represents the number of negative tests in the data.
Finally, the combined log-likelihood was obtained as
~ =
log(L(θ))

X



X
~ a) .
~ t,overall )) +log(L(θ|D
~ longtermcare )+log(L(θ|T
~ + , T− ))+
log(L(θ|D
log(L(θ|D
a

t
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We sampled the parameters proportional to their likelihood to obtain a set of parameter combinations that constitute our approximation of the posterior distribution of parameter values.
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