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Abstract

Background: Recent research has been conducted by various countries and regions on the impact of non-
pharmaceutical interventions (NPIs) on reducing the spread of COVID19. This study evaluates the tradeoffs between
potential benefits (e.g., reduction in infection spread and deaths) of NPIs for COVID19 and being homebound (i.e.,
refraining from interactions outside of the household).

Methods: An agent-based simulation model, which captures the natural history of the disease at the individual
level, and the infection spread via a contact network assuming heterogeneous population mixing in households,
peer groups (workplaces, schools), and communities, is adapted to project the disease spread and estimate the
number of homebound people and person-days under multiple scenarios, including combinations of shelter-in-
place, voluntary quarantine, and school closure in Georgia from March 1 to September 1, 2020.

Results: Compared to no intervention, under voluntary quarantine, voluntary quarantine with school closure, and
shelter-in-place with school closure scenarios 4.5, 23.1, and 200+ homebound adult-days were required to prevent
one infection, with the maximum number of adults homebound on a given day in the range of 119 K–248 K, 465
K–499 K, 5388 K-5389 K, respectively. Compared to no intervention, school closure only reduced the percentage of
the population infected by less than 16% while more than doubling the peak number of adults homebound.

Conclusions: Voluntary quarantine combined with school closure significantly reduced the number of infections
and deaths with a considerably smaller number of homebound person-days compared to shelter-in-place.
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Background
Recent research and experiences from various communi-
ties around the world highlighted the potential benefits of
non-pharmaceutical interventions (NPIs) for slowing down
the spread of COVID19 and reducing the severe health
outcomes [1–3]. NPIs include school closure, reducing
public gatherings, social distancing, restricting travel, and

voluntary quarantine (entire household staying at home if
someone in the household has symptoms) [4–7] and more
stringent interventions such as shelter-in-place [8, 9].
People may become “homebound” (i.e., stay home and

refrain from interactions in the community/workplace)
due to complying with some of the NPIs (even if they do
not experience symptoms), showing symptoms, or
providing childcare. Hence, despite their benefits, there
are also unintended consequences of NPIs, including
the impact on the economy, unemployment, household
spending, mobility, energy usage, etc. [10–13] and the
social impact on caring for the elderly, education of the
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young, family support, domestic violence, and personal
health and wellbeing [14–23].
Some NPIs, such as shelter-in-place, apply to large

populations for an extended duration, whereas others,
such as voluntary quarantine, impact targeted popula-
tions for a limited time. It is important to understand
the tradeoffs between the public health benefits and
other consequences of NPIs, particularly, as measured
by homebound person-days or the size of the home-
bound population over time. There is sparse research
on assessing which interventions have a higher overall
impact in reducing societal interactions versus the
ability to reduce infection spread and adverse out-
comes [8, 9, 24, 25].
This study evaluates the trade-offs between the public

health impact measures (e.g., the number of cases, hos-
pitalizations and deaths [26]) and intervention metrics,
including number of homebound people and person-
days under various NPI scenarios, including variations of
shelter-in-place, voluntary quarantine, and school clos-
ure. The intervention metrics aim to capture how much
an intervention reduces societal activity and interaction,
much needed to maintain economic and social life. Such
evaluations can assist local and national decision makers
in choosing different combinations of targeted interven-
tions over time to reduce infection spread while considering
the societal and economic impact.

In this paper, we use the homebound person-days as a
proxy for the decrease in the economic and social activ-
ity due to COVID19, and test the following hypotheses
using a simulation model.

Hypothesis 1: Voluntary quarantine (with school
closure) leads to a significant reduction in the number
of COVID19 infections.
Hypothesis 2: Shelter-in-place significantly increases
the number of homebound person-days, with limited
impact on the number of COVID19 infections.

Methods
Intervention definitions
The following NPIs, with varying combinations and
compliance levels in different scenarios (Fig. 1), are
analyzed in this study and compared to the baseline of
no intervention (NI):

1. School Closure (SC) – No peer-group interactions
among children or youth (i.e., no K-12 school
interactions).

2. Voluntary Quarantine (VQ) –Household members
stay home if any member of the household is
symptomatic, until the entire household is
symptom-free.

3. Shelter-in-Place (SIP) – Household members stay home.

Fig. 1 Scenarios. Description of the intervention scenarios considered in this study
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Modeling case projection and estimating intervention
impact
An agent-based simulation model with heterogeneous
population mixing was utilized and adapted, which has
been previously applied to project the number of
COVID19 infections and severe outcomes under
various social distancing strategies [26]. The simulation
model was implemented using C++. The underlying
disease progression model was a variant of a
Susceptible-Exposed-Infected-Recovered (SEIR) model.
The model tracks the disease status of an individual
while the disease spreads through the contact networks
consisting of households, peer groups (workplaces,
schools), and communities. Each individual was as-
sumed to be either susceptible (S), exposed (E), transi-
tioning (IT), asymptomatic (IA), symptomatic (IS),
hospitalized (H), recovered (R), or dead (D) at any given
time. Further, population mixing was assumed to be in
(i) households (night), (ii) peer groups (day), and (iii)
communities (day and night). (A more detailed model
description and model parameters can be found in
[26]). The study period is March 1, 2020- September 1,
2020. All results presented in this study are the
averages of 30 replications (for each scenario) of the
agent-based simulation model runs.
The population in the simulation includes children

(ages 0–9), youth (ages 10–19), adults (ages 20–64),
and elderly (ages 65+). The simulation monitors the
health status (e.g., symptomatic, hospitalized, dead)
as well as the homebound status of each household
member (for further details see Supplementary
Section A, Additional file 1 and Supplementary Table 1,
Additional file 1).

� Homebound: For adults and elderly, this status is
defined as staying home due to voluntary
quarantine, symptoms, shelter-in-place, or at
home childcare, i.e., providing supervision to a
child who is home due to their status (e.g., due
to symptoms or school closure). For example, if
a child is at home in need of supervision, the
status of an adult or elderly member in the
household is updated to indicate that they
provide supervision, labeled as at home childcare.
For children and youth, homebound is defined as
staying home due to voluntary quarantine,
symptoms, or school closure.

� Inactive: For adults and elderly, a status of inactive
refers to being inactive from society due to being
homebound, hospitalized, or providing hospital care,
i.e., caring for a child or youth who became
hospitalized. A status of inactive for children and
youth is defined as being inactive from society due
to being homebound or hospitalized.

Infection spread outcome measures and intervention
metrics
The infection spread outcome measures reported for the
study period include:

� Cumulative deaths: Number of people who died due
to COVID19.

� Cumulative infections: Number of people infected
(including asymptomatic infections).

� Peak day: The day when the number of new
infections was highest.

� Peak infection: The highest number (or percentage)
of the population infected on a given day.

A statistical summary of infection spread outcome
measures under baseline and intervention scenarios
is provided in Supplementary Table 2, Additional
file 1.
The infection spread measures are contrasted with the

following intervention metrics, which are reported for
the study period:

� Homebound or inactive subpopulation: Number of
people in a subpopulation (adults/elderly or
children/youth) with homebound or inactive status,
respectively, on a given day.

� Percentage of days adults homebound or inactive:
Average percentage of days an adult has homebound
or inactive status, respectively.

� Homebound days: Average number of days a (sub)
population has homebound status.

� Homebound or inactive peak day: The day when the
number of a (sub) population has homebound or
inactive status, respectively, is highest.

� Homebound or inactive peak: The highest
number (or percentage) of a (sub) population
homebound or inactive, respectively, on a given
day.

� Adults absent from work: The number of adults
who are absent from work due to an inactive status
(further details are provided in Supplementary
Section B, Additional file 1).

� Homebound days to prevent an infection: Additional
adult homebound days needed to prevent an
infection (in Scenario X, relative to Scenario 1),
calculated as follows:

Adult Homebound Days in Scenario X−Adult Homebound Days in Scenario 1
Cumulative Infections in Scenario 1−Cumulative Infections in Scenario X

� Homebound days to prevent a death: Additional
adult homebound days needed to prevent a death
(in Scenario X, relative to Scenario 1), calculated
as follows:
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Adult Homebound Days in Scenario X−Adult Homebound Days in Scenario 1
Cumulative Deaths in Scenario 1−Cumulative Deaths in Scenario X

An ethics approval for this study has been deemed not
applicable as all data used is publicly available from
census information.

Results
Figure 2 presents the daily new infections and the
homebound adults over time across all scenarios. Under
Scenarios 1, 3a, 3b, 3c (non-school closure scenarios),
the homebound peak for adults decreased from 248,421
under Scenario 3a to 119,461 under Scenario 3c, and the
peak under Scenario 1 was 225,315. Under Scenarios 2,
4a, 4b, 4c, 5a, 5b, 5c (school closure scenarios), the
homebound peak for adults was highest under Scenarios
5a, 5b, 5c, due to shelter-in-place, ranging from 5,388,
074 to 5,389,220, followed by homebound peak of 516,
870 under Scenario 2 (see Supplementary Table 4,
Additional file 1 to compare homebound peak percentages
for adults). Adults absent from work followed a similar
pattern as homebound adults across all scenarios (Supple-
mentary Figure 1, Additional file 1).
Higher compliance with voluntary quarantine reduced

homebound peak for adults to 499,188, 470,939, 465,963
under Scenarios 4a, 4b, 4c, respectively (Fig. 2),
decreased the peak infection (in Scenarios 3a, 3b, 3c, 4a,
4b, 4c) by at least half, and delayed the peak day by 15–
75 days compared to Scenario 1 (Supplementary Table 2,
Additional file 1).
Figure 3 presents a comparison of the percentage of

the population infected or dead and the percentage of
days adults homebound. The percentage of the population
infected was 59.09% under Scenario 1 (no intervention)
and 50.02% under Scenario 2 (school closure only). The
percentage of the population infected reduced to a range
of 11.86–43.16% under Scenarios 3a, 3b, 3c (voluntary

quarantine) and 4.15–29.02% under Scenarios 4a, 4b, 4c
(voluntary quarantine with school closure). The percent-
age of days adults homebound was 0.68% under Scenario
1 and 6.33% under Scenario 2 (school closure only).
The percentage of days adults homebound ranged
from 1.30–1.55% and 6.74–6.90% under Scenarios 3a,
3b, 3c (voluntary quarantine) and Scenarios 4a, 4b, 4c
(voluntary quarantine with school closure), respect-
ively. Compared to Scenario 2 (school closure only),
Scenarios 5a, 5b, 5c (shelter-in-place with school clos-
ure) reduced the percentage of the total population
infected from 50.02% to 45.93–48.97% but more than
doubled the percentage of days adults homebound to
a range of 18.30–30.39%. Supplementary Table 3,
Additional file 1 provides the percentage of days
children, youth, adults, and elderly are homebound
across all scenarios. Given these results, we accept
Hypotheses 1 and 2. That is, voluntary quarantine (with
school closure) leads to a significant reduction in the
number of COVID19 infections and shelter-in-place has a
minimal impact on the number of COVID19 infections
while significantly increasing the number homebound.
Figure 4 presents the homebound days to prevent an

infection or death. The homebound days to prevent an
infection was 71 under Scenario 2 (school closure only)
and over 200 under Scenarios 5a, 5b, 5c (shelter-in-place
with school closure). The homebound days to prevent
an infection was 1.9, 3.5, 4.5 under Scenarios 3c, 3b, 3a
(voluntary quarantine), respectively, versus 13, 15.4, 23.1
under Scenarios 4c, 4b, 4a (voluntary quarantine with
school closure), respectively. The homebound days to
prevent a death was 20,244 under Scenario 2 (school
closure only) and over 45,622 under Scenarios 5a, 5b, 5c
(shelter-in-place with school closure). The homebound
days to prevent a death was 383, 660, 819 under Scenar-
ios 3c, 3b, 3a (voluntary quarantine), respectively, versus
2684, 3140, 4702 under Scenarios 4c, 4b, 4a (voluntary
quarantine with school closure), respectively.

Fig. 2 Homebound adults and daily new infections. Homebound adults and daily new infections over time. Scenarios 2, 4a, 4b, 4c include
school closure
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Supplementary Table 4, Additional file 1 presents the
homebound and inactive peak percentages for children,
youth, adults, elderly, and the total population. Increasing
voluntary quarantine compliance, regardless of school
closure, decreased the homebound and inactive peak
percentage for adults, elderly, and the total population.
Supplementary Figures 2 and 3, Additional file 1 present
the homebound peak broken down by statuses for adults
and elderly and for children and youth, respectively.
Supplementary Figure 4, Additional file 1 shows the

percentage distribution of statuses (at home childcare,
voluntary quarantine, symptoms) for the homebound
peak for adults. At the homebound peak, among home-
bound adults: (i) Under Scenarios 2, 4a, 4b, 4c (school

closure scenarios without shelter-in-place), 0.77–27.54%
and 72.46–82.22% were symptomatic or providing at
home childcare, respectively. (ii) Under Scenarios 3a, 3b,
3c (non-school closure scenarios), 9.61–37.85% and
0.79–3.95% were symptomatic or providing at home
childcare, respectively. (iii) Under no intervention, 89.91
and 10.09% were symptomatic or providing at home
childcare, respectively.
Supplementary Tables 5–7, Additional file 1

summarize the impact of voluntary quarantine, school
closure and shelter-in-place by comparing the percent-
age difference between a pair of scenarios in terms of
the homebound days (for children, youth, adult and eld-
erly populations), cumulative infections, and deaths.

Fig. 3 Comparison of adults homebound to infected or dead populations. Percentage of days adults homebound compared to the percentage
of the population infected (left figure) and dead (right figure)

Fig. 4 Homebound days to prevent an infection or death. Homebound days to prevent an infection (left figure) or a death (right figure)
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Discussion
The COVID19 pandemic led to widespread school
closure and shelter-in-place orders in the United States
[27, 28]. Despite the potential public health benefits,
there were many concerns about the economic impacts
of shelter-in-place [10–13] and the disruptive effects of
school closures on the education of children and youth
[14, 21–23, 29]. This study analyzed and compared
several NPI scenarios, including combinations of school
closure, voluntary quarantine, and shelter-in-place, with
varying compliance levels and durations, as well as base-
line scenarios of no intervention (Scenario 1) and school
closure only (Scenario 2).

Main findings
Compared to no intervention, school closure reduced
the percentage of the population infected by less than
16% (Supplementary Table 6, Additional file 1) while
more than doubling the peak number of adults home-
bound and causing nearly 400,000 work absences.
Shelter-in-place combined with school closure (Scenar-

ios 5a-5c) temporarily slowed down the infection spread
and delayed the peak, but had little impact on the magni-
tude of the peak and the cumulative number of infections
and deaths, which were similar to that observed in the
school closure only scenario. However, under Scenarios
5a-5c, the peak number of homebound adults was 10–45
times larger than all other intervention scenarios.
Under voluntary quarantine (Scenarios 3a, 3b, 3c) the

percentage of the population infected was 11.86–43.16%
(compared to 59.09% under no intervention), with the
peak number of adults homebound being 248,421-119,
461. Under voluntary quarantine combined with school
closure (Scenarios 4a, 4b, 4c) the percentage of the
population infected was 4.15–29.02% (compared to
50.02% under school closure only), with the peak num-
ber of adults homebound being 499,188-465,963. Com-
pared to voluntary quarantine (Scenarios 3a, 3b, 3c),
voluntary quarantine combined with school closure
(Scenarios 4a, 4b, 4c) reduced the percentage of popula-
tion infected by at least 32% while almost doubling the
peak number of adults homebound.
Compared to school closure only, voluntary quaran-

tine combined with school closure yielded up to a 92%
decrease in cumulative infections and deaths while
homebound days increased by at most 9% for adults, 7%
for elderly and 1.5% for the total population. Under vol-
untary quarantine scenarios, the number of homebound
days to prevent an infection or death was 3–82 times
lower than that of all other scenarios.

Comparison with other studies
While recent research has assessed the impact of NPIs
on reducing the spread of COVID19, there are limited

studies that examine which interventions have a higher
overall impact on the homebound population versus
their ability to curb infection spread and adverse out-
comes [1–3, 8, 9, 24, 25]. Our study aims to bridge this
gap by evaluating the trade-off between the health bene-
fits of NPIs and their potential economic and social con-
sequences due to homebound populations.

Implication and explanation of findings
This study found that school closure alone had limited
impact on reducing the spread of COVID19. The major-
ity of adults homebound under school closure alone
were due to the need to provide at home childcare. The
positive public health impact of shelter-in-place came at
a very high societal cost. In contrast, high levels of vol-
untary quarantine compliance decreased the percentage
of the population infected and the peak number of
adults homebound (or absent from work). Voluntary
quarantine compliance provided the greatest benefits in
terms of the reduction in infections and deaths com-
pared to the number of adults homebound.

Strengths and limitations
Some of the conclusions of this study may be general-
ized to other states/countries that have geographic and
population characteristics similar to the state of Georgia.
The model and analysis would need to be adjusted for
other pandemics; for example, COVID19 leads to fewer
adverse health outcomes in younger populations and this
may explain why school closure has a lesser impact on
reducing infection spread. If facemask usage was also
considered in the NPI scenarios, the relative reduction
in the number of cases and deaths could be higher com-
pared to baseline scenarios. The simulation was popu-
lated with data from the state of Georgia and the results
presented may not apply to other states or regions which
have significantly different population characteristics or
density.

Conclusion
Many governments are faced with difficult decisions
about when and how quickly to lift social distancing re-
strictions and reopen their economies; hence, it is crucial
to analyze the benefits of NPIs in decreasing the spread
of COVID19 versus the economic and social conse-
quences considering the people who become home-
bound due to illness or due to complying with NPIs.
It is important to take into account the measures con-

sidered in this study when making decisions based on
NPIs, in light of the fact that most decisions are made
based on the number of infections alone.
While large-scale interventions such as shelter-in-

place temporarily slow down the infection spread, they
are highly disruptive to the society and their public
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health impact is limited unless they are imposed for long
durations of time, with high compliance levels, or
followed by additional interventions.
Targeted interventions such as voluntary quarantine

or voluntary quarantine combined with school closure
significantly reduce the infection spread without causing
a social and economic disruption as in the case of an
extended shelter-in-place.

Recommendations
Strong public messaging should continue about volun-
tary quarantine, voluntary shelter-in-place (if possible),
as well as other practices of physical distancing and the
usage of facemasks.

Future directions
Further research could examine the effect of facemask
usage on the impact of NPIs, as well as continue to
explore various combinations of NPI strategies. As we
approach the release of a potential COVID19 vaccine,
another important research question to consider is the
impact of vaccine availability and allocation strategies on
the infection spread and homebound populations, along
with other NPIs.
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org/10.1186/s12889-021-10725-9.

Additional file 1. Modeling peer-to-peer interactions and supplemental
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bles, figures, and results that aid in the discussion in the main text.
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