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Lockdown policies such as stay-at-home orders are known to be effective in controlling the spread of
the novel Coronavirus Disease 2019 (COVID-19). However, concerns over economic burdens of these
policies rapidly propelled U.S. states to move towards reopening in the early stage of the pandemic.
Decision-making in most states has been challenging, especially because of a dearth of quantitative
evidence on health gains versus economic burdens of different policies. To assist decision-makers,
we study the health and economic impacts of various lockdown policies across U.S. states, and shed
light on policies that are most effective. To this end, we make use of detailed data from 50 U.S. states
plus District of Columbia on various factors, including number of tests, positive and negative results,
hospitalizations, ICU beds and ventilators used, residents’ mobility obtained from cell phone data,
and deaths. Our analyses allow quantifying the total cost versus the total quality-adjusted life year
(QALY) associated with various lockdown policies. We utilize a compartmental model with Markov
chain Monte Carlo simulation to estimate the spread of disease. To calibrate our model separately
for each U.S. state, we make use of empirical data on the intensity of intervention policies, age, ratio
of Black/Hispanic populations, per capita income, residents’ mobility, and number of daily tests,
and feed them to a longitudinal mixed-effect model. Finally, we utilize a microsimulation model to
estimate the total cost and total QALY for each state, and perform cost-effectiveness analysis to
identify policies that would have worked best. Our results show that, compared to no-intervention
during March-June 2020, the policies undertaken across the U.S. saved on average about 41,284.51
years worth of QALY (per 100K capita) while incurring $164.01 million (per 100K capita). Had
the states undertaken more strict policies during the same time frame than those they adopted,
these values would be 44,909.41 years and $117.28 million, respectively. By quantifying the impact
of various lockdown policies separately for each state, our results allow federal and state authorities
to avoid following a “one-size-fits-all” strategy, and instead enact policies that are better suited for
each state. Specifically, by studying the trade-offs between health gains and economic impacts, we
identify the particular states that would have benefited from implementing more restrictive policies.
Finally, in addition to shedding light on the impact of lockdown policies during our study period
(March-June 2020), our results have important implications on curbing future fast-spreading variants
of the coronavirus or other related potential epidemics.!
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1. Introduction

The novel Coronavirus Disease 2019 (COVID-19) has wreaked havoc around the globe ever since
its onset in November of 2019. Based on some estimates, 14.9 million excess deaths occurred in
2020-2021 worldwide that were all associated with COVID-19 (WHO 2022). In the United States,
as of Nov 04, 2022, more than 97 million total cases and more than 1 million total deaths have
! The authors are grateful for helpful comments they received from members of the State of Vermont COVID-19
modeling team, as well as conservations and data they received from the Bahrain’s undersecretary of national economy

and Bahrain’s director of the planning and economic studies directorate. These all helped the authors to better
calibrate their models and provide more actionable results.
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been confirmed (CDC 2022a). In response to the COVID-19 pandemic and in order to curb the
progression of the disease, U.S. states each scrambled to implement various lockdown policies in
the early stage of the pandemic, including stay-at-home executive orders, non-essential business
closures, large-gathering bans, and school closures. These policies have been shown to be effective
in lowering the growth rates of COVID-19 (see, e.g., Courtemanche et al. (2020)). However, they
often bear economic implications such as the cost of lost income and productivity (see, e.g., Shretta
(2020)), which might have propelled states to proceed towards reopening prematurely (RAND
2020). As a result of reopening segments of the economy, some states observed spikes in new cases
and were forced to exert new lockdowns, delay their reopening plans, or impose other restrictive
policies (New York Times 2020a, Reuters 2020). In light of the challenges faced by the states,
we aim to provide quantitative evidence, and for the first time, investigate both the health and
economic impacts of various lockdown policies that were implemented or could have been imple-
mented by each of the states. Our main goal is to shed light on policies that are most effective in
trading off the underlying health gains versus the potential economic burdens.

To this end, we provide an extensive analysis of the policies implemented in the early stage
of the pandemic in each state, compare their performance with a hypothetical no-intervention
scenario as well as a set of counterfactual policies that could have been imposed. We do so by first
developing a compartmental model that captures the dynamics of the disease progression over time.
Utilizing data of 50 U.S. states plus District of Columbia (DC) on various factors (e.g., number
of COVID-19 tests, infections, hospitalizations, ICU bed and ventilation usage, and deaths), we
exclusively estimate our model parameters for each state via Markov chain Monte Carlo simulation.
We then develop a longitudinal mixed-effect model to quantify the impact of different policies on
potential reductions in the disease transmission rates. Here, we adjust our analysis for each state
by considering policies, their duration, sociodemographic/economic factors (e.g., age, race, and
income), number of daily tests, and residents’ mobility which we obtain from cell phone data.

Specifically, we take into account the effect of race, because Black or Hispanic populations are
reported to be more vulnerable against health/economic impacts of COVID-19 (KFF 2020a). We
also take into account the effect of residents’ mobility, as compliance of residents to adhere with
policies imposed by their state can play an important role in controlling the disease (Bodas and
Peleg 2020). However, information on the level of adherence is only available via limited surveys,
which are not fully reliable. Instead, we make use of cell phone data to directly gauge the mobility of
individuals in each state, which can effectively approximate their level of compliance (Charoenwong
et al. 2020). These allow us to perform high-fidelity simulation analyses and compare the lockdown
policies that were followed with potential policies that could have been imposed by each state.

Our measurements of the impact of lockdown policies include the total cost incurred as well as
the total quality-adjusted life years (QALYs) saved, albeit with respect to certain factors considered

in this study. To quantify the cost, we include both direct and indirect costs. Specifically, we
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consider (1) the direct cost of either utilizing existing hospital resources (e.g., beds and ventilators)
or expanding these resources in case there is a limited supply of them, and (2) the indirect cost
of lost income as well as the indirect cost incurred when infected individual have to quarantine.
To quantify QALY, we consider how quality of life is impacted by different stages of the disease
(e.g., healthy, infected, hospitalized, dead, etc.). Finally, in addition to quantifying both the costs
incurred and the QALYs saved, we perform cost-effectiveness analyses to further shed light on

suitable lockdown policies that could have been enacted in each state.

1.1. Policy Insights and Implications

Our results allow the government and public health authorities to not only observe the impact of

their existing policies retrospectively, but also adopt more effective policies for future pandemics.

Specifically, our results indicate the following:

e Compared to no-intervention, the lockdown policies imposed across the U.S. during March-June
2020 increased (on average and per 100K capita) the total QALY and cost 41,284.51 years and
$164.01 million, respectively. Moreover, more strict policies (i.e., enacting lockdowns for a longer
period than what were actually implemented) in the U.S. could have saved (on average and per
100K capita) 44,909.41 years of total QALY while costing $117.28 million.

e For sub-populations who are at higher risk (e.g., age > 65 and Black/Hispanic race), compared to
no-intervention, the policies enacted across the U.S. during March-June 2020 saved (on average
and per 100K capita) 64,185.49 years worth of QALY while incurring $11.03 million. Under more
strict policies, these outcomes would have been 69,389.41 years and $—49.69 million.

e We find a significant amount of heterogeneity in the total QALY saved and the extra total cost
across states. For example, we observe that New Jersey and New York have much higher total
QALY gains and extra costs compared to states with a higher population such as California and
Texas. As one of the potential reasons, this might be associated with the number of infections,
hospitalizations, and deaths averted under lockdown policies in these states. For example, we
find that under more strict policies (compared to no-intervention), a maximum of 100 and 50
daily deaths per 100K capita would have been averted in New Jersey and New York, respectively,
while this number in California and Texas is about 6 and 0.4, respectively.

e Our results show that, for the majority of the states, the more restrictive counterfactual policies
we study are typically more cost-effective than the policies that were implemented. This means
that they could have saved more QALYs per dollar imposed to the society. Thus, federal and
state authorities should have followed such more restrictive policies instead of what they enacted.
However, we find that, in some states such as California and New Jersey, the enacted policies
were quite comparable to such counterfactual policies.

e Regardless of the lockdown policy, lowering residents’ mobility beyond 10 miles from their res-

idence could be viewed as an effective strategy, in that it tangibly improves the total QALY
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gains. Furthermore, the impact of lowering residents’ mobility is much higher under the poli-
cies implemented across the states than those more strict ones that could have been followed.
This suggests that lowering mobility and imposing (lifting) restrictive policies have substitutive

(complementary) effects.

1.2. Related Literature

Our work is among the first to examine the state-wide differential impact of various lockdown
policies in terms of both health gains and economic burdens for all U.S. states. For related studies,
we refer interested readers to Debata et al. (2020), Ghaffarzadegan and Rahmandad (2020), Holtz
et al. (2020), Lin and Meissner (2020), Lyu and Wehby (2020a), Wilson and Stimpson (2020),
Ziedan et al. (2020), Berry et al. (2021), Brauner et al. (2021), Chernozhukov et al. (2021), Donnelly
and Farina (2021), Rahmandad et al. (2022).

Furthermore, regarding the type of health outcomes considered in this study, we note that the
majority of studies have analyzed more direct outcomes such as number of infections, hospitaliza-
tions, and deaths. While we reflect on these outcomes in our numerical results, we measure the
QALY metric as our primary health outcome. For some of studies that have incorporated this
metric in the COVID-19 domain, one can refer to Briggs and Vassall (2021), Ferreira et al. (2021),
Reif et al. (2021), Malik et al. (2022), Wouterse et al. (2022), and references therein.

There are also specific studies in the Operations Research/Management (OR/OM) literature
that are relevant to our work. Kaplan (2020) analyzed the timing of a specific policy (e.g., university
opening). Blackmon et al. (2021) analyzed the problem of food insecurity amidst the pandemic,
and developed a decision-support system to improve the underlying decisions. Shen et al. (2021)
proposed a game-theoretic approach to address the impact of mask distribution in controlling the
spread of the disease. Birge et al. (2022) developed an optimization model based on residents’
mobility to identify targeted policies for business closures. We also refer interested readers to
studies that analyze the impact of lifting nonpharmacologic interventions (see, e.g., Chhatwal et
al. (2021) and Linas et al. (2022)), the impact of testing and compliance to quarantine after a
positive test on disease transmission (see, e.g., Yu et al. (2022)), resource allocation for COVID-19
vaccines (see, e.g., Kim et al. (2021)), simultaneous impact of nonpharmacologic interventions and
COVID-19 vaccines on health outcomes (see, e.g., Patel et al. (2021)), and the effect of balancing
service waiting times and the disease infection rates (see, e.g., Mondschein et al. (2022)). Finally,
for reviews of problems attributed to the COVID-19 that can be addressed by OR/OM methods,
we refer to Choi (2021), Gupta et al. (2022), and the references therein. In Table 1, we compare
our work with some existing studies that evaluate related policy interventions in the COVID-19
domain.

The rest of this paper is organized as follows. In §2, we present our data and methodology. In
§3, we provide our numerical results and main findings, insights and implications from our results.

In §4, we discuss the limitations and future research directions, and conclude the paper.
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Table 1 Summary of some existing literature on the evaluation of COVID-19 policy interventions
Study Study period Study Policy type Outcome Methodology/Model
Location measure(s)
Ghaffarzadegan and Feb—Mar Iran Current lockdowns' # infections SEIR compartmental
Rahmandad (2020) 2020 # deaths Markov chain Monte
Carlo (MCMC) simulation
Holtz et al. (2020) Mar-Apr USA Current lockdowns Geographic/social Difference-in-differences
2020 network spillovers (DID)
across the U.S.
Kaplan (2020) 2020 USA Crowd-size restrictions # infections Mathematical models
(month not (Connecticut)  Hospital surge planning # hospitalizations
specified) University opening
Lyu and Wehby Mar—May USA Mask mandates Infection DID
(2020a) 2020 15 states transmission rate
Ziedan et al. (2020)  Apr 2019- USA Current lockdowns Non-COVID-19 DID
Apr 2020 healthcare utilization
Berry et al. (2021) Mar—May USA Current lockdowns # infections DID
2020 # deaths
Brauner et al. Feb—May 41 countries Current lockdowns Infection Bayesian hierarchical
(2021) 2020 (not including transmission rate
USA)
Chhatwal et al. Mar 2020— USA Current lockdowns # infections SEIR compartmental
(2021) Dec 2021 Mask mandates # hospitalizations Simulation
# deaths
Chernozhukov et al. Mar—May USA Mask mandates # infections Structural equations
(2021) 2020 Counterfactual mandates  # deaths
Ferreira et al. (2021) Mar—Apr Portugal Current lockdowns Health-related Survey analysis
2020 quality of life
Anxiety level
Kim et al. (2021) Not specified USA Vaccines resource Infection attack rate  SIR-D compartmental
allocations
Reif et al. (2021) Mar 2020- USA Not specified QALY lost State-transition
Mar 2021 micro-simulation
Birge et al. (2022) Apr 2020 USA Current lockdowns # infections Optimization
(New York)
Wouterse et al. 2020 Netherlands Not specified QALY lost Simulation
(2022) (month not
specified)
Yu et al. (2022) Not specified USA Testing capacity Infection SIR compartmental
and compliance transmission rate Simulation
Our study Mar—Jun USA Current lockdowns QALY SEIRS compartmental
2020 All 51 states Counterfactual lockdowns — Cost¥ MCMC simulation

No intervention

t“Current” refers to the time during the study period when the corresponding policy was implemented. YBoth measures are
estimated based on the number of infected, hospitalized, and dead individuals under different policies.

2. Data and Methodology

2.1. Data

Our study is focused on lockdown policies that were implemented in the early stages of the COVID-

19 pandemic (March-June 2020). For part of our analyses, we make use of the Star Schema data

(Foldi and Csefalvay 2020), which has the following data attributes: 50 U.S. states plus DC, date,

number of daily total COVID tests, positive and negative results, hospitalizations, ICU beds used,
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ventilators used, and deaths in each state.? The beginning date for each state in this dataset varies,
but the end date for all states is June 7, 2020. The second data that we utilize in our analysis
is the timeline of the lockdown policies undertaken in each state, hereafter referred to as current
policies for simplicity. In our study, these lockdown policies consist of three main interventions:
stay-at-home order and non-essential business closures, large-gathering ban, and school closures.
For details regarding the current policies and the data we have collected, see Table 2. We also
utilize the data of projected infections provided by IHME (2020) in order to test and validate
our estimations (see §3.1.2). Finally, we make use of cell phone data (CUEBIQ 2020) to obtain

information on individuals’ mobility in each state.

2.2. An Epidemiologic Model

To analyze the spread of disease, we utilize an epidemiologic compartmental model known as

SEIRS that considers susceptible, exposed, infected, and recovered populations. One of the main

assumptions in this model is that an immunity obtained upon recovery will not be life-long in the

absence of treatments (see, e.g., Altmann et al. (2020)), which was the case during the timeline
of our study (AJMC 2021). To properly reflect on the problem under consideration, we make the

following adjustments in our SEIRS model (the model is shown in Figure 1):

e We note that being exposed to the disease can be the beginning of the presymptomatic period
(see, e.g., WHO (2020)). Therefore, we do not differentiate between exposed and presymptomatic
conditions.

e We allow transmissions between (a)symptomatic infected and hospitalized populations.

¢ Among hospitalizations, we account for demand for common beds, ICU beds alone, or ICU beds
with mechanical ventilators.

e We assume a ventilator is only used with an ICU bed (not a common bed), which is consistent
with the medical literature (see, e.g., Gracey (1995), Wunsch et al. (2013)).

e For hospitalized patients who are discharged, we also consider the possibility of being infected
(i.e., carrier) post-discharge (Modern Healthcare 2020).

e For the current policies in each state, we consider the fact that there are overlaps between
interventions resulting in different time frames. For example, for Alabama, we have observed four
time frames: 03/07-04/03, 04/04-04/30, 05/01-05/11, and 05/12-06/07 (see Table 2). Due to
the type/number of interventions undertaken in each time frame, this can result in a potentially
different disease transmission rate. We account for this by solving piecewise ordinary differential
equations (ODEs) in our SEIRS model. As a result, the disease transmission rate in our setting
depends on time. Of note, since transmission rates also affect other factors in our model (e.g.,

hospitalization and death rates), such factors are also time-dependent in our analyses.

2In addition to the database used in this study, there are several premier and widely used databases on U.S. states
policies (see, e.g., ICPSR (2021)).
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Table 2 Timelines of current intervention policies and data collected’

State Intervention 1* Intervention 2* Intervention 3* Data
Start End Start End Start End Start End

Alabama 04-Apr 30-Apr 04-Apr 11-May 04-Apr ROSY?S 07-Mar 07-Jun
Alaska 28-Mar 20-May 28-Mar INDY 28-Mar ROSY 06-Mar 07-Jun
Arizona 31-Mar 15-May 17-Mar 16-May 15-Mar ROSY 04-Mar 07-Jun
Arkansas —I — 06-Apr IND 06-Apr ROSY 06-Mar 07-Jun
California 19-Mar IND 19-Mar IND 19-Mar ROSY 04-Mar 07-Jun
Colorado 26-Mar 30-Apr 26-Mar IND 26-Mar ROSY 05-Mar 07-Jun
Connecticut 23-Mar 20-May 23-Mar 20-Jun 23-Mar ROSY 07-Mar 07-Jun
Delaware 24-Mar 31-May 24-Mar IND 24-Mar ROSY 06-Mar 07-Jun
Dist. of Col. 01-Apr 29-May 01-Apr IND 01-Apr ROSY 05-Mar 07-Jun
Florida 03-Apr 04-May 03-Apr IND 03-Apr ROSY 04-Mar 07-Jun
Georgia 03-Apr 30-Apr 03-Apr IND 03-Apr ROSY 04-Mar 07-Jun
Hawaii 25-Mar 31-May 25-Mar IND 25-Mar ROSY 07-Mar 07-Jun
Idaho 25-Mar 30-Apr 25-Mar 30-Apr — — 07-Mar 07-Jun
Ilinois 21-Mar 31-May 21-Mar 31-May 21-Mar ROSY 04-Mar 07-Jun
Indiana 24-Mar 01-May 24-Mar IND 24-Mar ROSY 06-Mar 07-Jun
Towa 17-Mar 15-May 17-Mar IND 17-Mar ROSY 06-Mar 07-Jun
Kansas 30-Mar 03-May 30-Mar 04-May 30-Mar ROSY 06-Mar 07-Jun
Kentucky 26-Mar IND 26-Mar IND 26-Mar ROSY 06-Mar 07-Jun
Louisiana 23-Mar 15-May 23-Mar IND 23-Mar ROSY 07-Mar 07-Jun
Maine 02-Apr 31-May 01-May 31-May 02-Apr ROSY 07-Mar 07-Jun
Maryland 30-Mar 15-May 30-Mar IND 30-Mar ROSY 05-Mar 07-Jun
Massachusetts 24-Mar 18-May 24-Mar 18-May 24-Mar ROSY 12-Mar 07-Jun
Michigan 24-Mar 12-Jun 24-Mar 01-Jun 24-Mar ROSY 01-Mar 07-Jun
Minnesota 27-Mar 18-May 27-Mar 18-May 27-Mar ROSY 06-Mar 07-Jun
Mississippi 03-Apr 27-Apr 03-Apr IND 03-Apr ROSY 07-Mar 07-Jun
Missouri 06-Apr 03-May 06-Apr 03-May 06-Apr ROSY 07-Mar 07-Jun
Montana 28-Mar 24-Apr 28-Mar IND 28-Mar 07-May 07-Mar 07-Jun
Nebraska 10-Apr 30-Apr 10-Apr 04-May 10-Apr ROSY 05-Mar 07-Jun
Nevada 01-Apr 01-May 01-Apr IND 01-Apr ROSY 05-Mar 07-Jun
New Hampshire 27-Mar 15-Jun 27-Mar 15-Jun 27-Mar ROSY 04-Mar 07-Jun
New Jersey 21-Mar IND 21-Mar IND 21-Mar ROSY 05-Mar 07-Jun
New Mexico 24-Mar 15-May 24-Mar IND 24-Mar ROSY 06-Mar 07-Jun
New York 22-Mar 15-May 22-Mar IND 22-Mar ROSY 04-Mar 07-Jun
North Carolina 30-Mar 08-May 30-Mar IND 30-Mar ROSY 04-Mar 07-Jun
North Dakota 27-Mar 30-Apr — — 27-Mar ROSY 07-Mar 07-Jun
Ohio 23-Mar 29-May 23-Mar IND 23-Mar ROSY 05-Mar 07-Jun
Oklahoma 28-Mar 06-May 28-Mar IND 28-Mar ROSY 07-Mar 07-Jun
Oregon 23-Mar 15-May 23-Mar IND 23-Mar ROSY 04-Mar 07-Jun
Pennsylvania 01-Apr 08-May 01-Apr IND 01-Apr ROSY 06-Mar 07-Jun
Rhode Island 28-Mar 08-May 28-Mar IND 28-Mar ROSY 01-Mar 07-Jun
South Carolina 07-Apr 04-May 07-Apr IND 07-Apr ROSY 04-Mar 07-Jun
South Dakota — — 06-Apr 31-May 06-Apr ROSY 07-Mar 07-Jun
Tennessee 31-Mar 30-Apr 31-Mar IND 30-Mar ROSY 05-Mar 07-Jun
Texas 02-Apr 30-Apr 02-Apr IND 02-Apr ROSY 04-Mar 07-Jun
Utah 27-Mar 01-May 27-Mar IND 27-Mar ROSY 07-Mar 07-Jun
Vermont 24-Mar 15-Jun 24-Mar IND 24-Mar ROSY 06-Mar 07-Jun
Virginia 30-Mar 10-Jun 30-Mar IND 30-Mar ROSY 05-Mar 07-Jun
Washington 23-Mar 31-May 23-Mar IND 23-Mar ROSY 22-Jan 07-Jun
West Virginia 24-Mar 04-May 24-Mar IND 24-Mar ROSY 06-Mar 07-Jun
Wisconsin 25-Mar 26-May 25-Mar 26-May 25-Mar ROSY 04-Mar 07-Jun
Wyoming 25-Mar 01-May 25-Mar IND 25-Mar ROSY 07-Mar 07-Jun

fTimelines of interventions, source: KFF (2020b), NBC News (2020), NPR (2020). Timelines of data, source: Foldi and
Csefalvay (2020). *Intervention 1: stay-at-home order and/or non-essential business closures,

Intervention 2: large-gathering ban, Intervention 3: school closures. ¥ ROSY: remainder of school year.

YIND: indefinitely (at the time of data collection, June 7, 2020). ! An executive order was not issued in that state.
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Figure 1 The SEIRS compartmental model
Notes. Dashed and dotted arrows represent recovery/discharge flows and vital dynamics, respectively. For graphical
simplicity, “infected/carrier post hospital discharge” is shown with one compartment (there are three of them).
“Hospitalization Required” is only shown for illustrative purposes and is not among compartments.

As shown in Figure 1, the outputs in our SEIRS model are the number of people in each com-
partment on each day; e.g., susceptible, exposed, infected symptomatic/asymptomatic, hospitalized
with common bed, ICU bed, or ventilator, and death. We solve our model using the following

ODEs (for the notation used, see Table 3):

dsS(t) —B(t)S(t) Zie{A,S,H,PD} Ii(t)

(
dt S T EW) T 2 asmpm 10 + B

+p <S(t) FEO+Y oy O+ R(t)) —vS(t),

+ER(t)

Ry o H RO )
dl;‘t(t) = paoB(t) — i + 74 + ) La(t), (1c)
dl;ft) — psoE(t) — (At + s + ) Is(0), (1)
‘U’f;;(ﬂ = Ay (Ta(t) + Is(t)) \i — (915 + i) Turi(t)  for i € {1,2,3}, (le)
‘Upjg(t) =01 Igri(t) — (V2 +v) Ipps(t)  for i€ {1,2,3}, (1f)
WO _ (ara)+15150) + 3 daidini(t) — (6-+ )R, (1g)
S(0) = N(0) — eg, E(0) = 0, 14 (0) = 5(0) = I (0) = Ipp(0) = R(0) =0. (1h)

2.3. Potential Lockdown Policies

In addition to analyzing the performance of current policies, we study the impact of some poten-
tial policies that could have been followed by states (see Table 4), as well as a hypothetical no-
intervention policy. These potential policies are set based on the current lockdown policies, with
the exception that we typically explore longer duration representing more strict policies compared
to the current policies. Since most states initiated their policies in March and the end date in

our data is June 07, we analyze these policies for March through June of 2020. These policies are
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Table 3  Summary of notations for the SEIRS model'

t time index (in days), t=0,1,...,T (T: time horizon)

S(t) # susceptible (#: number of people)

E(t) # exposed to the virus

eo # initially exposed (at the onset of disease)

P(t) # presymptomatic, P(t) = E(t)

ING! # infected and asymptomatic (not developing symptoms)

Is(t) # infected and symptomatic

I (t) # infected needed to be hospitalized, I (t) = > 5_, Inni(t)

Inri(t) # requiring hospital resources, ¢ € {1: Common/non-ICU bed, 2 : ICU bed alone, 3: ICU bed with ventilator}
Ippi(t) # infected/carrier of the disease post hospital discharge for index i € {1,2,3}, Irp(t) =3 >_, Irpi(t)
D(t) # death from COVID-19

R(¢) # recovered from the disease
N(t) total number of people (sum of numbers in all compartments at time )
lr incubation period (time between exposure/being presymptomatic and appearance of signs/symptoms of disease)

o =1/l;: rate of becoming infected post exposure/presymptomatic period
IRk recovery period for k € {A: asymptomatic, S: symptomatic}
~i: recovery rate for k € {A: asymptomatic, S: symptomatic}, vx =1/lrk
lw immunity waning period
&: waning rate, £ =1/lw
LOS; hospital length of stay for index ¢ € {1,2,3} (see above for description of index %)
¥1;: hospital discharge rate for index 7 € {1,2,3}, ¢1; =1/LOS;
¥2;: full recovery rate after a hospital discharge for index i € {1,2,3}, ¥2; =1/ max{lr — LOS;,0}

B(t) transmission rate at time ¢ (rate at which the disease is transmitted between a susceptible and an exposed individual)
Ps probability of a symptomatic infection

pa probability of an asymptomatic infection, po =1 — ps

Am rate of hospitalization

i rate of hospitalization for index i € {1,2,3}, 32°_ A, =1

bi covid-related death rate for index i € {1,2,3}

o vital dynamics (natural birth rate; not occurred during hospitalization)

v vital dynamics (natural death rate; not occurred during hospitalization)

t Compartments indices 1-12 refer to S, E, Ia, Is, Inr: and Ipp; for i € {1,2,3}, R and D compartments, respectively.

Table 4 Summary of potential intervention policies

Policy Stage 1 Stage 2 Stage 3 # Time Frames
P1 Start: 01-Mar, end: 30-Apr Start: 01-May, end: 31-May Start: 01-Jun, end: 30-Jun 3
Duration: 61 days Duration: 31 days Duration: 30 days
Interventions 1/2/37 Interventions 2/3 Intervention 3
P2 Start: 01-Mar, end: 31-May Start: 01-Jun, end: 30-Jun — 2
Duration: 92 days Duration: 30 days
Interventions 1/2/3 Interventions 2/3
P3 Start: 01-Mar, end: 30-Jun — — 1

Duration: 122 days
Interventions 1/2/3
T Interventions 1: stay-at-home order and non-essential business closures, 2: large-gathering ban, 3: school closures.

labeled such that they are ordered in their degree of leniency. Thus, Policy 3 (1) in Table 4 is the
most (least) strict policy. Our assumptions on the way the states would have transitioned between
these policies (e.g., first implementing all interventions, then lifting stay-at-home order, and so on)

is consistent with what has been reported by the authorities for each state (see Table 2).
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2.4. Adjusting Disease Transmission Rates

As we estimate the disease transmission rates in our SEIRS model, there exist underlying factors
that could affect the dynamics of the disease, but are not reflected in the SEIRS model; e.g.,
population’s age and race (KFF 2020a), income (New York Times 2020b), compliance to follow-
ing policies (Bodas and Peleg 2020), and number of daily tests (Pitzer et al. 2021). As a result,
we cannot directly apply these estimated transmission rates to examine the impact of potential
lockdown policies. To address this, we develop a longitudinal mixed-effect regression model, which
allows us to measure the impact of policies on potential reductions in transmission rates. For each
state, we adjust our analysis by duration and intensity of interventions, age, the ratio of Black or
Hispanic populations, per capita income, and number of daily tests. In addition, we make use of
the Shelter-In-Place Analysis data (CUEBIQ 2020) on the ratio of mobile devices moving within 1
mile, between 1 and 10 miles, or more than 10 miles from home in each state. Also, for the number
of daily tests, we make use of the Star Schema data (Foldi and Csefalvay 2020). Table 5 shows the
summary of the independent variables used in our longitudinal regression model (for details about

this model, see §3.2).

2.5. Measuring Health and Economic Impacts

2.5.1. Health Outcomes. Under each policy, we measure health outcomes by making use of
quality-adjusted life years (QALY). This quantifies the number of years an individual can accrue
depending on his/her health status; e.g., full health (death) accounts for 1 (0) year of quality of
life accrued, and a medical condition such as infection yields a value that is strictly between 0
and 1 over one year. In our setting, the SEIRS model has 12 compartments each representing a
different stage of the disease (see §2.2 for more details). Let X (t) = (X1(¢),...,X12(t)) represent
the state of the model at time ¢, where X;(¢) denotes the number of people estimated to be in
compartment i € {1,2,...,12} at time t. Let ¢; € [0, 1] represent the quality-of-life (qol) score for
compartment 7. This is a number between 0 and 1, where 1 (0) represents full health (death) based
on a one-year time frame. Also let (); be the terminal qol score that a patient accrues at the end of
time horizon for the rest of his/her life. We quantify total QALY as the quality-adjusted life years

that a population can accrue over the time horizon:

T-1 12

Total QALY = > "¢ Xi(t) + > Q:X:(T). (2)

t=1 i=1

As mentioned in §2.4, we adjust the disease transmission rate based on age, the ratio of under-
represented populations, per capita income, people’s mobility, number of daily tests, and type
and duration of policies. As a result, the number of people in different compartments, and hence
our measure of QALY reflects these factors. Of note, Equation (2) reveals a linear function that

accounts for between-comparment distribution of health benefits. However, it does not account for
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Table 5 Summary of socio-demographics and mobility information*
State Average Median Race Mobility Ratio¥
PCI ()l Agel Ratio*! Time Frame 18  Time Frame 2 Time Frame 3 Time Frame 4

Alabama 25,746 38.7 0.30 (0.315,0.298,0.386) (0.396,0.281,0.321) (0.319,0.290,0.390) (0.311,0.281,0.406)
Alaska 35,065 33.9 0.10 — — — —
Arizona 27,964 37.2 0.36  (0.335,0.359,0.305) (0.461,0.308,0.230) (0.485,0.301,0.213) (0.407,0.329,0.263)
Arkansas 24,426 37.9 0.23  (0.343,0.302,0.354) (0.344,0.296,0.359) — —
California 33,128 36.1 0.44 (0.328,0.364,0.306) (0.470,0.301,0.227) — —
Colorado 34,845 36.5 0.26  (0.420,0.273,0.306) (0.554,0.230,0.214) (0.438,0.263,0.297) —
Connecticut 41,365 40.8 0.27 (0.331,0.362,0.306) (0.508,0.294,0.196) (0.392,0.343,0.263) —
Delaware 32,625 39.8 0.30 (0.316,0.351,0.332) (0.474,0.295,0.230) (0.370,0.328,0.301) —
Dist. of Col. 50,832 33.9 0.56 — — — —
Florida 28,774 41.8 0.41 (0.360,0.310,0.329) (0.466,0.277,0.255) (0.368,0.302,0.328) —
Qeorgia 28,015 36.4 0.41  (0.321,0.288,0.390) (0.422,0.268,0.309) (0.313,0.281,0.404) —
Hawaii 32,511 38.8 0.12 — — — —
Idaho 25,471 35.9 0.14 (0.397,0.283,0.318)  (0.481,0.265,0.253) (0.379,0.290,0.329) —
Ilinois 32,924 37.7 0.31  (0.285,0.306,0.408) (0.434,0.266,0.298) (0.328,0.288,0.382) —
Indiana 27,305 37.5 0.16 (0.308,0.310,0.381) (0.474,0.267,0.258) (0.355,0.297,0.346) —
Towa 30,063 38.1 0.09 (0.284,0.290,0.425) (0.441,0.252,0.305) (0.353,0.270,0.375) —
Kansas 29,600 36.3 0.17 (0.392,0.247,0.360) (0.478,0.240,0.280) (0.382,0.254,0.362) —
Kentucky 25,888 38.6 0.12 (0.314,0.305,0.380) (0.391,0.287,0.321) — —
Louisiana 26,205 36.4 0.37  (0.268,0.313,0.418) (0.408,0.284,0.306) (0.303,0.295,0.400) —
Maine 29,886 44.3 0.03 (0.390,0.298,0.311) (0.492,0.268,0.239) (0.394,0.295,0.310) (0.346,0.308,0.345)
Maryland 39,070 38.5 0.39 (0.364,0.314,0.321) (0.509,0.267,0.223) (0.408,0.300,0.291) —
Massachusetts 39,913 39.4 0.19  (0.393,0.389,0.217) (0.553,0.308,0.138) (0.435,0.372,0.192) —
Michigan 28,938 39.6 0.19 (0.337,0.308,0.353)  (0.501,0.257,0.240) (0.367,0.294,0.338) —
Minnesota 34,712 37.9 0.11 (0.367,0.271,0.360) (0.478,0.240,0.281) (0.377,0.261,0.361) —
Mississippi 22,500 36.9 041  (0.315,0.275,0.408) (0.412,0.267,0.320) (0.309,0.277,0.413) —
Missouri 28,282 38.4 0.15 (0.367,0.283,0.349)  (0.425,0.268,0.305) (0.326,0.283,0.390) —
Montana 28,706 39.8 0.04  (0.481,0.224,0.293) (0.569,0.205,0.224) (0.450,0.238,0.311) —
Nebraska 29,866 36.3 0.15 (0.419,0.234,0.345) (0.463,0.233,0.304) (0.405,0.247,0.347) (0.378,0.240,0.380)
Nevada 28,450 37.7 0.38 (0.436,0.292,0.271) (0.512,0.261,0.226) (0.435,0.280,0.284) —
New Hampshire 36,914 42.7 0.05  (0.350,0.321,0.327) (0.468,0.290,0.241) (0.367,0.320,0.312) —
New Jersey 39,069 39.6 0.34 (0.301,0.398,0.300) (0.541,0.286,0.172) — —
New Mexico 25,257 37.3 0.51 (0.376,0.332,0.291) (0.493,0.294,0.211) (0.428,0.312,0.259) —
New York 35,752 38.4 0.33 (0.323,0.352,0.323) (0.529,0.267,0.203) (0.424,0.307,0.268) —
North Carolina 28,123 38.4 0.31 (0.310,0.315,0.375)  (0.418,0.292,0.289) (0.340,0.302,0.357) —
North Dakota 34,256 35.1 0.07  (0.446,0.211,0.341) (0.507,0.204,0.288) (0.391,0.230,0.378) —
Ohio 29,011 39.3 0.16 (0.292,0.330,0.376) (0.443,0.285,0.271) (0.321,0.317,0.362) —
Oklahoma 26,461 36.3 0.18 (0.328,0.273,0.398) (0.414,0.267,0.318) (0.315,0.275,0.409) —
Oregon 30,410 39.2 0.15  (0.373,0.344,0.282) (0.496,0.287,0.215) (0.427,0.308,0.263) —
Pennsylvania 31,476 40.7 0.18 (0.395,0.321,0.283)  (0.509,0.280,0.209) (0.399,0.316,0.284) —
Rhode Island 33,315 39.9 0.22 (0.347,0.387,0.265) (0.536,0.310,0.153) (0.419,0.372,0.208) —
South Carolina 26,645 39.0 0.32 (0.324,0.304,0.370)  (0.400,0.291,0.308) (0.314,0.302,0.383) —
South Dakota 28,761 36.8 0.06 (0.438,0.238,0.323) (0.484,0.234,0.280) (0.385,0.251,0.362) —
Tennessee 27,277 38.6 0.22  (0.306,0.305,0.388) (0.411,0.288,0.300) (0.306,0.300,0.392) —
Texas 28,985 34.3 0.52 (0.357,0.263,0.378)  (0.457,0.250,0.292) (0.363,0.264,0.372) —
Utah 26,907 30.5 0.15 (0.379,0.317,0.303) (0.476,0.283,0.240) (0.381,0.311,0.307) —
Vermont 31,917 42.8 0.03 (0.340,0.306,0.353)  (0.476,0.268,0.255) — —
Virginia 36,268 38.0 0.29 (0.346,0.309,0.344) (0.420,0.285,0.293) — —
Washington 34,869 37.6 0.17  (0.342,0.354,0.302) (0.483,0.291,0.225) (0.401,0.318,0.280) —
West Virginia 24,774 42.2 0.05  (0.320,0.325,0.354) (0.478,0.276,0.245) (0.367,0.302,0.329) —
Wisconsin 30,557 39.2 0.13 (0.331,0.309,0.359) (0.459,0.266,0.273) (0.349,0.295,0.355) —
Wyoming 31,214 37.0 0.10  (0.392,0.346,0.261) (0.497,0.298,0.203) (0.393,0.333,0.272) —

*For number of daily tests, we use the data in Foldi and Csefalvay (2020). TPCI: Per capita income/year. PCI and median age are
obtained from Mathematica, Wolfram Research, Inc. (see Appendix A). fRatio of Black or Hispanic population (KFF 2018c).
§Mobility information is obtained from CUEBIQ (2020). Numbers in (.) represent the average ratio of mobile devices moving
within 1 mile, between 1 and 10 miles, and more than 10 miles from home, respectively. Mobility data for Alaska/District of
Columbia/Hawaii was not available. For these states, we take the average mobility rates from other states. TFor characterization
of time frames, see §2.1-2.2. IlIn our simulation, we consider a +10% variation for this measure (based on the point estimate

reported here).
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within-compartment distribution such as sub-populations with specific health conditions (e.g., obe-
sity, diabetes, immunodeficiency, etc.) that might be more susceptible to COVID-19. Since our data
does not include such granular information for each state, we focus on broader socio-demographic
information in Table 5. We will also perform a sensitivity analysis on the estimated qol scores
(and hence, QALY values) to test the validity of our main findings (see §3.4.2). Finally, in addition
to reporting the total QALY per 100K capita, we also evaluate the QALY values by focusing on
high-risk sub-populations formed by people 65 years or older or those with Black/Hispanic race.

2.5.2. Economic Outcomes. We measure economic impacts using the sum of direct and
indirect costs (see, e.g., Meltzer et al. (1999)). The direct costs entail the costs related to utilizing
existing healthcare resources such as common beds, ICU beds, and ventilators, as well as expanding
these resources when facing higher demands for them. Following the notation introduced in Table 6,
the total direct cost is measured as:

T
Total direct cost = Z [01X5 (t) + 2 Xe6(t) + c3 X7(t)
=1 (3)

+ ¢ max{0,X5(t) — C1(t)} + éa max{0, X¢(t) — C2(t) } + é3 max{0, X (t) — Cg(t)}:| ,

where the first (second) line represents the daily cost of utilizing (expanding) resources.

The indirect costs, however, relate to other expenses such as those associated with lost
income/productivity and quarantining. Using the notation introduced in Table 6, the total indirect
cost is measured as:

T
Total indirect cost = PCI x 7 x Z [lost income (t) + quarantine cost (t)|, (4)

t=1

Table 6 Summary of notations for the economic outcomes

| operating cost ($/day) of a unit of existing resource 7, i =1 (common bed), 2 (ICU bed), 3 (ICU bed & ventilator)
% ¢ one-time cost ($) for adding a unit of resource %
£ | Xk(t) # in compartment j on day ¢, k=5 (hosp w common bed), 6 (hosp w ICU bed), 7 (hosp w ICU bed & ventilator)
3 C;(t)  Current capacity of resource ¢ on day ¢t (updated on a daily basis)
. | PCI per capita income per day
g n employment rate
E p;(t) % of working population who lose between 0.25(5 — 1) and 0.255 of their income, j=1,...,4
8 0; % of lost income for individuals who lose between j — 1 and j quartiles of their income, 6; € [0.25(5 — 1),0.255]
Jg; X;(t) # in compartment ¢ on day t (patients in compartments i =1,...,11 are alive)
© X12(t) # patients who die on day ¢
qu probability of a quarantining person doing that at home
qF probability of a quarantining person doing that at a facility (e.g., hotel), gr =1 — qur

cH cost ($/day) for quarantining at home
cr cost ($/day) for quarantining at a facility
# days of quarantine if asymptomatic

ds # days of quarantine if symptomatic

Cost: quarantine
QL
S

IV (¢t) # new asymptomatic infections on day t
IY(t) # new symptomatic infections on day ¢

o’ % of people who do quarantine when infected (set exogenously, subject to sensitivity analysis)
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where
lost income (t) = ij(t)Gj Z [Xi(t) + X15(2) (365 x (max{0,65 — Age} —t+1) )} , (ba)

quarantine cost (t) = (I} (t)da + I (t)ds) x (quem + qrer) X7, (5b)

where the first sum on the RHS in (5a) captures the percentage of lost income. The second sum on
the RHS in (5a) calculates the number of people who lost their income in the population. This is
measured separately for death (i = 12) and other compartments in the SEIRS model. Of note, when
an individual dies, the income is lost for the rest of his/her working life. Assuming the working
life ends at 65 years of age for an alive person, the number of days income is lost for a person who
dies on day ¢ is measured as: 365 x (max{0,65 — Age} — ¢+ 1). Furthermore, the first factor in (5b)
reveals the number of individuals quarantining adjusted by the duration of their quarantine period
(in days), and the second factor represents the cost of quarantining per person per day. Of note, our
calculations differentiates between asymptomatic and symptomatic infections, because they often
have different quarantine periods (see, e.g., CDC (2021)). Finally, ~ is the proportion of people who
have to quarantine when infected. While we set this parameter exogenously, we conduct sensitivity
analyses on this (and many other parameters and assumptions) in our robustness checks.

Using Equations (2)-(5b), we compare the total QALY saved and the total cost incurred under
different lockdown policies compared to a hypothetical no-intervention scenario. Further details
about our estimation of QALY and costs parameters can be found in Appendix C. Moreover, in
§3.4, we perform extensive sensitivity analyses to test the robustness of our main findings against
the estimated parameters.

Finally, we also compare the cost-effectiveness of different policies by measuring Incremental
Cost-Effectiveness Ratio (ICER) (see, e.g., Drummond et al. (2015)):

Incremental total cost ($)
Incremental total QALY (years)
_ Total cost (potential policy) — Total cost (current policy)
~ Total QALY (potential policy) — Total QALY (current policy)’

ICER =

(6)

Let WTP represent the willingness to pay defined as the maximum amount that the society is
willing to pay to obtain one extra QALY (in years). Then, a potential policy intervention is said to
be more cost-effective than the current policy if ICER < WTP (see, e.g., Drummond et al. (2015)).

3. Numerical Results and Analyses

3.1. Parameter Estimations and Model Validation

3.1.1. Estimations. Table 7 shows the estimated parameters of our SEIRS model in terms of
their 95% confidence intervals. To estimate these parameters, we conduct a Markov chain Monte
Carlo (MCMC) simulation via the Metropolis—Hastings algorithm (Chib and Greenberg 1995).3

3 MCMC simulation is used for estimating the dynamics of infectious disease (see, e.g., Bootsma and Ferguson (2007),
Ghaffarzadegan and Rahmandad (2020), Paul et al. (2020)). For more details, see Van Ravenzwaaij et al. (2018).
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The MCMC simulation generates the posterior estimates of parameters based on observed data
of the number of infections, hospitalizations, and deaths. Following Bayesian inference, we first
construct a log-likelihood function of the observe data conditional on model parameters (prior),
where the log likelihood is based on Poisson distributions for the number of infections, hospitaliza-
tions, and deaths (see, e.g., Bootsma and Ferguson (2007) and Ghaffarzadegan and Rahmandad
the vector of a statistic (e.g., infections,
be

the corresponding vector whose values (e.g., infections, hospitalizations, and deaths) are obtained

(2020)). For a given U.S. state, we denote by vp = [vp ],

hospitalizations, or deaths) observed from our data over time frame F. We let vp = [ve,],
by running the deterministic Equations (1a)-(1h) in the SEIRS model. After assuming a uniform
prior UJ[0,1] for all parameters that are defined as rates (Bootsma and Ferguson 2007) and dif-
ferent uniform distributions for other parameters (e.g., length of stay), we then form the Poisson

log-likelihood function as (Taboga 2021):

log L(vp,vp) = Y | = vpy — 10g (vs!) +10g (vp.1) v . (7)

teF

Using the log-likelihood function in (7), we resort to the MCMC simulation to iteratively con-
struct the posterior distribution of parameters given the observed data. We run multiple chains to
avoid wide confidence intervals (CIs), which are typically idiosyncratic to MCMC simulations with
a single chain. In addition, for the convergence of the Metropolis—Hastings algorithm, we use the
modified potential scale reduction factor (Brooks and Gelman 1998) (further details are provided
in Appendix C.6). Finally, to identify the burn-in period (i.e., number of initial iterations of the
algorithm to discard), we visually inspect the variations in estimated parameters over iterations to
detect a nonstationary behavior. For further details about the Metropolis—Hastings algorithm, we

refer to Robert (2015) and Van Ravenzwaaij et al. (2018).

3.1.2. Validation. To validate our model, we compare our predictions of number of infections,
hospitalizations, and deaths with those observed in the data (see Appendix B). For each state, we
have iterated our SEIRS model 1,000 times, where in each iteration we randomly select a value
for each parameter from the respective CI reported in Table 7. From our results, we observe that
the values we observe from the data are within the corresponding CIs from our predictions, and in

most cases, the mean value of our predictions closely mimics that of the data.

3.2. Mixed-Effect Longitudinal Model

The disease transmission rate that we have estimated in §3.1 is obtained based on the data gathered
under the actual lockdown policies undertaken across the U.S. However, we also aim to analyze some
counterfactual policies, where their intensity and duration would differ from the one under which
the data is gathered (see Table 4). Therefore, we need to adjust the transmission rate accordingly.

To accomplish this, we develop a longitudinal mixed-effect regression model to quantify how much
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Table 7 Summary of estimated SEIRS parameters

State N(0)F L eol Bot Bt Bt B3t o ysh eri

Alabama 4,849,377 1.18 1.11  (0.752.67)x10°  (0.35,5.14) (0.64,5.56) (1.06,10.16) (0.70,6.31) (6.77,18.78) (1.96,4.66) (0.28,0.52)
Alaska 736,732 1.36 0.65 (1076,221.56)  (4.66,17.84) (107%,5.93) (10~9,4.88) —  (4.07,13.42) (2.56,5.55) (0.26,0.49)
Arizona 6,731,484 1.22 0.90  (1.18,3.50)x10°  (1.52,6.03) (1.64,9.08) (2.52,10.92) (0.18,4.99) (4.01,13.86) (1.93,4.32) (0.27,0.50)
Arkansas 2,066,369 1.24 1.06  (0.15,0.38)x10° (9.10,23.47)  (1.72,7.65) — —  (2.02,7.79) (2.11,3.79) (0.27,0.49)
California 38,802,500 1.19 0.73  (9.03,43.54)x10% (3.52,12.83) (10~6,5.28) — —  (3.43,13.90) (2.02,3.84) (0.27,0.49)
Colorado 5,355,866 1.21 0.73  (5.22,10.30)x10° (3.28,10.10)  (0.86,3.91)  (0.10,1.86) —  (5.68,17.59) (2.25,5.48) (0.27,0.49)
Connecticut 3,590,886 0.96 0.87  (5.61,23.05)x10° (7.24,21.67) (1075,3.05) (10~9,1.59) —  (3.01,11.78) (1.88,3.85) (0.27,0.50)
Delaware 935,614 1.14 1.01  (0.67,3.11)x10° (5.75,12.98) (0.10,1.75)  (0.07,0.11) —  (3.45,13.36) (2.05,3.81) (0.26,0.49)
Dist. of Col. 658,893 1.44 0.86  (0.45,1.64)x10° (6.58,21.57) (10-5,4.19) (10-9,3.31) —  (3.78,13.60) (2.06,3.98) (0.27,0.50)
Florida 19,893,297 1.11 1.06  (0.87,5.51)10% (4.01,15.57)  (1.00,4.59)  (0.90,6.29) —  (4.66,16.64) (2.26,5.72) (0.26,0.48)
Georgia 10,097,343 1.27 0.86  (3.18,7.87)%10% (3.73,17.02)  (1.39,5.94)  (0.12,2.97) —  (4.94,16.35) (2.43,5.83) (0.26,0.49)
Hawaii 1,431,603 1.18 0.90 (0.41,1.31)%10? (0.12,7.78) (1076,5.68) (1075,2.36) — (14.41,21.64) (5.98,7.51) (0.27,0.50)
Idaho 1,654,930 1.34 0.80  (0.15,3.48)x10% (8.29,23.84) (1079,2.98) (10~°,3.10) —  (6.92,17.66) (3.70,6.87) (0.27,0.49)
Ilinois 12,859,995 1.12 0.86 (9.55,31.70)x10° (3.57,21.38)  (0.01,4.51)  (0.11,2.06) —  (3.67,11.33) (2.02,3.67) (0.27,0.50)
Indiana 6,596,855 1.22 0.94 (5.45,14.09)x10°  (0.87,4.50) (0.90,8.81)  (0.58,2.30) —  (3.98,14.54) (2.41,5.79) (0.26,0.49)
Towa 3,107,126 1.21 0.93  (0.95,2.26)x10°  (1.31,5.94) (2.86,9.80) (10~°,2.59) —  (3.70,13.43) (2.01,4.78) (0.26,0.49)
Kansas 2,904,021 1.22 0.87  (0.19,0.59)x10° (5.07,20.71) (107°,4.80) (10~9,4.92) —  (5.45,16.68) (2.87,6.33) (0.27,0.50)
Kentucky 4,425,092 1.21 1.04  (0.44,3.02)%10° (3.84,19.44)  (0.85,3.59) — —  (2.84,12.45) (2.06,3.48) (0.27,0.50)
Louisiana 4,649,676 1.26 1.00 (6.10,20.44)x10° (3.29,18.65) (1075,3.54) (10~°,3.58) —  (4.15,14.81) (2.17,4.99) (0.27,0.50)
Maine 1,330,089 0.91 1.08  (0.93,3.81)x102 (1.81,10.03) (0.89,10.96) (10~°,4.01) (1079,8.35) (3.51,13.68) (1.99,4.60) (0.27,0.50)
Maryland 5,976,407 1.17 0.86 (4.31,17.54)x10° (1.62,12.88) (0.33,3.39)  (0.74,3.97) —  (5.44,17.07) (2.25,5.29) (0.27,0.50)
Massachusetts 6,794,422 1.04 0.86 (23.34,46.21)x10° (4.00,18.14)  (0.90,2.46)  (0.71,2.73) —  (3.82,15.34) (1.97,4.96) (0.26,0.48)
Michigan 9,909,877 1.11 0.97 (10.58,20.57)x10° (3.97,18.37) (10-5,1.85) (10~5,0.44) — (4.94,16.03) (1.98,3.92) (0.25,0.47)
Minnesota 5,489,594 1.23 0.79  (0.56,5.06)x10°  (1.30,5.27) (4.27,9.30)  (0.21,2.27) — (3.73,12.37) (2.10,4.25) (0.26,0.49)
Mississippi 2,994,079 1.20 1.05  (0.44,3.98)x10° (4.44,16.36) (1.43,7.05) (1.85,7.67) —  (4.53,16.24) (2.98,6.90) (0.27,0.48)
Missouri 6,083,672 1.17 0.99  (0.63,4.52)x10° (3.22,14.23) (1.76,7.44)  (1.18,4.87) —  (5.08,16.20) (2.75,6.49) (0.27,0.50)
Montana 1,023,579 1.14 0.96  (0.23,1.47)x102 (2.25,10.21) (1.82,5.11) (0.16,3.75) (10~%,3.67) (4.37,16.03) (2.93,6.26) (0.27,0.50)
Nebraska 1,881,503 1.35 0.83  (0.12,0.42)%10° (4.46,12.70) (3.81,10.58) (3.47,10.31) (10-%,5.02) (4.64,15.99) (1.96,3.94) (0.27,0.50)
Nevada 2,839,099 1.27 0.90 (0.78,3.09)%10%  (4.50,15.01) (0.17,3.10) (1076,1.77) —  (5.69,17.92) (2.12,5.86) (0.26,0.47)
New Hampshire 1,326,813 0.91 0.91 (0.08,14.28)x10?  (7.06,18.34) (0.16,3.00) (0.18,1.73) —  (3.40,13.06) (2.00,3.47) (0.27,0.51)
New Jersey 8,944,469 1.11 0.85 (37.94,51.73)x10° (6.64,18.05)  (0.38,2.26) — —  (3.70,15.42) (2.21,3.00) (0.27,0.49)
New Mexico 2,085,572 1.11 0.88  (0.61,1.98)x10° (4.20,17.83) (0.19,5.58)  (0.05,2.87) —  (4.06,10.12) (2.08,4.74) (0.27,0.50)
New York 19,746,227 1.13 0.84  (3.90,14.53)x10* (7.96,22.56)  (0.20,2.14)  (0.01,1.66) —  (4.15,14.71) (2.28,4.71) (0.26,0.49)
North Carolina 10,042,802 1.19 0.94  (0.56,4.50)x10% (4.26,15.44) (1.95,5.43)  (0.26,4.68) —  (459,16.17) (2.10,5.51) (0.27,0.48)
North Dakota 756,927 1.39 0.83  (0.45,3.57)x102  (1.61,3.65) (4.68,12.74)  (0.02,1.52) —  (4.13,12.77) (2.47,5.89) (0.27,0.51)
Ohio 11,594,163 1.16 1.02 (4.57,11.31)x10° (4.78,14.97)  (0.38,4.37)  (0.81,5.00) —  (4.02,14.64) (2.20,5.60) (0.26,0.49)
Oklahoma 3,878,051 1.26 1.04  (0.61,3.17)x10° (4.22,16.24) (0.28,3.45)  (0.01,1.87) —  (5.08,16.20) (2.75,6.49) (0.27,0.50)
Oregon 3,970,239 1.09 0.92  (0.34,1.71)x10° (3.51,14.12)  (0.14,5.97)  (0.40,5.60) —  (4.14,15.52) (2.89,6.58) (0.26,0.49)
Pennsylvania 12,787,209 1.06 1.04 (5.69,21.37)x10° (7.19,20.02)  (0.25,3.98)  (0.03,2.91) —  (4.05,12.97) (2.48,6.09) (0.26,0.49)
Rhode Island 1,056,208 0.99 0.93  (0.37,1.19)%10% (8.47,20.21)  (0.23,5.42)  (0.08,2.41) —  (6.40,18.00) (2.04,4.66) (0.26,0.50)
South Carolina 4,896,146 1.15 1.04  (0.59,1.54)x10% (6.79,17.41)  (0.14,2.20)  (3.24,8.76) —  (4.02,14.71) (2.28,6.15) (0.27,0.50)
South Dakota 858,469 1.39 0.86 (10-6,223.95)  (8.97,20.15)  (0.41,4.96)  (3.20,9.48) —  (5.82,18.47) (1.97,4.54) (0.27,0.50)
Tennessee 6,549,352 1.23 1.04  (0.31,1.19)x10° (5.54,17.44)  (0.07,5.78)  (1.52,9.07) —  (5.85,17.55) (2.60,6.53) (0.26,0.48)
Texas 26,956,958 1.41 0.75 (4.21,11.11)x10%  (3.66,9.14) (2.72,8.67) (1.75,7.05) —  (5.23,15.70) (2.39,6.45) (0.27,0.49)
Utah 2,042,002 1.65 059  (0.16,1.23)x10°  (1.01,5.81) (3.15,8.73)  (2.90,7.66) —  (5.40,17.49) (2.42,6.13) (0.26,0.49)
Vermont 626,562 0.89 0.90  (1.28,3.57)x102 (4.26,19.29)  (0.02,1.04) — —  (3.69,13.69) (1.93,4.01) (0.27,0.50)
Virginia 8,326,280 1.18 0.84  (0.31,5.35)x10° (5.67,19.15)  (0.51,5.65) — —  (4.50,14.61) (2.03,3.86) (0.27,0.50)
Washington 7,061,530 1.25 0.83  (1.23,3.17)x10% (5.97,17.90) (0.04,3.13)  (0.02,1.46) —  (5.01,17.72) (2.06,4.11) (0.27,0.50)
West Virginia 1,844,128 0.97 1.22  (1.63,6.44)x102 (5.34,19.78)  (0.13,3.85)  (0.01,2.45) —  (5.13,15.74) (3.32,6.85) (0.27,0.50)
Wisconsin 5,771,337 1.10 0.87  (1.05,6.21)x10° (1079,10.45) (10=%,5.61)  (0.02,1.55) —  (3.60,13.51) (2.09,4.76) (0.26,0.47)
Wyoming 584,153 1.13 0.85  (0.18,1.36)x102 (6.02,18.15)  (2.00,7.80)  (0.03,2.63) —  (5.96,18.53) (4.16,7.23) (0.26,0.48)

The unit for all rates is 1/100 days (or %/day) (except u/v)
For brevity, values are shown with 2 decimal places. T N(0): # initial population, eo: # initially exposed. $Natural birth and death rates (unit:

1/(100*365 days)). ¥Disease transmission rates in different time frames. By: baseline transmission rate (when there is no-intervention).

. Values in (..

“_»

.) represent 95% confidence intervals (negative values are replaced by 107¢).

implies no

time frame (no transmission rate). TInfection rate post-exposure. I Recovery rate for infected symptomatic. Recovery rate for infected asymptomatic:
~va =s + Random Uniform[10, 20]; i.e., asymptomatic ones are reported to take between 5-10 fewer days to recover compared to symptomatic ones

(CDC 2022b). TfImmunity waning rate. In the absence of treatments, the waning period takes 1/¢ days. For example, for £ = 0.5%, this period lasts
1,000/5 = 200 days.
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Alabama (12.97,74.13) (0.12,0.32) (47.63,87.33) (106,0.93) (0.32,0.67) (0.52,2.68) (1.96,5.14) (4.81,9.10) (6.77,11.02) (10.1,18.82)
Alaska (13.30,69.02) (0.77,10.74) (50.66,95.71) (10-°,2.75) (1076,0.96) (1076,1.87) (107%,4.22) (5.05,9.37) (6.91,11.24) (10.02,18.69)
Arizona (14.41,66.80) (1.78,5.92) (47.44,84.77) (107%,0.78) (0.02,0.35) (0.30,1.03) (2.67,5.51) (5.19,9.61) (6.94,11.26) (10.24,18.86)
Arkansas (13.11,59.94) (1076,5.14) (45.22,79.38) (1079,1.09) (10-°,0.09) (10-¢,0.86) (1079,8.71) (4.94,9.07) (6.92,11.23) (10.40,18.89)
California (14.66,74.08)  (0.77,11.16) (46.46,79.41) (10-¢,1.04) (1076,0.22) (1076,0.48) (10-9,4.97) (4.81,8.89) (6.81,11.02) (10.53,19.05)
Colorado (13.92,67.90) (1076,8.42) (45.98,77.98) (10-%,0.19) (0.07,1.41) (0.12,3.55) (3.67,13.17) (4.83,9.06) (6.91,11.19) (10.31,18.93)
Connecticut (13.06,69.81) (1076,9.70) (44.55,75.87) (10=6,1.27) (10-¢,5.53) (1079,8.40) (1076,31.36) (4.92,9.11) (6.97,11.19) (10.63,18.97)
Delaware (12.36,69.51) (0.56,7.66) (45.41,80.62) (107%,6.95) (107°,0.16) (10¢,0.31) (10-6,9.72) (4.83,8.85) (6.80,11.08) (10.80,19.25)
Dist. of Col. (17.22,72.45) (2.53,7.65) (46.01,77.35) (1079,3.68) (107°,1.24) (10¢,2.68) (0.51,8.16) (4.94,9.19) (6.90,11.21) (10.50,19.22)
Florida (14.95,72.25) (1076,1.02) (45.55,77.74) (107%,1.66) (0.04,0.60) (0.57,1.20) (2.00,9.54) (4.75,8.70) (6.94,11.23) (10.16,18.54)
Georgia (12.96,53.69) (1076,4.16) (46.09,82.58) (107%,1.28) (10-¢,2.11) (107%,4.23) (1076,16.52) (4.96,9.27) (6.97,11.24) (10.33,18.86)
Hawaii (13.44,58.36) (1076,0.52) (48.52,89.56) (1079,0.49) (0.02,0.31) (0.21,0.92) (0.75,5.45) (4.84,8.90) (6.99,11.29) (9.50,17.86)
Idaho (13.09,71.65) (1076,0.66) (51.41,94.23) (1079,3.34) (1.15,1.27) (2.41,7.79) (7.75,15.87) (4.84,8.97) (6.88,11.15) (9.69,17.91)
Illinois (11.48,57.86) (1079,12.46) (45.5,76.99) (10-%,1.40) (10-6,1.88) (1079,3.48) (10-6,9.58) (4.78,8.66) (6.87,11.04) (10.61,19.07)
Indiana (14.45,74.94) (1076,8.38) (45.26,81.77) (107%,0.58) (0.14,0.23) (0.31,1.64) (2.64,10.77) (4.94,9.07) (7.15,11.42) (10.64,19.01)
Towa (15.71,76.67) (1079,12.56) (46.05,83.30) (107°,1.95) (0.63,3.96) (2.48,7.87) (3.30,16.63) (4.77,8.85) (6.86,11.18) (10.70,19.22)
Kansas (11.29,69.32) (1075,0.78) (46.91,83.50) (107%,2.59) (0.74,2.01) (0.53,5.92) (1.41,12.24) (4.88,9.15) (6.84,10.99) (10.48,19.09)
Kentucky (13.00,63.80) (1079,13.85) (45.84,82.29) (10-°¢,1.80) (1076,0.15) (10-5,0.50) (1079,9.22) (4.93,9.00) (6.76,11.04) (10.27,18.88)
Louisiana (11.08,68.34) (1079,10.59) (46.27,80.05) (10~¢,1.29) (10-¢,0.57) (1076,3.11) (1076,11.91) (4.92,9.11) (6.88,11.10) (10.34,19.06)
Maine (14.99,71.10) (0.79,5.37) (47.72,86.84) (107%,0.81) (0.04,0.72) (0.06,0.95) (0.21,3.57) (4.86,9.23) (6.76,11.06) (10.78,19.09)
Maryland (12.70,65.26) (10¢,6.22) (45.9,80.22) (10-%,1.50) (0.03,0.62) (0.73,1.21) (2.56,9.50) (4.81,8.83) (6.89,11.08) (10.33,19.03)
Massachusetts (15.59,61.59) (1076,8.98) (46.60,74.30) (107%,1.44) (0.10,1.19) (0.14,4.30) (2.30,14.08) (4.85,8.86) (6.89,11.13) (10.02,18.18)
Michigan (12.75,73.61) (1076,8.94) (47.22,84.63) (107%,0.59) (0.27,1.44) (0.48,3.02) (6.40,16.60) (4.92,8.95) (6.82,10.90) (10.06,18.51)
Minnesota (11.55,60.88) (1076,8.25) (46.64,84.29) (107%,1.98) (0.19,2.30) (0.23,6.43) (4.89,17.69) (4.73,8.80) (6.93,11.12) (10.32,18.70)
Mississippi (12.12,69.38) (1079,10.63) (45.44,77.72) (10-¢,0.83) (0.04,0.41) (0.18,0.80) (2.19,6.49) (4.90,9.11) (7.02,11.41) (11.08,19.54)
Missouri (19.08,79.39) (0.50,4.66) (45.51,80.73) (1079,0.74) (10,0.13) (10°,0.44) (0.59,4.95) (4.75,8.43) (6.90,10.99) (10.61,19.30)
Montana (11.95,64.38) (1.85,7.75) (50.57,93.05) (10-6,1.17) (0.04,0.51) (0.42,1.52) (2.73,12.15) (4.65,8.49) (6.94,11.21) (9.29,16.93)
Nebraska (12.21,72.35) (1079,11.90) (48.76,88.48) (107°,2.78) (0.03,0.42) (0.36,1.03) (1.53,7.63) (4.96,9.01) (6.94,11.17) (9.95,18.41)
Nevada (14.38,73.37) (1076,12.70) (45.8,76.33) (1076,1.75) (0.02,0.34) (1079,0.25) (1.36,3.26) (4.92,8.99) (6.88,11.21) (10.70,19.35)
New Hampshire  (11.1,65.64) (1076,5.64) (45.57,78.65) (109,7.63) (10-°,0.31) (10-¢,2.90) (10-9,8.62) (4.78,8.91) (6.85,11.08) (10.47,18.83)
New Jersey (11.65,67.36) (0.85,6.87) (45.96,76.38) (1079,0.20) (10-%,0.98) (10-¢,3.28) (2.38,17.13) (4.86,9.07) (6.89,11.09) (10.15,18.73)
New Mexico (14.01,69.86) (1076,5.22) (45.41,80.56) (1079,3.72) (10-¢,0.20) (1079,2.63) (1076,11.39) (4.67,8.63) (6.91,11.22) (10.87,19.37)
New York (16.20,67.48) (10-6,7.65) (45.74,78.03) (106,1.76) (10-¢,0.71) (1079,2.20) (3.69,12.19) (4.91,9.12) (6.89,11.19) (11.10,19.38)
North Carolina  (13.35,69.05) (1076,7.54) (45.45,80.85) (107%,0.70) (107°,0.34) (10°,0.66) (1.84,8.74) (5.19,9.32) (6.86,11.07) (10.86,19.24)
North Dakota (14.12,67.79) (1075,6.88) (48.64,91.71) (107%,0.42) (0.22,0.38) (0.17,0.44) (2.66,9.59) (5.02,9.28) (6.99,11.39) (10.39,19.05)
Ohio (13.82,57.80) (1076,6.03) (46.43,84.30) (107%,0.14) (0.49,0.96) (0.07,2.24) (1.57,10.97) (4.74,8.73) (6.95,11.28) (10.30,18.75)
Oklahoma (19.08,79.39) (0.09,1.66) (45.51,80.73) (1079,0.74) (107°,0.13) (10°,1.44) (0.59,8.15) (4.75,8.43) (6.90,10.99) (10.61,19.30)
Oregon (15.00,58.95)  (8.27,22.49) (47.33,87.43) (10-°¢,3.44) (1076,0.20) (1076,0.31) (10-9,7.22) (5.20,9.50) (6.88,11.10) (9.73,18.41)
Pennsylvania (15.24,51.58) (10-6,6.82) (45.26,85.33) (1079,0.48) (0.33,0.67) (0.15,3.47) (1.69,8.55) (4.61,8.48) (6.84,11.04) (10.17,18.63)
Rhode Island (12.32,60.51) (10-¢,6.83) (47.46,84.58) (1076,3.70) (10-¢,0.29) (10-9,1.44) (4.83,18.51) (4.91,8.96) (6.75,10.86) (10.44,18.61)
South Carolina  (12.14,65.74) (1075,6.22) (45.3,80.72) (1076,0.35) (107%,0.41) (107%,0.63) (0.49,8.65) (4.94,9.22) (6.82,10.98) (10.96,19.55)
South Dakota (16.81,75.45) (1079,16.98) (51.63,94.44) (10~°,1.14) (10-6,0.17) (1075,0.52) (1079,6.44) (4.85,9.09) (6.73,10.81) (9.79,18.15)
Tennessee (14.55,72.11) (1076,1.10) (46.13,82.04) (107%,0.89) (0.02,0.24) (0.76,1.22) (1.92,6.00) (4.79,9.06) (6.75,10.91) (9.81,18.37)
Texas (14.44,55.98) (2.58,3.52) (44.58,82.21) (1079,1.25) (0.38,0.69) (0.16,0.28) (0.79,6.48) (4.98,9.17) (6.96,11.12) (10.61,19.30)
Utah (12.62,64.50) (1076,9.45) (48.72,92.7) (1076,0.13) (107%,0.28) (1079,0.61) (0.22,4.83) (4.94,9.31) (6.99,11.33) (10.38,18.92)
Vermont (14.80,70.65) (1079,14.53) (50.06,92.23) (10¢,1.54) (10=¢,0.57) (1079,4.83) (1076,12.54) (4.93,9.13) (6.94,11.24) (10.19,18.49)
Virginia (12.39,67.52) (1075,9.65) (45.06,75.78) (107%,4.17) (107°,0.18) (10¢,0.70) (10-6,6.69) (4.81,8.90) (6.83,11.08) (10.45,19.00)
Washington (14.38,59.54) (1075,6.76) (45.79,83.03) (107%,2.59) (107°,0.55) (107¢,1.97) (1.62,9.38) (4.87,9.08) (6.99,11.30) (10.47,19.06)
West Virginia (13.51,70.88) (1079,16.50) (47.88,87.97) (10-¢,8.63) (1076,1.02) (1076,2.18) (1079,6.44) (4.98,9.34) (7.03,11.28) (10.29,18.89)
Wisconsin (13.37,66.74) (1079,11.73) (45.93,85.75) (10-¢,0.43) (1076,0.53) (1076,0.88) (10-9,6.42) (4.69,8.60) (6.87,11.06) (11.11,19.63)
Wyoming (15.12,63.78) (1079,11.42) (49.62,90.28) (10-°¢,1.69) (1076,1.17) (1076,1.12) (1079,3.50) (4.99,9.25) (6.72,10.95) (10.23,18.75)

The unit for all rates is 1/100 days (or %/day). Values in (..

.) represent 95% confidence intervals (negative values are replaced by 1076

). For brevity,

values are shown with 2 decimal places. TProb of a symptomatic infection. Prob of an asymptomatic infection: pa =1 — pg. *Ay: rate of hospitalization.
A1: rate of hospitalization with a common bed. Az: rate of hospitalization with an ICU bed. Rate of hospitalization with an ICU bed and a ventilator:
Az =1— (A1 4+ A2). ¥¢;: covid-related death rate for index ¢ (for description of index i, see Table 3). *LOS;: hospital length of stay (in days) for index i.
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the transmission rates are impacted by intervention policies, their durations, population age, ratio
of Black or Hispanic populations, per capita income, mobility rates, and number of daily tests
in each state. The outcome is the amount of reduction in transmission rate at any given time
compared to the baseline rate (i.e., when there is no-intervention). Using the notations in Table 8,

our first model is as follows:

Model 1: By — 8; = by + by * policy; + by * duration; + bs * mobilityi1 + by * mobilityf + by x tests;

+ bg * median age + by x race ratio+ bg x PC1I.
(8)

We also make use of two non-linear models (labeled as Models 2 and 3), where we consider
all pairwise and/or triplewise interactions between variables in (8). Comparing these models in
Table 9, we observe that performance measures are not unanimous in favoring one model. For
example, Model 1 results in better Bayesian information criterion values, whereas Model 3 yields
better Akaike information criterion and log likelihood values. Due to its simplicity and its quality
that is fairly comparable with Models 2-3, we select Model 1 in order to perform our simulation
analyses (see §3.3). From Table 10, we observe that increasing the intensity and duration of lock-
down policies, as well as number of daily tests, is associated with more reductions in transmission
rates (statistically significant). Furthermore, increasing per capita income and reducing the ratio
of Black/Hispanic populations could also potentially improve the transition rates, but we do not
observe any statistically significant results in this regard. Finally, our estimated coefficients pre-
sented in Table 10 indicate that increasing the mobility rate within 10 miles from home (compared
to the distance beyond that) can positively impact reductions in transmission rates. However, our

results do not provide any statistically significant evidence on this potential impact of mobility.

3.2.1. Endogenous Transmission Rates and Costs. As mentioned earlier, we aim to com-
pare our proposed policies and the current policies with a hypothetical no-intervention scenario.
There is empirical evidence in the literature that, even without societal interventions, people would
not have endangered themselves and taken the risk of going out (see, e.g., Abouk and Heydari
(2021)). This implies that the transmission rate would naturally decline based on the risk percep-
tion about the negative outcomes of the pandemic in the population (e.g., number of infections,
hospitalizations, or deaths). This results in the transmission rate under the no-intervention policy

to be endogenous.* For each state separately, we accommodate this endogeniety as follows:

A I
— X fi <0 9
fo=Po+a state’s population ora=b (9)

4 For other studies incorporating an endogenous transmission rate, and also why some CDC models might have failed
in providing good predictions, see, e.g., Ghaffarzadegan and Rahmandad (2020), IHME (2021), and Rahmandad et
al. (2022).
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Table 8  Summary of notations for the mixed-effect regression models
Bo baseline transmission rate (when there is no-intervention)?
Bi disease transmission rate when there is a policy intervention in time frame 4 (unique under each policy)’
policy; intervention policy in time frame i, p; € {0,3,2,1} (i.e., categorical variable)*
pi = 0: no-intervention policy
p; = 3: 3 lockdown policies in time frame ¢ (stay-at-home order, large gatherings ban, and school closures)
ps = 2: 2 lockdown policies in time frame i (large gatherings ban and school closures)
p; = 1: 1 lockdown policy in time frame ¢ (school closures)
duration; duration of time frame ¢ under the current policies§
mobility} average rate of mobility in time frame 4 (within 1 mile from home)¥
mobility? average rate of mobility in time frame ¢ (within 1 and 10 miles from home)¥
tests; average number of daily tests in in time frame ¢*

median age
race ratio
PCI

median age in each state’
ratio of state’s population with Black or Hispanic race¥

average per capita income in each state¥

TFor estimations of 8y and B;’s, see Table 7. *Order of intervention policies is set as: 0 — 3 — 2 — 1.

$Obtained from information in Table 2. TInformation presented in Table 5. Also, to avoid collinearity, we do not
consider mobility rates of more than 10 miles from homes. *Obtained from the Star Schema data (Foldi and
Csefalvay 2020).

Table 9 Performance measures for the mixed-effect regression models

Model Akaike information Bayesian information Log likelihood
criterion (AIC) criterion (BIC)
1 771.62 810.04 —372.81
790.95 944.66 —343.48
728.11 1005.96 —270.06

Table 10 Results of mixed-effect model (8)

Variable! Estimate (%) Std. Error (%) t value P valuet
Intercept —10.128 6.137 —1.650 0.1054
policy; : 0—3 5.463 1.555 3.514 0.0007 ***
policy; : 0 —3—2 5.945 0.775 7.671 <.00001 ***
policy; : 0 -3 —>2—1 5.761 1.153 4.996 <.00001 ***
duration; 2.541 1.510 1.683 0.0953
mobility} 3.190 8.842 0.361 0.7189
mobility? 19.28 14.74 1.308 0.1959
tests; 7.335 2.896 2.533 0.0129 *
median age 4.468 2.760 1.619 0.1125
race ratto —0.195 3.595 —0.054 0.9573
per capita income 0.069 2.120 0.033 0.9738

Results are obtained by the “lmer” function in the R computing package.
tFor notations, see Table 8. *Significance codes: “***> 0.001; “**’ 0.01; “*’ 0.05; ‘> 0.1.
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where Bo is the new transmission rate under no-intervention, S, is the baseline transmission rate
that we already estimate (see Table 7), « is an exogenous parameter that characterizes the level
of risk perception, and I is the daily average number of infections under no-intervention (this is
obtained from the SEIRS model). As can be seen from (9), B, is modeled endogenously, because it
decreases as the number of infections increases. Furthermore, the amount of decrease depends on
the level of risk perception, a.’

In addition to considering an endogenous disease transition rate, we also account for the endoge-
nous cost of staying home due to the perception that attending work might cause infection, even
though there is no government policy intervention (e.g., a stay-at-home order). We measure this by
23:1 leil X, (t) x mobility, x £ x PCI xn, where the first factor denotes the total number of people
alive during the time horizon, the second factor is the % of people who stay home (we account
for this via the rate of residents’ mobility within < 1 mile from their home), £ is an exogenous
parameter that represents the % of people who would lose income when staying home, and PCI x )
is the per capita income adjusted by the population’s employment rate. For the no-intervention
policy, we add this cost to the corresponding direct and indirect costs measured by Eq. (3)-(5b). In
our robustness checks, we perform various sensitivity analyses on the above-mentioned parameters,

and evaluate their impact.

3.3. Comparison of Intervention Policies

3.3.1. Micro-Simulation Model. We compare the performance of the current policies and
our counterfactual policies in each state against a hypothetical no-intervention benchmark. We
make this comparison based on the total QALY accrued and total costs incurred throughout
the time horizon of 01-March through 30-June, 2020. To account for variations in the estimated
values of various parameters for each state, we iterate our calculations of the QALY and the cost
obtained under each policy 10,000 times. The details of this micro-simulation model are provided

in Appendix D.1.

3.3.2. QALY and Cost Comparisons. We now analyze the total QALY accrued and the
total cost incurred for each state under various policies, and report these measures per 100K capita.

Figure 2 shows the results, based on which we make the following observation.

OBSERVATION 1. Compared to no-intervention during March-June 2020, the average increase
in the total QALY and cost per 100K capita across the U.S. states is
(i) 41,284.51 years and $164.01 million under the current policy,
(ii) 42,178.04 years and $141.05 million under Policy 1,
(iii) 43,885.49 years and $124.25 million under Policy 2, and
(iv) 44,909.41 years and $117.28 million under Policy 3.
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Figure 2 Distribution of average outcomes across states

Notes. Outcomes are obtained when comparing intervention policies with no-intervention. Current: the current policies under-
taken in each state during the timeline of our study. See Table 4 for intervention policies P1/P2/P3. Complete results for each
state are provided in Appendix D.3.

Observation 1 reveals that imposing the counterfactual policies we study (Policies 1, 2, and 3)
would result in higher total QALY gains while decreasing the total cost (compared to the current
policy). Of note, the potential policies we study are typically more strict than what states imposed.
Hence, these policies are able to better control the spread of the disease and yield improvements
in QALY. Moreover, fewer infections implies less cost of quarantining. They also result in fewer
hospitalizations, which, in turn, lowers the cost of utilization and potential expansion of beds and
ventilators in hospitals. Finally, we observe that more restrictive policies reduce the indirect cost
of lost income that is incurred due to deaths. More restrictive policies, however, increase the lost
income in the population, since they prevent individuals from attending their work and engage in
their daily activities. Overall, combining the positive and negative effects, we find that more strict
policies could have reduced the total extra cost.

In addition to the average results, we observe a significant amount of heterogeneity in the QALY
gained or extra cost incurred when the same lockdown policy is undertaken across different states.

Notably, our results reveal that an improvement in the total QALY or an increase in the total cost

® We set a such that the transmission rate under no-intervention would not fall below that under lockdown policies.

Nevertheless, we also conduct sensitivity analyses on « to better gage its impact.



Author: COVID-19: Health and Economic Impacts of Lockdown Policies
Article submitted to ; manuscript no. 21

is not necessarily proportional to a state’s population (see Figure 2). For example, in Michigan,
the average QALY gain per 100K capita under Policy 1 compared to no-intervention is 102,000
years, whereas in New Jersey with about 1 million fewer residents than Michigan, this gain under
the same policy is 167,720 years. Similarly, while New York and Florida have a similar number
of residents, our results show that the impact of imposing Policy 2 on QALY and costs compared
to no-intervention is vastly different for these two states (139,570 years and $1251.440 million for
New York, but 12,440 years and $-97.070 million for Florida).

An important factor that can be associated with these variations in the total QALY and cost
across states is the number of infections, hospitalizations, and deaths averted in those states under
different lockdown policies. The higher these aversions, the higher the total QALY saved and the
lower the cost of utilization or expansion of beds/ventilators and quarantine (see our results in
Appendix D.5). The ability of lockdown policies to increase these aversions, in turn, depends on
various geographical and demographical factors that differ across states. Among all such factors,
it is especially important to understand how policies affect the high-risk population within each
state. Thus, we next focus our attention on high-risk population within each state and re-run our

analyses for this population.

3.3.3. Impact on High-Risk Population. It is known that some sub-populations are more
susceptible to COVID-19 complications. These include individuals with older age, minority race,
diabetes, obesity, cancer, and immunodeficiency (KFF 2020a, Mayo Clinic 2020). As a result,
their QALY could be more severely impacted compared to the average population. Furthermore,
differences in percentage of such individuals in states can contribute to the heterogeneous impact
of policies we find across states. To gain a better understanding, we now estimate the total QALY
saved and the total extra cost under different lockdown policies for sub-populations formed by
individuals 65 years or older and with Black /Hispanic race (further details are provided in Appendix
D.2). Of note, our data does not include more granular information on other risk factors in each
state (e.g., cancer and immunodeficiency rates), and hence, we defer analyzing such factors to
future research.

Our results related to the individuals 65 years or older and with Black/Hispanic race are pre-

sented in Figure 2. We make the following observation based on our results:

OBSERVATION 2. Among individuals 65 years or older and with Black/Hispanic race, compared
to no-intervention during March-June 2020, the average increase in the total QALY and cost per
100K capita across the U.S. states is
(i) 64,185.49 years and $11.03 million under the current policy,

(i1) 65,658.82 years and $-19.28 million under Policy 1,
(iii) 67,625.69 years and $-41.32 million under Policy 2, and
(iv) 69,389.41 years and $-49.69 million under Policy 3.
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Observation 2 shows that QALY gain (extra cost) per 100K capita in the high-risk population
is higher (lower) than that obtained for the average population (see Observation 1). One reason
for this observation is the fact that the number of infections, hospitalizations, and deaths averted
under lockdown policies for the high-risk population is also higher than that for the average pop-
ulation. This not only improves the total QALY saved, but also reduces the extra cost incurred by
lowering the cost of utilizing/expanding resources (as well as the cost of quarantining). Also, this
high-risk population is comprised of senior people, and hence, the impact of lost income is lower in
this group than the average population. We also observe a high variation across states in terms of
these outcomes; e.g., in Michigan (New Jersey), the average QALY gain per 100K high-risk capita
under Policy 1 compared to no-intervention is 130,950 (212,610) years. Thus, our earlier results that
(1) states with a similar total population can see significantly different impacts of the same lock-
down policy, and (2) the impacts of policies are not necessarily higher in more populous states are
likely due to the differences in the percentage of high-risk population. However, other factors such
as the population density of each state and a variety of socio-political differences across states can
also play a role. A deep analysis of such factors are outside the scope of our work, and hence, we

leave it to future research to study their effect.

3.3.4. Cost-Effectiveness of Intervention Policies. We make use of Equation (6), and
measure the cost-effectiveness (CE) of a potential policy compared to the current policy via the
probability that ICER < WTP (for more details, see Appendix D.1). The higher this probability,
the higher the cost-effectiveness of the potential policy compared to the current policy. To gain
more insights into the cost-effectiveness of these policies, we consider a range of WTP values
between 0 and $100K per QALY, which is consistent with the literature (see, e.g., Echazu and
Nocetti (2020)). Our results in Figure 3 reveal that, within this WTP range, the potential policies
we study are typically more cost-effective than the current policies adopted by states. This would
be expected since our earlier result in Observation 1 showed that more strict policies could improve
the QALY saved while incurring less extra cost compared to the current policies. We also observe
that the potential policies are particularly more attractive when state authorities are less willing
to pay to gain one extra year worth of QALY (e.g., WTP < $20K compared to WTP > $20K).
This impact, however, is not uniform across states. Specifically, our results show that the cost-
effectiveness of the more restrictive policies for low WTP values is much more pronounced in states
such as Indiana, Minnesota, Pennsylvania, and Washington than other states such as California,
Massachusetts, New Jersey, and New York. This is yet another indication of the heterogeneity of
health and economic outcomes across the states.

In closing this section, we emphasize that caution should be exercised in interpreting our cost-
effectiveness results. Our findings are based on data from the early stage of this pandemic (March

2020 to June 2020). As the pandemic evolves (e.g., as the number of new cases rises, new variants
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Figure 3 (Color online) Cost-effectiveness probability of potential policies compared to the current policies
Notes. Results for other states are provided in Appendix D.4. A drop in the CE probability implies an improvement in the
performance of the current policies compared to the potential policies.

of COVID-19 arrive, and vaccinations become more available), the numbers presented here would
change as well. Decision-making on what policies to impose, however, has been challenging for
the authorities, mainly because of lack of quantitative evidence on health gains versus economic
burdens of different lockdown policies. To the best of our knowledge, our findings are among the
first to shed light on the heath versus economic impacts of COVID-19 lockdown policies separately
for each state, and we hope they could facilitate the decision-making process for COVID-19 and

future epidemics.

3.4. Robustness Checks and Relevant Managerial Implications

To test the robustness of our main results, we now perform extensive sensitivity analyses on various
parameters, including residents’ mobility, qol scores and QALY values, the proportion of population
losing their income, projected infections, the population level of risk perception (about the negative
outcomes of the pandemic), the proportion of individuals who would lose their income when staying
home (under no-intervention), the proportion of infected individuals who quarantine, and the level

of capacity of hospital resources.

3.4.1. Mobility. In our baseline comparisons of policies in §3.3, we utilized the actual mobility
rates observed from cell phone data separately for each state. Under this actual scenario (referred to
as M1, hereafter), the average mobility rates over all states for moving within 1 mile, between 1 and
10 miles, and more than 10 miles from home are about 0.4, 0.3, and 0.3, respectively (see Table 5 for

more details). We now consider two hypothetical scenarios: a 10% reduction in movements within 1
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Figure 4 (Color online) Average outcomes under different intervention policies and mobility scenarios

Notes. Intervention policies are compared with no-intervention. See Table 4 for intervention policies P1/P2/P3.
M1: mobility observed in each state (see Table 5). M2/M3: other mobility scenarios used for robustness check.

mile from home (M2) and no movement beyond 10 miles from home (M3). That is, under M2 and
M3, we allow the rates for moving within 1 mile, between 1 and 10 miles, and more than 10 miles
from home to be 0.5, 0.3, and 0.2 and 0.5, 0.5, and 0.0, respectively. From the results in Figure 4,
we observe that, under any intervention policy, lowering residents’ mobility beyond 10 miles from
home would increase the total QALY gains (compared to no-intervention). This typically comes at
the expense of higher extra cost incurred compared to no-intervention. However, we also observe
that in states such as New York, reduced mobility would result in lower extra cost. Furthermore,
in a consistent fashion across the states, the less strict a lockdown policy, the more improvement
in the total QALY gain under that policy, when we reduce the residents’ mobility beyond 10 miles.
These results highlight the importance of individuals’ compliance to lockdown policies in managing

the pandemic.

3.4.2. qol Scores and QALY Values. We consider two alternative scenarios for qol scores
(and hence, the estimated QALY values) where they are selected from either higher or lower ranges
compared to our baseline scenario. The results are provided in Appendix E.1. We observe that,
as we lower qol scores (i.e., when health conditions across all compartments get deteriorated), the
saving in the total QALY from current/potential policies increases compared to no-intervention.

This result supports the notion that more strict policies are better suited for populations with worse

health conditions. Furthermore, we observe no consistent impact on the extra cost across states
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when changing qol scores. Overall, our results give us confidence that our findings are relatively

robust to the estimates used in our main analysis for qol and QALY values.

3.4.3. Proportion of Population with Lost Income. We consider two alternative sce-
narios for the portion of working population who have lost their income. Details are provided in
Appendix E.2. From our results, we observe that, as the ratio of population who lost more than
50% of their income increases, the extra total cost incurred by current/potential policies compared
to no-intervention ramps up. However, as expected, we do not observe consistent changes in the

QALY outcomes across states when changing the ratio of population with lost income.

3.4.4. Projected Infections. Due to factors such as limited capacity of COVID-19 tests (Gao
and Rosenlof 2020) and low (high) chance of false positive (negative) in these tests (Surkova et al.
2020, Watson et al. 2020), the number of observed positive cases could differ drastically from the
true number of infected cases. Furthermore, it has been reported that up to 40%-80% of people
showing up for tests are asymptomatic (CEBM 2020, Gémez-Ochoa et al. 2020). In the absence
of symptoms, the likelihood that a person will test positive could be a fraction of a randomly
selected member of the population. Based on this premise, in our sensitivity analyses, we project

the number of true daily infections in each state as follows:

Projected infections = rate of observed infections X fraction of total population x population size
__ # positive tests

7 total test x fraction of total population x population size.
otal tests

(10)

For the fraction of total population in each state, we perform a senstivity analysis by considering
scenarios where the fraction is varied by setting it to either 10% or 50%. For example, in a state
with 1 million residents, if the number of positive tests and total tests are 2,000 and 20,000 on a
given day, respectively, then the projected number of infections under these values will be 10,000
and 50,000, respectively.

From our results in Appendix E.3, we observe that, as the projected number of true infections
increases, the extra cost incurred under more strict lockdown policies (compared to no-intervention)
is typically reduced. This is due to the fact that higher projected infections would result in higher
hospitalizations/deaths which can be averted under more strict policies. As a result, the cost of
utilizing/expanding resources, as well as the cost of quarantining, would decrease. Furthermore,
when projected infections are higher, more QALY can be saved under more strict lockdown policies
(compared to-no-intervention) in states such as Arizona, California, and Texas. However, this effect

is not consistent across all states (e.g., in Georgia, the QALY saved would decrease).
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3.4.5. Population Risk Perception. In §3.2.1, we introduced the parameter o < 0 that
captures the population level of risk perception. In our baseline setting, we consider o = —0.1,
and for alternative scenarios, we use o € {—0.2,—0.5}. We also consider the case where the risk
perception does not play any role. We do so by setting o =0. As can be seen from our results in
Appendix E.4, when people become more risk averse against the negative outcomes of the pandemic
under no-intervention, the QALY saved under more strict lockdown policies decreases. This is
expected, since less people would take the risk of going out and potentially harming themselves,
which, in turn, helps reducing the disease transmission rate absent any lockdown. Furthermore,
we notice that more risk aversion could lower the extra cost incurred under lockdown policies
(compared to no-intervention) in states such as Massachusetts, Michigan, and New York. However,
we do not find this to be consistent across all states. For example, we observe a curvilinear impact
in states like California and Pennsylvania. One reason for this finding is that, although more risk
aversion could control the spread of the disease (thus, reducing the costs related to hospitalization)

under no-intervention, the amount of lost income due to staying home can increase.

3.4.6. Proportion Losing Income. In our baseline scenario, we assume that 50% of people
who would not take the risk of going out under no-intervention would lose their income. As alter-
native scenarios, we consider 25% and 75% of individuals suffering from this under no-intervention.
Results are presented in Appendix E.5. We observe that, when this rate increases, the extra
cost incurred under more strict lockdown policies (compared to no-intervention) would typically
increase. While this is expected, we also notice that changing this proportion would have a little

to no impact on the QALY saved under more strict policies.

3.4.7. Proportion Quarantining. In our baseline scenario, we assume that 50% of infected
individuals would quarantine. We now consider two alternative scenarios where this proportion is
changed to 25% and 75%. Based on our results in Appendix E.6, we observe that, when a higher
percentage of infected individuals quarantine, the extra cost incurred under more strict lockdown
policies (compared to no-intervention) would increase in states such as California, Georgia, and
Massachusetts. However, we also observe that, in states such as Michigan and New York, the extra
cost would be lowered when the quarantine rate increases. This might be due to the fact that the
number of infections is typically reduced under more strict policies, and hence, there will be fewer
individuals who have to quarantine. Furthermore, we observe that, in states such as Maryland,
Massachusetts, and Michigan, when the quarantine rate increases, the QALY saved under more
strict policies (compared to no-intervention) would decrease. This implies that quarantining would

have more promise under less strict policies, mainly due to the higher number of resulted infections.
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3.4.8. Capacity Level of Hospital Resources. In our baseline scenario, we consider the
current number of beds and ventilators available in each state. As our alternative scenarios, we con-
sider 50% and 150% of the existing capacities of these resources. Our results in Appendix E.7 show
that, if the states had more beds/ventilators in place, they would have beared less extra cost under
more strict policies (compared to no-intervention). This is because these states would not have to
pay for capacity expansion (this is noticeable in states such as California, Maryland, and Michigan).
That said, we also notice that having a higher capacity might have a little to no impact on the
extra cost incurred in some states (e.g., New York) and a curvilinear impact in others (e.g., Mas-
sachusetts). One justification for this observation is the fact that infections/hospitalizations/deaths
would be already down under more strict policies, and hence, the higher cost of capacity expansion
may be offset by the lower cost of resource utilization, lost income, or quarantining. Finally, we
observe no tangible difference in the QALY saved when increasing the capacity of resources.

Overall, our various robustness checks give us confidence about the validity of our main findings,
and reveal that the various calibration and validation steps we have taken (see, e.g., §3.1.2) have
been sufficient. In particular, we observe that the outputs of our SERIS models as well as the
recommendations obtained from our policy comparisons are not that sensitive to our estimation of

the main input parameters.

4. Discussion, Limitations, Future Research, and Conclusion

4.1. Discussion

Since the onset of COVID-19, U.S. states have undertaken various societal intervention policies.
Despite their effectiveness in controlling the spread of disease (Courtemanche et al. 2020), many
states eased the lockdown policies within a few weeks to months since their enactment. The deriving
force behind this has been the economic burdens of these policies; e.g., lost income and productivity
(RAND 2020, Shretta 2020). However, premature reopening has contributed to some states observ-
ing the resurgence of COVID-19 cases, which forced states to retract their reopening decisions (New
York Times 2020a, Reuters 2020). Although the trade-off between health and economic impacts
of lockdown policies is a well-known concept, what makes adopting effective policies currently
challenging is the lack of quantitative evidence on this trade-off.

To provide such evidence, in the first part of our study, we develop a compartmental SEIRS
model to capture the dynamics of COVID-19 infections over time. We estimate the parameters
of this model for each state by conducting an MCMC simulation. To this end, we employ data
of 50 U.S. states plus DC reporting on number of tests, infections, hospitalizations, ICU bed and
ventilation usage, and deaths between early March and June 7. We also make use of cell phone data
to estimate individuals’ mobility in each state. After calibrating our models with these data, we
analyze the impact of various lockdown policies on potential reductions in the disease transmission

rates via a longitudinal mixed-effect regression model. Our results reveal that an increase in the
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strictness of policies, their duration, number of tests, per capita income, and the residents’ mobility
rate within 10 miles from their homes (compared to the distance beyond that), as well as a decrease
in the ratio of Black/Hispanic populations, are associated with more reductions in the COVID-19
transmission rates (albeit, not all of these effects are statistically significant).

In the second part of our study, we conduct an extensive simulation analysis to measure the
QALY gained versus the cost incurred for both the current policy in place in each state (back in
March-June 2020) and some counterfactual policies. Our findings provide quantitative evidence
and important implications that can help public health authorities to not only evaluate the exist-
ing policies retrospectively, but also enact more effective policies prospectively. Furthermore, our
extensive robustness checks on parameters such as residents’ mobility rates, qol scores and QALY
values, proportions of population with lost income, projected infections, population level of risk
perception (about the negative outcomes of the pandemic), the proportion of people who would
lose their income when staying home (under no-intervention), the proportion of infected individ-
uals who quarantine, and the capacity level of hospital resources reveal that our main findings
on the performance of lockdown policies are relatively robust to variations in these parameters.
In particular, we observe that even if our estimated values for such parameters are not perfectly
accurate, the recommendations we provide through our policy comparisons remain fairly intact.
Thus, authorities can make use of our main recommendations without concerns over potential
inaccuracies in estimating such parameters.

Finally, we note that the entire human life is typically valued at $8-$11 million, which accounts
for $100K-$125K per year (Yakusheva et al. 2022). Albeit erring on the side of optimism, our
estimate of the cost incurred per QALY saved (=~ $4,000/QALY on average under the current
lockdown policies) is close to some of estimates reported by the literature (see, e.g., Cutler and
Summers (2020)). The main reason for our low estimate is the fact that we not only measure
QALY during our study period, we also account for a patient’s quality of life had s/he stayed in a
specific disease state for a long time/permanently. This is consistent with what is reported about
the health implications of “Long COVID” (see, e.g., HHS.gov (2021)). Of note, for cost, the only
long-term effect we consider is the cost of lost income for a dead person over his/her remaining

working lifetime.

4.2. Limitations

Although we have analyzed a range of variations for the ratio of population with lost income,
this ratio may be impacted by various demographic and socioeconomic risk factors (Selden and
Berdahl 2020), which can warrant further investigations. Also, we note that our estimations and
results are obtained based on our specific data sources and time frames, as well as the specific
methodology we employed. An alternative model and/or new data source may result in different
outcomes. Nevertheless, our study provides a reliable quantitative framework to streamline the

process of analyzing and comparing different lockdown policies.
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4.3. Future Research and Conclusion

In addition to addressing the limitations we discussed in the previous section, as the pandemic
evolves and new data becomes available, future research can enhance our study through the fol-
lowing avenues. However, it is important to note that most of the factors discussed below (e.g.,
public vaccination, contact tracing, etc.) were not widely in place during our study period (i.e.,
early stages of COVID), and hence, data on them mainly exists outside our study period.

(1) In addition to factors that we have accounted for in this study, future research can incorporate
other driving forces such as the cost associated with COVID-19 tests, the benefits attained via
public vaccination or second-order impacts of COVID-19 on patients whose non-COVID-19 care
have been delayed or avoided (due to reasons such as state’s mandates or limited capacity of
healthcare settings).

(2) Future research can make further adjustments in the disease transmission rate based on various
factors, such as the type of infection (e.g., symptomatic and quarantined vs. undetected asymp-
tomatic), the type of test results leading to detection (e.g., purely symptomatic testing, random
asymptomatic testing, and contact tracing), and vaccination status.

(3) Future research can also examine the impact of other intervention policies (e.g., mandating
wearing face masks). It should be noted, however, that such policies can only be impactful in the
presence of more strict intervention policies (Lyu and Wehby 2020a).

(4) Future research can make use of more detailed mobility data, and better adjust for mobility in
rural areas, where people typically travel longer distances for daily activities.

(5) In the absence of viable treatments or vaccination, a recovery from COVID-19 does not neces-
sitate permanent immunity. Given the time between the presumed onset of COVID-19 in the U.S.
and the projected drug delivery, a recovered person can become susceptible/infected again. For
example, our estimation for California shows that the average immunity rate is 0.38% (see Table 7),
which implies an average immunity period of 10,000/38 = 263.16 days. Such scenarios can aggra-
vate the landscape of pandemics and may warrant even more strict lockdown policies. Evaluating
the cost-effectiveness of policies under such circumstances would be another interesting avenue for
future research.

Our study provides a detailed quantitative framework to analyze health vs. economic impacts
of these lockdown policies. In particular, for each state, we have accounted for the direct costs
of utilizing healthcare resource (e.g., beds and ventilators) or expanding them, the indirect costs
of lost income and productivity, the indirect cost of quarantining, and the population’s quality of
lives that could be saved under more restrictive policies. The results and insights provided in this
study can help federal and states agencies to not only evaluate their policies retrospectively, but
also make better decisions on these policies to curb the spread of disease in the future. Finally,
it is important to note that while our work is focused on the COVID-19 pandemic, some of our
policy recommendations and the insights generated might be valuable for curbing inevitable future

pandemics.
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APPENDIX A. Summary of Socio-Demographic Information Retrieved from Mathematica

Table A.1 Summary of other socio-demographics information’

State Population* Annual Birth? Annual Death? Employment?
Alabama 4,849,377 57,313 53,879 2,618,073
Alaska 736,732 10,031 4,819 445,031
Arizona 6,731,484 81,942 60,523 3,520,657
Arkansas 2,966,369 36,640 31,322 1,606,087
California 38,802,500 462,617 282,520 21,245,509
Colorado 5,355,866 64,524 39,116 3,215,903
Connecticut 3,590,886 34,567 31,149 2,235,248
Delaware 935,614 10,683 9,454 548,130
Dist. of Col. 658,893 9,493 5,677 813,734
Florida 19,893,297 221,695 211,692 10,679,883
Georgia 10,097,343 127,873 86,319 5,559,982
Hawaii 1,431,603 16,878 12,748 873,157
Idaho 1,654,930 22,220 13,308 947,483
Illinois 12,859,995 144,299 110,004 7,608,799
Indiana 6,596,855 80,711 62,175 3,727,784
Towa 3,107,126 37,672 28,809 2,034,878
Kansas 2,904,021 35,457 25,230 1,855,548
Kentucky 4,425,092 53,471 46,074 2,438,265
Louisiana 4,649,676 58,498 46,343 2,517,085
Maine 1,330,089 12,073 14,335 830,221
Maryland 5,976,407 70,091 51,453 3,437,502
Massachusetts 6,794,422 70,419 58,564 4,198,813
Michigan 9,909,877 109,472 95,983 5,454,613
Minnesota 5,489,594 67,642 43,200 3,562,386
Mississippi 2,994,079 35,978 31,536 1,568,063
Missouri 6,083,672 71,297 60,141 3,663,291
Montana 1,023,579 11,618 9,870 647,427
Nebraska 1,881,503 25,343 15,582 1,245,362
Nevada 2,839,099 35,932 25,610 1,666,531
New Hampshire 1,326,813 12,004 12,125 848,016
New Jersey 8,944,469 99,501 75,723 5,128,341
New Mexico 2,085,572 23,125 18,388 1,115,677
New York 19,746,227 222,924 164,817 11,039,874
North Carolina 10,042,802 119,203 94,312 5,460,841
North Dakota 756,927 10,536 6,250 487,337
Ohio 11,594,163 134,291 117,750 6,829,647
Oklahoma 3,878,051 48,759 40,266 2,159,540
Oregon 3,970,239 43,305 36,563 2,320,043
Pennsylvania 12,787,209 135,190 133,439 7,304,947
Rhode Island 1,056,298 10,481 9,802 615,347
South Carolina 4,896,146 56,353 50,744 2,507,978
South Dakota 858,469 11,911 7,337 564,481
Tennessee 6,549,352 80,239 67,977 3,746,010
Texas 26,956,958 378,664 202,786 14,157,309
Utah 2,942,902 48,642 17,443 1,673,907
Vermont 626,562 5,581 5,634 427,422
Virginia 8,326,289 98,403 69,729 4,936,137
Washington 7,061,530 87,950 58,587 3,948,743
West Virginia 1,844,128 17,888 22,567 921,898
Wisconsin 5,771,337 63,712 50,393 3,595,084
Wyoming 584,153 6,601 4,971 389,776

tInformation is obtained by Mathematica, Wolfram Research, Inc. (see the codes below). Information for per capita income and
median age is provided in the main body (see Table 5). *This information is used to measure the initial population, N(0), and
vital dynamics p and v used in the SEIRS model. N(0)=Population, u=(1/365)*(Annual Birth/Population), v=(1/365)* (Annual
Death/Population). 8This is used to obtain the employment rate in each state (see Appendix C.4).

Sample of Mathematica codes to retrieve demographic and cost information (shown for the state of Michigan)

Per capita income: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"PerCapitalncome"]
Population: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"Population"]

Birth: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"AnnualBirths"]

Death: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"AnnualDeaths"]

Median age: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"MedianAge"]

Employment: AdministrativeDivisionData[Entity["AdministrativeDivision","Michigan","UnitedStates"],"PerCapitalncome"]
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APPENDIX B. Model Validation

State: Connecticat (CT)

Disrictof Columbia (DC)

State: Georgia (GA)

State: daho (1D)

States Michigan (D)

Figure B.1  (Color online) SEIRS model validation: comparison of our predictions with the data

Notes. For each state, columns from left to right represent results for the total number of projected infections, hospitalizations, and
deaths, respectively. For projected infections, benchmark data comes from THME (2020). For hospitalizations and deaths, benchmark
data comes from Foldi and Csefalvay (2020). LB/UB: Lower/upper bounds represent 90% ClIs for each outcome. x-axis represents time
(days). For each state, day 0 is different (see Table 2, column “Data”).
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APPENDIX C. Parameter Estimations

C.1. Quality-of-life scores. We characterize qol scores as follows:

1.0, if 1€ {1,11} Compartment(s): susceptible, recovered,
z€[0.8,1.0], ifi=2 Compartment(s): exposed/presymptomatic,
z€[0.7,0.9], ifi=3 Compartment(s): infected asymptomatic,
z€[0.6,0.8], ifi=4 Compartment(s): infected symptomatic,
z€[0.5,0.7], ifi=5 Compartment(s): infected hospitalized (common bed),

¢ =<4 x€[03,0.5], ifi=6 Compartment(s): infected hospitalized (ICU bed), (EC.1)
z€][0.1,0.3], ifi=7 Compartment(s): infected hospitalized (ICU bed & ventilator),
z€[0.7,0.9], ifi=8 Compartment(s): carrier post discharge (was hospitalized common bed),
z€[0.6,0.8], ifi=9 Compartment(s): carrier post discharge (was hospitalized ICU bed),
z€1[0.5,0.7], ifi=10 Compartment(s): carrier post discharge (was hospitalized ICU bed & ventilator),
0.0, if i =12 Compartment(s): dead,

where we note the following points: (a) Since we measure QALY per single day, we divide each qol score by
365 to account for the daily counterpart. (b) The range for infected patients hospitalized with common beds
is consistent with the value of 0.6 reported in the medical literature (Liu et al. 2020). (c) When qol scores are
not reported by the literature, we set up the ranges such that the qol scores would properly reflect on their
relative severity. For example, the average qol score for an infected hospitalized patient (in a common bed)
is 0.6, whereas its counterpart for an infected hospitalized patient (with an ICU bed) is 0.4. (d) For cases
that are still carriers of the disease post hospital discharge, we assume that their health will be improved
compared to when they were hospitalized. Of note, this improvement is more noticeable for patients who
had been hospitalized with an ICU bed and a ventilator. (e) These ranges allow us to account for variations
in qol scores for different compartments. Moreover, in our robustness checks, we will consider two alternative
scenarios for qol scores where they are selected from either higher or lower ranges (see Appendix E.1).
Furthermore, regarding the terminal qol score, we calculate it by: @Q; = (qi /T) (1 — e T*RLE ), where ¢, is
the qgol score, r =0.03 is a discount rate (it measures the deterioration of a patient’s health status over the
remaining lifetime), and RLE is the residual life expectancy (Sassi 2006). RLE typically depends on age
and gender. Following Arias et al. (2021), we take the average of RLE values across genders, and adjust it
based on the randomly selected age. We also note that since we aim to conduct robustness checks on the qol
score ¢;, we do not perform robustness checks on the terminal qol score ();, because it is a function of g;.

C.2. Direct cost (utilization of existing resources). We take a back-of-the-envelope calculation to
estimate the operating costs of hospital resources per day: (a) We obtain the costs of using an ICU bed or
an ICU bed with a ventilator per day (Dasta et al. 2005). We then use the U.S. healthcare inflation rate
to prorate the corresponding values from 2005 to 2020 (YCHARTS 2020). (b) To measure the operating
cost of a common non-ICU bed, we use the average ratio of cost of an ICU bed to that of a non-ICU bed
reported to be 5.85 (Norris et al. 1995). (¢) The costs obtained via the previous two steps are used for the
state of Washington that is reported to have the highest inpatient expenses per day (KFF 2018a). For other
states, we adjust costs based on the ratio of inpatient expenses in each state compared to that in the state
of Washington KFF (2018a). Estimated values are reported in Table C.1.

C.3. Direct cost (expansion of resources). (a) Beds: We resort to CDC (2020) to obtain the number
of inpatient and ICU beds across the U.S. To measure the number of common beds, we subtract the number
of ICU beds from inpatient beds. Furthermore, as reported by Modern Healthcare (2015), the cost of adding
one more hospital bed is reported to be between $5K and $10K for common beds and $25K and $30K for
ICU beds. Of note, we incur this cost if the number of patients requiring, say, common beds is more than the
existing capacity of these equipments in a state. (b) Ventilators: There are the total of ~160,000 ventilators
in the U.S. (AHA 2022). To determine the distribution of these ventilators across U.S. states, we resort to the
numbers reported by Rubinson et al. (2010). If the number of patients requiring ventilators is more than the
existing number of these equipments in a state, then we incur the cost of capacity expansion by adding one
more ventilator per patient, which could cost between $5K and $50K (Medtronic 2019). Estimated values
are reported in Table C.1.
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Table C.1 Information of hospital resources across U.S. states
Cost of resources utilization ($/day) Existing capacity of resources
State Common ICU bedf ICU bed & Inpatient bed? ICU bed?! Ventilatorf
bedf ventilator’
Alabama 470.29 2,751.20 3,892.49 (7992,19393) (899,2697) 2,360
Alaska 668.88 3,912.98 5,536.21 (0,1448) (0,133) 267
Arizona 818.44 4,787.87 6,774.04 (10815,18677) (1571,2899) 3,358
Arkansas 572.63 3,349.91 4,739.56 (5915,12027) (519,1644) 1,624
California 1,075.82 6,293.55 8,904.33 (70233,84479) (11406,14265) 16,899
Colorado 927.48 5,425.78 7,676.58 (4946,14736) (384,2404) 2,342
Connecticut 863.82 5,053.37 7,149.68 (2925,13038) (632,2219) 1,765
Delaware 925.35 5,413.31 7,658.93 (102,4603) (0,571) 513
Dist. of Col. 1,057.85 6,188.42 8,755.59 (1981,3561)8 (301,496)8 459
Florida 674.06 3,943.27 5,579.07 (56037,71291) (8638,11747) 11,046
Georgia 561.97 3,287.54 4,651.32 (16436,28099) (2110,4155) 5,368
Hawaii 805.34 4,711.25 6,665.64 (0,5430) (0,1620) 619
Idaho 972.25 5,687.72 8,047.17 (2485,5307) (244,750) 467
Illinois 802.90 4,697.00 6,645.47 (20134,41662) (2978,8426) 5,927
Indiana 789.19 4,616.81 6,532.02 (14423,22010) (1968,3362) 3,776
Towa 487.04 2,849.20 4,031.15 (5037,10994) (456,1443) 1,391
Kansas 586.34 3,430.09 4,853.01 (6357,11871) (681,1845) 1,319
Kentucky 595.78 3,485.33 4,931.16 (5096,18954) (455,2269) 2,434
Louisiana 618.32 3,617.19 5,117.72 (9879,17222) (1530,3252) 2,845
Maine 802.90 4,697.00 6,645.47 (1041,5451) (14,830) 549
Maryland 857.42 5,015.95 7,096.74 (0,6839) (0,2541) 2,445
Massachusetts 925.35 5,413.31 7,658.93 (6146,20436) (308,2139) 3,611
Michigan 731.02 4,276.48 6,050.50 (17118,29640) (2120,4562) 4,737
Minnesota 724.62 4,239.06 5,997.56 (8452,17034) (1017,2462) 2,080
Mississippi 417.59 2,442.94 3,456.35 (4282,11634) (618,1619) 1,973
Missouri 719.14 4,206.98 5,952.18 (17286,27443) (2154,4216) 3,686
Montana 485.52 2,840.29 4,018.54 (810,2745) (27,194) 406
Nebraska 631.42 3,693.81 5,226.12 (3095,6860) (469,1283) 1,196
Nevada 606.44 3,547.69 5,019.40 (4254,10602) (407,1650) 1,932
New Hampshire 798.94 4,673.83 6,612.70 (1389,4339) (93,529) 531
New Jersey 848.59 4,964.28 7,023.63 (5259,27911) (114,6119) 3,814
New Mexico 865.65 5,064.06 7,164.81 (1510,3988) (204,715) 939
New York 876.31 5,126.43 7,253.04 (33715,60371) (5430,10309) 11,557
North Carolina 680.46 3,980.69 5,632.01 (10109,32137) (483,4455) 4,571
North Dakota 560.14 3,276.85 4,636.20 (331,3419) (0,674) 462
Ohio 861.69 5,040.90 7,132.03 (21209,49023) (5284,10346) 6,999
Oklahoma 600.35 3,512.06 4,968.98 (8492,16314) (778,2537) 1,898
Oregon 1,046.88 6,124.27 8,664.83 (2007,11481) (112,1954) 1,290
Pennsylvania 769.09 4,499.21 6,365.63 (22996,52907) (1961,7176) 7,728
Rhode Island 855.60 5,005.26 7,081.61 (421,1732) (32,104) 503
South Carolina 626.85 3,667.08 5,188.31 (7837,14336) (929,2208) 2,434
South Dakota 469.98 2,749.42 3,889.97 (97,2751) (0,359) 383
Tennessee 653.96 3,825.66 5,412.68 (13884,24086) (1541,3457) 3,891
Texas 793.15 4,639.98 6,564.80 (58762,75847) (8934,12176) 13,898
Utah 893.97 5,229.78 7,399.26 (2966,7174) (404,1455) 1,290
Vermont 801.99 4,691.65 6,637.91 (0,1984) (0,220) 231
Virginia 633.85 3,708.06 5,246.29 (10583,23988) (990,3093) 3,422
Washington 1,081.91 6,329.19 8,954.75 (8197,16632) (634,3036) 2,145
West Virginia 552.22 3,230.52 4,570.65 (3867,8269) (502,1097) 1,411
Wisconsin 770.01 4,504.56 6,373.20 (7735,16310) (910,2050) 2,216
Wyoming 436.48 2,553.41 3,612.65 (328,1608) (0,139) 301

fTo account for potential variations in our simulation, we consider a +10% variation based on these point estimates.
#These are 95% confidence intervals (Cls) obtained from data reported in CDC (2020). We use these intervals in our
simulation. Also, to count the number of common beds, we subtract the number of ICU beds from inpatient beds.
§CIs were not reported by CDC (2020). Instead, we take 20% of the average of Cls across other states. This is also

consistent with the values reported by DC.gov (2022).
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C.4. Indirect cost (lost income and productivity). Following notations in the main body, we let p;(t),
j=1,...,4, represent the proportion of working population who have lost less than 25%, between 25% and
50%, between 50% and 75%, and more than 75% of their income, respectively. According to Statista (2020),
we have p1(t) = 48%, pa2(t) = 20%, ps3(t) = 14%, pa(t) = 18%. However, the results reported in Statista
(2020) do not account for the number and intensity of societal intervention policies. Indeed, to the best of
our knowledge, there is no data reporting on this specific information. To accommodate this, we take the
following steps to adjust our estimations: (a) When all three interventions are in place (including stay-at-
home order and non-essential business closures, large-gathering ban, and school closures), we resort to the
survey in in Statista (2020) and let py (t) = 48%, p2(t) = 20%, ps3(t) = 14%, p4(t) =18%. This is a reasonable
assumption, because the foregoing survey was conducted in May 2020, when most states had undergone
these three interventions (see Table 2 in the main body). (b) Recall that, when we transition between our
counterfactual policies, we relax one intervention at a time (see Table 4 in the main body). When this
happens, we drop the corresponding p;’s for j =2,3,4 by 5% and add them to quantile 1. Based on this
premise, we have (for description of Policies 1/2/3, see Table 4 in the main body):

48%,20%,14%,18%), under Policy 1: if 1 <t <61,
63%,15%, 9%, 13%) , under Policy 1: if 62 <t <92,

(
(
(78%,10%,4%,8%) , under Policy 1: if 93 <t <122,
(
(
(

(P1(t),p2(t), p3(t), pa(t)) = (EC.2)

48%,20%,14%,18%), under Policy 2: if 1 <t <92,
63%,15%,9%,13%),  under Policy 2: if 93 <t < 122,
48%,20%,14%,18%), under Policy 3: if 1 <t <122.

(c) Despite these adjustments, the resulting values may not be exactly representive of reality. We account
for this via two routes. First, in our simulation, we consider a +10% variation based on the point estimates
reported for p;’s in Equation (EC.2). Then, in our robustness checks, we consider two alternative scenarios
for p;’s (see Appendix E.2).

Finally, we obtain the employment rate n by the ratio Employment/Population, where the latter two
measures were already introduced in Table A.1.

C.5. Indirect cost (quarantine). Based on the numbers reported by CDC (2021) and Bourdeaux et al.
(2021), we make use of the following estimates.

qH probability of a quarantining person doing that at home, gz € [0.80,0.99]

qr probability of a quarantining person doing that at a facility (e.g., hotel), gr =1 — qu
CH cost ($/day) for quarantining at home, cy € [30, 70]

cr cost ($/day) for quarantining at a facility, cg € [80,300]

da # days of quarantine if asymptomatic, da =5

ds # days of quarantine if symptomatic, ds = 10

IF(t)  # new asymptomatic infections on day ¢ (obtained from our estimation)
I¥(t)  # new symptomatic infections on day t (obtained from our estimation)

¥ % of people who do quarantine when infected (set exogenously, subject to sensitivity analysis)

C.6. Scale reduction (shrinkage) factor for the MCMC simulation. For the convergence of the
Metropolis Hastings algorithm, we use the scale reduction factor over 2,000 iterations. As noted by, Brooks
and Gelman (1998), when the value of this factor < 1.2, that is a good indication for the convergence of the
algorithm. Figure C.1 shows the plots of this factor.
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APPENDIX D. Comparison of Intervention Policies

D.1. Micro-simulation model. See Table D.1 for the summary of this model.

D.2. Further consideration for high-risk population. Older people and minority races typically have
lower qol scores compared to the average population. As reported by the literature, a person aging one year
older could drop his/her qol score about 0.00343 per year compared to the same person one year younger.
Similarly, a person with a minority race could drop the qol score about 0.01 per year compared to White
people (see, e.g., Dyrbye et al. (2007), Grassi et al. (2020)). To address this in our analysis, we take the
following steps: (a) We consider the ranges [0.001,0.005] and [0.005,0.2] for the drops in the qol score for
each extra year a person ages and for Black/Hispanic races, respectively. (b) In our simulation, we generate
random values from these two ranges and subtract their average from the qol scores that we already set in
Equation (EC.1).

Of note, the high-risk population is also impacted from the economic standpoint. Indeed, compared to
White people, Black/Hispanic populations are reported to be, on average, 15% more exposed to financial
repercussions caused by COVID-19 (see, e.g., Saenz and Sparks (2020)). Thus, when accounting for the
proportion of lost income in our simulation, we consider an increase in this proportion across all quantiles
of lost income (see Equation (EC.2)). This increase is from the range [2%,5%], which is also consistent with
the findings in the literature (see, e.g., Parker et al. (2020)).

Table D.1 Summary of the micro-simulation model

Input: estimated parameters for each state and type/duration of conterfactual policies 1-3F

1 for each state
2 for iteration k=1 to 10,000
3 randomly select the probability of a quarantining person doing that at home, the cost for quarantining at home, and
the cost for quarantining at a facility from the corresponding ranges (see Appendix C.5)
4 for each parameter in the SEIRS modeltt
randomly select a value from the corresponding confidence interval (see Table 7)
5 for each compartment in the SEIRS model
randomly select a qol score from the corresponding range (see Equation (EC.1))
6 for each hospital resource
randomly select an operation cost and an existing capacity from the corresponding ranges (see Table C.1)
7 for each quantile j of population losing their income®
randomly select a ratio of lost income per day, 6; € [(j — 1) % 0.25, j % 0.25]
randomly select a proportion of population from the corresponding range (see Equation (EC.2))
8 for the current policy*
run the SEIRS model to obtain # people in each compartment over the time horizon (see Equations (1a)-(1h))
obtain the total QALY and cost (see Equations (2)-(5b))
9 for each potential policy
predict transmission rates 51-35 (see Equation (8))
run the SEIRS model to obtain # people in each compartment over the time horizon (see Equations (1a)-(1h))
obtain the total QALY and cost (see Equations (2)-(5b))
10 for the hypothetical no-intervention policy
predict the transmission rate under no-intervention f, (see Equation (9))
run the SEIRS model to obtain # people in each compartment over the time horizon (see Equations (1a)-(1h))
obtain the total QALY and cost (see Equations (2)-(5b))

Output 1: total QALY saved = total QALY (intervention policies) — total QALY (no-intervention)$

Output 2: total extra cost = total cost (intervention policies) — total cost (no-intervention)?

. ___ Total cost (potential policy) —Total cost (current policy) ¢
Output 3: ICER = Total QALY (potential policy) —Total QALY (current policy)

fThe parameters that are not listed in this table are set based on the values mentioned throughout the paper. Tt Except these
parameters: N(0), u, and v. ¥The estimated transmission rates under the current policy in each state are among the inputs
(see Table 7 for these estimations). 8By intervention policies, we refer to our proposed (potential) policies and the current
policies. YA potential policy is said to be more cost-effective than the current policy if ICER<WTP. Since, in our simulation,
we run 10,000 iterations under each policy, there will be 10 x 10* = 10® comparisons of ICER with WTP. To this end, the
cost-effectiveness (CE) probability of a potential policy compared to the current policy is measured as the percentage of these
10® comparisons where ICER < WTP.
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D.3. Increase in QALY and cost. Results are presented per 100K capita and 100K high-risk capita.

Table D.2  Avg (std dev) of outcomes compared to no-intervention per 100K capita
Outcomes: QALY gained (1,000 years) and extra cost ($ million)
State Outcome Policies
Current P1 P2 P3
JR— QALY 0.19 (0.02) 0.2 (0.02) 0.21 (0) 0.22 (0.03)
Cost -8.36 (1.32) -69.24 (0.84) -92.08 (0.24) -100.84 (1.16)
ke QALY 15.45 (3.69) 16.31 (1.68) 16.07 (2.11) 16.65 (2.74)
Cost 51.37 (20.59) 31.32 (24.49) 11.37 (41.21) 3.15 (34.62)
Aizona QALY 0.6 (0.04) 1.29 (0.04) 1.41(0.03) 1.44 (0.08)
Cost 44,52 (1.4) -68 (0.52) 191,39 (0.72) -99.11 (1.23)
ke QALY 26.25 (4.25) 25.75 (L.41) 275 (2.19) 27.86 (4.68)
Cost -41.74 (0.89) -61.57 (0.89) -83.66 (2.33) -94.56 (2.99)
california QALY 2653 (3.51) 26.1 (3.76) 26.48 (3.59) 26.71 (2.95)
Cost 192.39 (38.96) 197.9 (17.52) 176.85 (9.9) 167.97 (53.27)
Colorado QALY 11.56 (L.18) 11.64 (1.69) 11.66 (0.28) 11.95 (0.43)
Cost 0.99 (7.13) -36.82 (14.39) -73.64 (12.58) -86.08 (1.87)
Connectiout QALY 132.89 (2.25) 133.8 (2.42) 140.19 (6.83) 145.04 (2.09)
Cost 974.64 (232.77)  966.86 (134.93) 101142 (174.61)  994.48 (129.58)
Selaware QALY 59.53 (2.33) 61.71 (2.02) 61.97 (0.7) 60.18 (1.29)
Cost 31352 (58.33) 296.42 (57.48) 282.41 (61.13) 272.54 (75.97)
— . QALY 107.48 (3.16) 12252 (5.96) 139.44 (5.21) 15152 (8.92)
District of Columbia = 508.67 (44.32) 491.12 (42.25)  480.36 (159.18) 454,65 (99.68)
rorida QALY 12.07 (L.75) 12.21 (0.62) 12.44 (2.41) 12.33 (1.56)
Cost -27.03 (0.76) -72.89 (L57) -97.07 (1.38) -106.43 (0.44)
Georgia QALY 36.07 (2.78) 37.41 (4.21) 38.20 (L.1) 38.89 (2.28)
Cost 2091 (9.11) -15.66 (11.25) -36.03 (15.08) -43.86 (2.76)
o QALY 0.02 (0) 0.02 (0) 0.02 (0) 0.02 (0)
Cost -83.16 (2.33) -101.28 (1.16) -133.71 (2.51) -148.05 (2.32)
oo QALY 59.79 (1.14) 59.7 (3.89) 59.92 (4.04) 61.58 (3.95)
Cost -46.61 (1.2) -70.1 (0.46) 9152 (L.77) -102.36 (1.6)
A QALY 94.23 (6.98) 96.47 (5.93) 104.4 (38) 110.76 (1.14)
Cost 378.69 (78.33) 386.05 (96.44)  394.93 (10458)  400.24 (217.99)
e QALY 0.68 (0.04) 0.69 (0.02) 0.69 (0.04) 0.69 (0.04)
Cost -51.3 (0.8) -74.38 (1.34) -100.01 (0.86) -107.9 (1.02)
. QALY 0.59 (0.05) 0.75 (0.01) 0.7 (0.05) 0.79 (0.05)
Cost -93.7 (L61) -100.77 (1.85) -126.96 (0.59) -138.64 (1.01)
e QALY 33.84 (2.54) 34.26 (4.47) 35.6 (5.38) 36.01 (3.46)
Cost -48.61 (2) -93.61 (0.94) -123.82 (1.13) -137.12 (2.75)
Kentucky QALY 53.61 (0.89) 51.14 (2.35) 53.95 (1.15) 56.56 (4.37)
Cost 174.66 (82.29) 163.68 (95.05) 160.03 (51.37) 157 (19.73)
| oviciana QALY 74.03 (1.13) 75.38 (6.03) 79.85 (6.09) 83.64 (3.95)
Cost 313.66 (109.42) 327.13 (167.4) 334.9 (102.66) 35143 (183.69)
Maine QALY 2.8 (0.27) 3.62 (0.33) 3.63 (0.15) 3.75 (0.45)
Cost -38.5 (L6) -83.18 (2.36) -110.83 (2.08) -123.23 (3.41)
Maryland QALY 29.48 (0.98) 30.21 (0.59) 30.71 (1.47) 31.03 (0.64)
Cost -30.33 (12.79) -68.63 (19.44) 97.44 (1951)  -110.45 (13.61)
QALY 98.47 (3.68) 96.64 (3.56) 99.17 (2.09) 100.97 (4.8)
Massachusetts Cost 4.34 (12.21) 6.4 (8.99) -43.59 (17) -59.01 (8.52)
Michigan QALY 97.15 (4.41) 102 (5.2) 105.44 (5.71) 108.23 (9.59)
Cost 344.57 (48.72) 349.17 (54.16) 337.33 (57.16) 334.15 (65.37)
Mimesota QALY 0.52 (0.04) 0.59 (0.01) 0.61 (0.01) 0.6 (0.03)
Cost -76.83 (1.88) -109.26 (2.4) -144.91 (151) -160.1 (0.57)
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Table D.2 Continued
Policies

State Outcome Current PL P2 P3
Missission, QALY 29.79 (3.63) 30.57 (4.5) 31.26 (2.33) 31.45 (4.97)
PP Cost 163.09 (69.1) 144.69 (42.15) 134.34 (65.82) 133.26 (29.02)
Missourt QALY 16.03 (0.94) 16.36 (2.06) 16.83 (0.63) 17.29 (0.88)
Cost 61.33 (27.51) 33.18 (18.66) 17.09 (29.86) 11.12 (20.16)
Montana QALY 0.5 (0.02) 051 (0.07) 0.53 (0.07) 0.52 (0.11)
Cost -19.84 (0.75) -88.61 (0.53) -117.37 (1.83) -128.61 (0.72)
Nebraska QALY 14.28 (0.37) 17 (1.13) 17.68 (1.32) 17.92 (12)
Cost 28.8 (5.98) 55.63 (9.05) -84.17 (6.45) -97.98 (4.57)
Novada QALY 45.68 (2.35) 46.55 (2.06) 46.12 (5.35) 47.21 (5.97)
Cost 94.27 (81.1) 70.21 (95.58) 53.3 (61.62) 45.94 (68.45)
Now Hamoshire QALY 75.68 (5.32) 75.77 (2.36) 78.39 (5.43) 78.01 (8.46)
P Cost 219.77 (21.69) 197.76 (27.55) 184.83 (47.72) 176.57 (58.16)
Now Jorse QALY 175.73 (5.4) 167.72 (3.28) 180.14 (6.08) 183.95 (5.77)
y Cost 2398.22 (103.81)  2356.04 (204.71)  2432.49 (250.37)  2448.89 (114.21)
Now Mexico QALY 4032 (2.61) 43 (4.72) 44.11 (5.56) 4321 (1.54)
Cost 19.1 (4.16) 9.91 (19.46) -6.44 (5.01) -15.83 (16.41)
o York QALY 13222 (0.82) 138.6 (5.84) 139.57 (7.46) 14551 (2.42)
Cost 1169.6 (234.66)  1220.65(34.73)  1251.44(99.75) 129253 (133.89)
) QALY 195 (2.39) 19.55 (1.93) 19.89 (2.8) 19.69 (2.25)
North Carolina Cost -1.01 (3.68) -35.01 (8.67) -61.55 (13.97) -70.22 (11.87)
QALY 0.04 (0) 0.04 (0) 0.05 (0) 0.05 (0)
North Dakota Cost -70.76 (2.55) -113.12 (1.01) -148.54 (0.83) -163.98 (3.45)
ohio QALY 21.19 (2.59) 20.82 (1.13) 20.91 (1.54) 2111 (2.43)
Cost -62.2 (3.14) -76.32 (1.66) -101.93 (1.98) -111.59 (2.05)
Oklahom QALY 23.31 (0.56) 238 (1.6) 23.91 (4.24) 2475 (L.6)
Cost 145.32 (58.73) 131.39 (75.83) 114.62 (28.57) 107.29 (66.5)
Orecon QALY 8.45 (1.58) 8.48 (1.79) 8.42 (1.29) 8.5 (0.29)
9 Cost 38.51 (9.24) 22.88 (26.2) 7.37 (17.41) 0.78 (21.8)
emmevivania QALY 73.16 (4.1) 75.71 (3.52) 76.98 (2.51) 78.02 (7.78)
y Cost 21 (5.41) -12.94 (40.24) -35.49 (9.62) -43.48 (33.62)
~hode I<fand QALY 137.68 (8.02) 14485 (5.92) 151.89 (1.63) 151.28 (3.75)
Cost 833.38 (104.44) 866.35 (65.79)  873.38 (143.92) 890.77 (110.9)
) QALY 22.87 (3.49) 23.65 (0.91) 23.88 (0.78) 2452 (2.81)
South Carolina Cost -16.17 (3.68) -65.39 (0.88) -84.55 (5.09) -95.05 (1.27)
south Dakota QALY 62.58 (4.61) 66.53 (3.54) 69.47 (5.08) 69.13 (3.36)
Cost 170.95 (54.61) 117.96 (78.03) 96.59 (20.73) 88.58 (21.69)
Tenmesses QALY 17.33 (3.43) 17.43 (1.46) 17.64 (0.4) 17.49 (3.17)
Cost -38.75 (1.68) -75.61 (0.63) -102.44 (0.5) -112.01 (0.96)
o QALY 14(0.03) 1.42 (0.09) 1.46 (0.07) 1.46 (0.22)
Cost -28.99 (1.03) -75.32 (0.37) -100.33 (0.86) -108.87 (1.01)
U QALY 0.09 (0) 0.1(0.01) 0.11 (0.01) 0.12 (0.01)
Cost -45.66 (0.7) 75.48 (1.18) -99.15 (0.33) -107.34 (1.16)
ermont QALY 68.07 (6.06) 68.86 (3.43) 70.47 (2.67) 70.51 (6.99)
Cost 102.68 (47.39) 111.05 (57.21) 84.13 (32.68) 76.12 (22.53)
N QALY 7141 (8.4) 69.77 (7.65) 74.08 (L.7) 75.91 (3.77)
9 Cost 395.07 (58.72)  405.52 (146.37)  394.06 (146.74)  388.08 (134.75)
Washington QALY 15.16 (L.11) 1571 (2.13) 15.56 (1.65) 15.8 (1.49)
Cost -71.69 (0.46) -98.45 (1.8) -125.18 (0.82) 141,53 (3.28)
West Virginia QALY 40.36 (2.26) 39.38 (3.87) 39.8 (2.56) 40.45 (2.03)
Cost 274.85 (109.7) 262.77 (34.83) 243.79 (68.19) 253.43 (78.85)
— QALY 4.6 (0.91) 467 (0.92) 4.6 (0.25) 4.75(0.23)

Wisconsin

Cost -36.08 (6.91) -60.39 (2.74) -90.35 (4.25) -102.72 (5.84)
o QALY 1425 (2.2) 13.82 (1.13) 13.99 (0.8) 14.35 (2.03)
yoming Cost -67.76 (2.57) -102.26 (2.93) -136.16 (3.21) -150.56 (3.54)
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Table D.3 Avg (std dev) of outcomes compared to no-intervention per 100K high-risk capita
Outcomes: QALY gained (1,000 years) and extra cost ($ million)
High risk: age>65 and Black/Hispanic race
State Outcome Policies
Current P1 P2 P3

Alabama QALY 0.36 (0.05) 0.39 (0.05) 0.41 (0.06) 0.41 (0.07)
Cost -31.86 (0.56) -88.9 (0.68) -106.66 (1.7) -113.7 2.01)
Alaska QALY 22.3 (2.56) 22.77(5.2) 23.18 (1.55) 23.49 (4.75)
Cost -85.16 (1.11) -121.71 (2.95) -149.04 (2.82) -160.25 (0.72)
Arbom QALY 1.04 (0.01) 2.25(0.12) 2.41 (0.08) 2.49 (0.09)
Cost -60.94 (1.1) -77.78 (0.7) -96.08 (1.03) -103.16 (1.01)
Arkansas QALY 42.31(2.01) 42.06 (6.69) 43.39 (1.43) 44.6 (5.99)
Cost -52.33 (1.63) -74.54 (1.39) -92.2 (1.12) -99.48 (0.68)
California QALY 42.88 (5.46) 422 (1.51) 42.79 (5.7) 43.16 (1.86)
Cost -20.36 (2.8) -18.6 (12.58) -39.98 (4.2) -47.86 (13.25)
Colorado QALY 13.41 (1.64) 13.44 (0.75) 13.56 (1.17) 13.62 (0.58)
Cost 66.21 (1.33) -103.06 (3.29) -127.73 (1.34) -136.11 (1.15)
Comnectiont QALY 232.6 (14.42) 239.21 (12.39) 249.44 (2.28) 259.99 (1.76)
Cost 390.68 (51.39) 38224 (143.73)  357.39 (160.94) 350.71 (139)
Delaware QALY 97.75 (1.28) 98.07 (1.21) 98.58 (7.99) 98.89 (1.48)
Cost 98.77 (5.6) 84.38 (8.16) 61.05 (14.16) 50.81 (23.84)
. . QALY 138.91 (6.46) 157.07 (8.24) 174.33 (6.65) 193.21 (1.58)
District of Columbia 617.18 (43.81)  590.26 (160.55)  556.79 (172.23) 559.66 (70.51)
Florida QALY 22.65(3.2) 23.07 (1.28) 23.28 (2.56) 23.42 (5.24)
Cost -51.14 (0.68) -97.82 (1.07) -117.43 (2.16) -125.13 (1.79)
Georaia QALY 54.57 (5.69) 56.44 (5.19) 57.68 (3.37) 58.51 (1.08)
g Cost -31.75 (6.39) 7712 2.11) -95.81 (5.13) -103.36 (3.77)
Hawaii QALY 0.03 (0) 0.03 (0) 0.03 (0) 0.03 (0)
Cost -87.7 (1) -105.53 (1.14) -131.09 (1.32) -141.81 (0.51)
daho QALY 134.42 (2.51) 135.77 (6.04) 137.75 (4.32) 139.27 (12.3)
Cost -55.21 (1.54) -79.88 (1.07) -97.15 (1.5) -105.1 (0.25)
Ilinois QALY 153.78 (5.13) 156.73 (8.91) 163.34 (12.19) 169.41 (12.45)
Cost 23.14 (48.76) 9.85 (51.66) -12.31(7.32) 2022 (26.72)
Indiana QALY 0.82 (0.02) 0.83 (0.01) 0.84 (0.01) 0.84 (0.02)
Cost -57.9 (0.96) -80.97 (0.51) -99.52 (0.43) -107.02 (2.4)
lowa QALY 1.03 (0.07) 128 (0.1) 1.33 (0.04) 1.35 (0.09)
Cost -113.26 (0.63) -123.7 (1.9) -148.09 (0.91) -158.75 (1.62)
Kansas QALY 63.98 (7.43) 65.58 (9.06) 66.83 (9.88) 67.75 (6.62)
Cost -58.3 (1.63) -98.09 (1.73) -122.25 (1.29) -132.17 (2.01)
Kentuck QALY 82.14 (3.88) 80.48 (2.03) 83.2(3.61) 8541 (11.17)
Y Cost -58.49 (0.87) -65.72 (2.88) -83.24 (0.71) -89.78 (3.55)
Louisiana QALY 105.21 (7.75) 107.34 (8.12) 115.66 (1.4) 123.41 (7.9)
Cost -7.17 (16.27) -21.33(20.12) -37.87 (13.32) -44.18 (30.28)
Maine QALY 4.15 (0.24) 5.24 (0.19) 535 (0.61) 5.43(0.4)
Cost -58.55 (1.84) -104.8 (0.41) -127.74 (1.59) -137.41 (2.77)
Marviand QALY 49.43 (4.69) 50.34 (6.56) 50.99 (4.11) 5141 (3.86)
Y Cost -76.48 (2.54) -124.3 (0.76) -153.23 (1.77) -165.32 (3.24)
QALY 163.55 (3.52) 163.12 (2.5) 166.96 (4.34) 170.33 (2.52)
Massachusetts Cost -97.21 (1.96) -112.26 (3.03) -143.61 (4.82) -156.72 (0.8)
Michisan QALY 125.61 (8.23) 130.95 (4.01) 134.72 (3.93) 137.72 (11.22)
5 Cost -39.25 (12.3) -61.75 (8.53) -81.37 (14.9) -88.77 (10.56)
Minnesofa QALY 0.68 (0.04) 0.76 (0.03) 0.78 (0.04) 0.79 (0.04)
Cost -96.15 (0.9) -131.43 (1.97) -160.94 (3.04) -172.89 (3.62)
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Table D.3 Continued
Policies
State Outcome Current P1 P2 P3
Missission QALY 36.13 (3.23) 36.67 (3.47) 37.55 (2.76) 38.14 (1.01)
pp Cost -9.33 (17.04) 42,83 (2.01) -57.18 (12.63) -63.36 (11.94)
Missouri QALY 18.64 (1.14) 18.99 (1.61) 1932 (1.12) 19.52 (2.99)
Cost 2766 (3.1) -73.27 (0.95) -94.7 (3.42) -102.63 (2.12)
Montam QALY 402 (2.44) 43.57 (4.15) 44.56 (3.75) 45.12 (2.88)
Cost -12.97 (4.58) -68.33 (3.09) -90.5 (5.26) -99.12 (4.16)
Nebraska QALY 238 (2.11) 28.81 (2.41) 29.75 (0.78) 3033 (1.4)
Cost -8.69 (1.71) -104.31 (1.58) -129.02 (1.74) -138.35 (1.97)
Nevada QALY 64.74 (4.65) 65.74 (5.91) 66.44 (1.08) 66.88 (2.02)
Cost -18.96 (2.59) -60.2 (6.74) -81.42 (6.18) -90.46 (12.19)
) QALY 128.66 (11.56) 131.52 (9.23) 133.09 (5.86) 13429 (10.8)
New Hampsh
ew Hampsture Cost -60.64 (2.51) 9641 (11.8)  -12532(15.96)  -136.15 (12.31)
New Jorse QALY 223.9 (10.15) 212,61 (2.7) 22428 (2.43) 234.26 (6.68)
y Cost 890.68 (157.74)  883.45 (171.14) 874.07 (86.49)  874.47 (142.34)
. QALY 66.39 (4.11) 69.69 (1.39) 71.04 (8.27) 72.11 (2.84)
New Mexico Cost -20.66 (6.52) -35.5 (13.09) -52.4 (5.17) -58.95 (19.35)
New York QALY 179.76 (1.54) 184.74 (4.74) 190.67 (8.49) 196.04 (5.88)
Cost 231.17 (46.35) 218.7 (38.19) 197.86 (26.51) 190.82 (48.66)
) QALY 3431 (1.54) 34.91 (5.26) 3531 (5.73) 35.57 (5.49)
North Carolina Cost -39.14 (3.84) -73.28 (3.97) -92.28 (3.52) -100.11 (1.64)
QALY 0.06 (0.01) 0.06 (0.01) 0.06 (0.01) 0.06 (0)
North Dak
orth Dakota Cost -83.12 (2.27) -125.46 (1.36) -152.1 (2.73) -164.14 (2.86)
Onio QALY 3337 (2.28) 33.61 (2.03) 34.03 (0.58) 3432 (1.95)
Cost -74.59 (1.93) -90.96 (0.89) -111.87 (1.71) -120.73 (0.44)
Oklahom QALY 55.57 (6.71) 56.14 (7.42) 56.89 (5.19) 57.36 (3.05)
Cost -12.44 (9.79) -39.18 (6.61) -57.21 (20.82) -64.43 (4.9)
Oreaon QALY 14.82 (2.89) 14.91 (1.84) 15.04 (1.01) 15.12 (1.75)
g Cost -52.08 (2.21) -75.97 (4.27) -97.91 (4.12) -107.09 (6.58)
DemmevTvania QALY 12452 (721) 128.82 (6.07) 131.14 (9.36) 133.04 (8.72)
Y Cost -60.73 (1.87) -103.07 (5.4) -125.67 (4.39) -132.71 (3.51)
Rhode Ieland QALY 188.04 (11.9) 198.46 (9.19) 201.98 (12.96) 205.02 (8.66)
Cost 347.53 (50.53) 318.08 (43.38) 295.22 (88.05) 286.91 (85.49)
) QALY 48.1 (1.51) 49.5 (1.26) 50.02 (6) 50.38 (4.39)
South Carolina Cost -35.6 (1.21) -84.12 (0.73) -100.57 (1.47) -107.78 (1.41)
QALY 108.67 (9.33) 113.56 (4.95) 115.69 (5.86) 117.22 (7)
South Dakota Cost -16.72 (4.61) -99.19 (0.58) -123.24 (0.96) -133.17 (3.21)
Tonmosses QALY 2134 (2.04) 21.57 (3.37) 21.8 (3.77) 21.94 (2.65)
Cost -44.34 (1.09) -81.65 (0.79) -103.14 (1.69) -113.39 (0.89)
Toxas QALY 2.21 (0.08) 2.24 (0.39) 23 (0.41) 234 (0.15)
Cost -34.43 (0.47) -75.18 (0.66) -94.35 (0.9) -102.27 (2.37)
Ui QALY 0.13 (0) 0.15 (0.01) 0.16 (0.01) 0.17 (0.02)
Cost -64.35 (0.7) 92,51 (0.18) -112.77 (1.08) -120.83 (1)
Vermont QALY 98.43 (2.98) 97.21 (7.03) 98.96 (4.19) 100.26 (10.63)
Cost -84.85 (1.2) -86.99 (8.25) -114.97 (6.19) -125.98 (1.54)
Virainia QALY 99.69 (4.25) 99.73 (4.17) 102.34 (4.96) 104.28 (10.43)
g Cost 195.92 (80.73) 176.21 (12.42) 149.1 (14.38) 137.9 (83.68)
. QALY 31.08 (3.01) 3134 (4.82) 3151 (1) 31.63 (1.71)
Washington Cost -95.42 (0.33) -120.34 (1.66) -145.58 (0.91) -155.56 (2.66)
. QALY 47.92 (5.51) 48.12 (6.65) 48.42 (6.43) 48.63 (1.25)
West Virginia Cost 220,61 (7.48) 38.81 (7.71) -54.24 (1.5) -60.11 (7.09)
Wisconsin QALY 6.25 (0.48) 6.3 (0.18) 6.4 (0.37) 6.46 (0.93)
Cost -68.2 (0.98) -92.17 (2.15) -115.24 (2.69) -124.07 (1.3)
Weomin QALY 23.12 (2.74) 23.19 (3.62) 23.33 (0.85) 23.43 (1.72)
yormng Cost -81.51 (0.83) -117.6 (0.43) -143.74 (0.32) -155.09 (1.64)
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D.4. Cost-effectiveness probability
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Figure D.1 (Color online) Cost-effectiveness probability of potential policies compared to the current policies
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APPENDIX E. Robustness Checks

E.1. qol scores. For the case where qol scores are lower than those in Equation (EC.1), we have:

1.0,
z €[0.75,0.85],
x €[0.65,0.75],
x € [0.55,0.65],
x € [0.45,0.55],
q; = « €[0.25,0.35],
x €[0.05,0.15],
z €[0.65,0.75],
z €[0.55,0.65],
x €[0.45,0.55],

0.0,

if 2 € {1,11} Compartment(s):

if i =2
if i=3
ifi=4
ifi=5
ifi=6
ifi="7
if i=8
ifi=9
if 1 =10
if i =12

Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):

susceptible, recovered,

exposed/presymptomatic,

infected asymptomatic,

infected symptomatic,

infected hospitalized (common bed),

infected hospitalized (ICU bed),

infected hospitalized (ICU bed & ventilator),

carrier post discharge (was hospitalized common bed),
carrier post discharge (was hospitalized ICU bed),
carrier post discharge (was hospitalized ICU bed & ventilator),
dead.

Furthermore, for the case where qol scores are higher than those in Equation (EC.1), we have:

1.0,
x €[0.95,1.0],
z € [0.85,0.95],
z €[0.75,0.85],
z €[0.65,0.75],
q; = { = €[0.45,0.55],
x € [0.25,0.35]
x € [0.85,0.95],
x € [0.75,0.85],
x €[0.65,0.75],

)

0.0,

if i € {1,11} Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):
Compartment(s):

ifi=2
ifi=3
ifi=4
ifi=5
ifi=6
ifi=17
ifi=8
ifi=9
if 1 =10
if i =12

Table E.1 shows the results.

susceptible, recovered,

exposed/presymptomatic,

infected asymptomatic,

infected symptomatic,

infected hospitalized (common bed),

infected hospitalized (ICU bed),

infected hospitalized (ICU bed & ventilator),

carrier post discharge (was hospitalized common bed),
carrier post discharge (was hospitalized ICU bed),
carrier post discharge (was hospitalized ICU bed & ventilator),
dead.

E.2. Proportion of population with lost income. We consider two alternative scenarios:

(p1(t), p2(t), p3(t), p4(t)) =

(p1(8), p2(t), p3(t), pa(t)) =

(50%, 25%, 15%, 10%) ,
(65%, 20%, 10%, 5%) ,
(80%, 10%, 4%, 8%) ,
(50%, 25%, 15%, 10%) ,
(65%,20%, 10%, 5%) ,
(50%, 25%, 15%, 10%) ,

(30%, 30%, 20%, 20%) ,
(45%, 25%, 15%, 15%) ,
(60%,20%, 10%, 10%) ,
(30%, 30%, 20%, 20%) ,
(45%, 25%, 15%, 15%) ,
(30%, 30%, 20%, 20%) ,

Dif 1<t <61,
Cif 62 <t < 92,
under Policy 1: if 93 <t <122,

under Policy 1
1
1
under Policy 2: if 1 <t <92,
2
3

under Policy

L if 93 < ¢ < 122,
Dif 1<t <122,

under Policy
under Policy

Cif 1< ¢ <61,
if 62 <t < 92,
under Policy 1: if 93 <t <122,

under Policy 1
1
1
under Policy 2: if 1 <t <92,
2
3

under Policy

Dif 93 <t <122,
Dif 1<t <122,

under Policy
under Policy

(EC.3)

(EC.4)

(EC.5)

(EC.6)

Compared to the baseline scenario in Equation (EC.2), Equation (EC.5) increases the ratio of population
who lost less than 50% of their income, while Equation (EC.6) does the reverse. Also, it should be noted
that, in all of our simulations, we consider a £10% variation based on the corresponding values for p;’s.
Table E.2 shows the results.

E.3. Projected infections. Table E.3 shows the results.

E.4. Population risk perception. Table E.4 shows the results.

E.5. Proportion Losing Income. Table E.5 shows the results.

E.6. Proportion quarantining. Table E.6 shows the results.

E.7. Capacity level of hospital resources. Table E.7 shows the results.
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Table E.2
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Table E.3
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Robustness check

Table E.5

QALY gained (1,000 years) and extra cost ($ million)
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Table E.6
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