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Abstract

We analyze how hospital capacity affects health and economic outcomes during a pan-
demic using a macro-SIR model featuring a lockdown policy rule. The rule instructs
the government to implement a lockdown when the number of ICU patients exceeds
a trigger threshold—motivated broadly by a hospital capacity constraint—and to lift
the lockdown when it falls below a lifting threshold. When vaccines are not available,
we find that the government can reduce both COVID-19 deaths and economic loss by
raising the trigger threshold in some situations. When the vaccine rollout is expected
to begin in the near future, we find that the government can reduce both COVID-19
deaths and economic loss by lowering the trigger threshold.
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1 Introduction
During the COVID-19 pandemic, governments often imposed a lockdown to contain the
spread of infection. Lockdowns are often imposed for the purpose of preventing the number
of severely-ill patients from exceeding the hospital capacity allocated to the disease. The
government can adjust the hospital capacity allocated to the disease over the course of a
pandemic by allocating hospital resources differently or by affecting the incentives of hospitals
to accept COVID-19 patients. Such an adjustment in hospital capacity can affect health and
economic outcomes during a pandemic by affecting the timing and duration of lockdowns.

We analyze how adjusting hospital capacity affects health and economic outcomes in a
macro-SIR model with a lockdown policy rule. The policy rule instructs the government
to implement a lockdown when the number of ICU patients exceeds a certain threshold—a
trigger threshold—and to lift the lockdown when the number of ICU patients falls below
a certain threshold—a lifting threshold. The trigger threshold is specified in terms of the
number of ICU patients but is motivated more broadly by the constraints on hospital or
medical capacity in general. Our main exercise is to analyze how the adjustment of the
trigger threshold affects health and economic outcomes under various scenarios regarding
vaccine rollout.

We consider the following four vaccine scenarios. In the first scenario, we assume that
there is no vaccine available throughout the pandemic. In the second scenario, the vaccine
rollout begins 10 weeks from the start of the pandemic. In the third scenario, the vaccine
rollout begins 2 years from the start of the pandemic. In the fourth, final scenario, we
assume that the vaccine rollout has ended, but that sufficiently many susceptible individuals
are still left, and herd immunity has not been achieved. We call the first two scenarios the
main scenarios and the last two scenarios the additional scenarios. We characterize the last
two scenarios as “additional” because the results of the last two scenarios can be interpreted
as a variation or a combination of the first two scenarios.

In the first main scenario without vaccines, we find that the government can reduce both
COVID-19 deaths and economic loss by raising the trigger threshold in some situations.
In this scenario, cumulative deaths decline non-monotonically as the trigger threshold is
lowered, whereas average GDP loss increases almost monotonically. As a result, an increase
in the trigger threshold can reduce both cumulative deaths and average GDP loss within a
certain range. By contrast, in the second main scenario with an imminent vaccine rollout, we
find that the government can reduce both COVID-19 deaths and economic loss by lowering
the trigger threshold in some situations. In this scenario, the average GDP loss increases
non-monotonically as the trigger threshold is lowered, whereas cumulative deaths decline
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monotonically. As a result, lowering the trigger threshold can reduce both cumulative deaths
and average GDP loss within a certain range.

In the first additional scenario in which the vaccine rollout starts two years from the begin-
ning of the simulation, we find that the government can reduce both COVID-19 deaths and
economic loss by raising the trigger threshold in some situations and by lowering the trigger
threshold in other situations. This scenario can be interpreted as combining the mechanisms
highlighted in the two main scenarios. As a result, two types of non-monotonicity respon-
sible for creating the possibility of Pareto improvement both exist in this first additional
scenario. On the other hand, the second additional scenario—one after vaccine rollout—is
qualitatively the same as the first main scenario with no vaccine rollout. As a result, in the
second additional scenario, the government can reduce both COVID-19 deaths and economic
loss by raising the trigger threshold in some situations.

Our paper is related to the literature that analyzes optimal lockdown policies using
macro-SIR models. Some authors analyze optimal lockdown policy in reduced-form macro-
SIR models that abstract from explicit microfoundations. See, for example, Acemoglu et al.
(2021), Alvarez et al. (2021), Aspri et al. (2021), Calvia et al. (2024), Hritonenko and
Yatsenko (2024), and Prieur et al. (2024), among others. Other authors study optimal
lockdown policy in micro-founded macro-SIR models. See, for example, Eichenbaum et al.
(2021), Fajgelbaum et al. (2021), Farboodi et al. (2021), Glover et al. (2022), Goenka et al.
(2024), Jones et al. (2021), among many others. Within this optimal-policy literature, some
authors incorporate hospital or ICU capacity constraints in their analysis, either directly
as a hard constraint (Acemoglu et al. (2021), Loertscher and Muir (2021), and Miclo et al.
(2022)) or indirectly by specifying the fatality rate that increases with the number of infected
or ICU individuals (Casares et al. (2025), Caulkins et al. (2021), Garriga et al. (2022), and
Ma et al. (2022)). We differ from all of these papers because we analyze lockdown policy
rules—instead of the optimal policy. When the policy is chosen optimally, imposing a hospital
capacity constraint is typically welfare-reducing. However, with lockdown policy rules, we
find situations where imposing a hospital capacity constraint can improve both health and
economic outcomes, thus enhancing welfare.

Our paper is closely related to a set of papers analyzing how lockdown policy rules affect
health and economic outcomes in macro-SIR models.1 Bar-On et al. (2023) study a time-
based cyclic rule that alternates between opening and lockdown according to a predetermined
calendar. Fukao and Shioji (2022) analyze a health-economy tradeoff in a macro-SIR model

1Some papers analyze lockdown policy rules using pure epidemiological models without economic consid-
erations. See, for example, Davies et al. (2020), Della Rossa et al. (2020), Kissler et al. (2020), and Yang
et al. (2021), among many others.
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featuring a policy rule in which lockdown intensity increases with the number of infected
individuals. Kubota (2021) analyzes health-economy tradeoffs in a macro-SIR model featur-
ing an ICU targeting policy rule that keeps the number of ICU patients roughly constant.
We differ from these three papers because we focus on ICU-triggered lockdown rules with
trigger and lifting thresholds.

Our paper complements Fujii and Nakata (2021). Fujii and Nakata (2021) assume a
trigger-based lockdown policy rule in a macro-SIR model similar to ours. They analyze how
the lifting—instead of trigger—threshold affects health and economic outcomes and find that
lowering the lifting threshold can improve both health and economic outcomes when vaccine
rollout is expected to begin in the near future. We differ from Fujii and Nakata (2021)
because we analyze the implications of adjusting the trigger threshold and consider various
assumptions regarding the timing of vaccine rollout.

Some authors have analyzed the effects of lockdown policies on health and economic
outcomes by specifying an exogenous path of lockdown intensities, as opposed to assuming
the optimal policy or a policy rule. Examples include Ascari et al. (2023), Baqaee et al.
(2020), Fu et al. (2020), Hosono (2021), and Kubota (2021), among others. The assumption
of an exogenous path is particularly useful for policy analyses using empirically realistic
macro-SIR models. We complement these studies by analyzing health-economy tradeoffs
using a lockdown policy rule.

This paper is organized as follows. Section 2 presents the model, the vaccine rollout
assumptions, and the parameterization. Section 3 presents the simulation results in the
absence of vaccine rollout. Section 4 presents the simulation results under the impending
vaccine rollout. Section 5 presents the simulation results under additional vaccine rollouts.
Section 6 concludes.

2 Model

2.1 SIR Model

Following Acemoglu et al. (2021) and Alvarez et al. (2021), we use a reduced-form macro-
SIR model for our analysis. The model is formulated in discrete time, where each period
corresponds to one week. The following equations describe the dynamics of the model’s
epidemic part:

St+1 − St = −NS
t − St

(St +Rt)
VtPop, (1)
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It+1 − It = NS
t − γIt − δIt, (2)

Rt+1 −Rt = γIt −
Rt

(St +Rt)
VtPop, (3)

Xt+1 −Xt = −NX
t +

St

(St +Rt)
VtPop, (4)

Yt+1 − Yt = NX
t − γYt − (1− e)δYt, (5)

Zt+1 − Zt = γYt +
Rt

(St +Rt)
VtPop, (6)

Dt+1 −Dt = δIt + (1− e)δYt, (7)

St + It +Rt +Xt + Yt + Zt +Dt = Pop. (8)

St, It, Rt, and Dt denote the numbers of unvaccinated susceptible, infected, recovered indi-
viduals, and cumulative deaths at week t, respectively. Xt, Yt, and Zt denote the number
of vaccinated susceptible, infected, and recovered individuals, respectively. Vt denotes the
proportion of newly vaccinated individuals to the population at week t. The parameter e

denotes the effectiveness of vaccination in reducing infection, ICU, and mortality rates. NS
t

and NX
t denote new infections among unvaccinated and vaccinated susceptible individuals,

respectively. Parameters γ, ϕ, and δ denote recovery, ICU, and mortality rates, respectively.
We assume that vaccination targets individuals who are unvaccinated and not currently

infected and does not distinguish between susceptible and recovered individuals. In each
week t, the government vaccinates VtPop individuals drawn from St + Rt in proportion to
their population shares: a fraction St/(St + Rt) comes from St and the remaining fraction
Rt/(St + Rt) comes from Rt. Newly vaccinated individuals drawn from St move to Xt+1,
while those drawn from Rt move to Zt+1.

NS
t = β (1− hαt)

2 (It + Yt)
St

Pop , (9)

NX
t = (1− e)β (1− hαt)

2 (It + Yt)
Xt

Pop , (10)

Newly infected cases from St (NS
t ) are determined by the matching between St and aggregate

current infections (It + Yt) (as shown in equation (9)). Newly infected cases from Xt (NX
t )

are determined by the matching between Xt and aggregate current infections (It + Yt),
adjusted for vaccine efficacy e (as shown in equation (10)). The term β (1− hαt)

2 describes
the mitigated transmission rate, which captures the relationship between the COVID-19
transmission and economic activities. The parameter β is the unmitigated transmission rate.
The variable αt denotes lockdown intensity—the degree of reduction in economic activities.
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The parameter h represents the elasticity of the transmission rate to lockdown intensity.
When a lockdown is in place, fewer new infections occur.

ICUS
t+1 − ICUS

t = ϕNS
t − γICUS

t − δICUS
t , (11)

ICUX
t+1 − ICUX

t = (1− e)ϕNX
t − γICUX

t − (1− e)δICUX
t , (12)

ICUt = ICUS
t + ICUX

t . (13)

ICUS
t and ICUX

t represent the numbers of unvaccinated and vaccinated ICU patients, re-
spectively. Without loss of generality, we assume that the new ICU patients are a proportion
of new infections. New ICU admissions among vaccinated individuals are scaled down by
vaccine efficacy. ICUS

t is a subset of It while ICUX
t is a subset of Yt. ICUt denotes the

aggregate ICU patients. Pop represents the entire population.

2.2 Lockdown Policy Rule and Output

We assume that the government chooses lockdown intensity at each period according to the
following policy rule. When the number of ICU patients exceeds ICU (the trigger threshold),
the government imposes a lockdown of intensity c > 0. When the number of ICU patients
falls below ICU (the lifting threshold), the government lifts the lockdown. We interpret
ICU as the effective ICU capacity allocated to COVID-19.

The lockdown intensity αt under this lockdown policy rule is given by

αt =


c, ICUt ≥ ICU,

0, ICUt < ICU,

αt−1, Otherwise.

(14)

and the lockdown intensity at time one is zero (α1 = 0).
The focus of our paper is how the choice of the trigger threshold—ICU—affects epidemic

and economic dynamics, paying particular attention to how the effects depend on the vaccine
rollout. See Fujii and Nakata (2021) for the analysis of ICU under a specific scenario
regarding vaccine rollout.

We assume that the output (GDP) per capita of the economy yt is given by:

yt = (1− αt)
(St +Xt + χ(It + Yt) + Rt + Zt)

Pop , (15)

where χ is the productivity of the infected population. The output loss is determined by
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lockdown intensity, lockdown duration, decline in productivity of the infected population,
and cumulative deaths.

Average GDP loss is given by:
1

T

T∑
t=1

(1− yt), (16)

where T is the simulation horizon. We normalize GDP per capita before the pandemic to 1.

2.3 Parameterization

We parameterize the macro-SIR model at a weekly frequency. We set the recovery rate (γ)
to 7/12, implying an average infectious period of 12 days, consistent with Kamo et al. (2022).
We set the ICU hospitalization rate (ϕ) to 0.004 as in Zardini et al. (2021). We also set
the mortality rate (δ) to 0.002 so that the implied infection fatality risk δ/(γ + δ) (based
on γ = 7/12) matches the population-averaged infection fatality risk reported by Zhang and
Nishiura (2023). We set vaccine efficacy (e) to 0.7, consistent with estimates that a first dose
of mRNA vaccines reduces infection by about 70% and severe outcomes (hospital demand
or death) by about 70% in a large population-based study Chung et al. (2021). We set the
unmitigated transmission rate (β) to 0.89, following the basic reproductive number (1.5) in
Pindyck (2020). We set lockdown intensity (c) to 0.3, approximating the annualized 27.8%
reduction in Japan’s real GDP in 2020Q2 in Morita and Ono (2024). We set the elasticity
of the transmission rate to lockdown intensity (h) to 1.5, which is consistent with that in
Fujii and Nakata (2021). We set the productivity of the infected population (χ) to 0.8 as in
Eichenbaum et al. (2021). We set the population (Pop) to 13,960,000, roughly matching the
population of Tokyo.

Table 1: Parameters

Parameter Description Value Reference

γ Recovery rate 7
12 Kamo et al. (2022)

ϕ ICU hospitalization rate 0.004 Zardini et al. (2021)
δ Mortality rate 0.002 Zhang and Nishiura (2023)
e Vaccine efficacy 0.7 Chung et al. (2021)
β Unmitigated transmission rate [0.89, 1.78] Pindyck (2020)
c Lockdown intensity 0.3 Morita and Ono (2024)
h Elasticity of the transmission rate to lockdown intensity 1.5 Fujii and Nakata (2021)
χ Productivity of the infected population 0.8 Eichenbaum et al. (2021)

Pop Population in Tokyo 13,960,000 Tokyo Government1

1 https://www.koho.metro.tokyo.lg.jp/2021/02/index.html.
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Table 2: Initial Condition for Four Scenarios

Variable Main Scenario 1 Main Scenario 2 Additional Scenario 1 Additional Scenario 2

S1 Pop − I1 −R1 −D1 Pop − I1 −R1 −D1 Pop − I1 −R1 −D1 0.3 ∗ (Pop − I1 −R1 −D1)
I1 10,000 10,000 10,000 3,000
R1 0 0 0 0
D1 0 0 0 0

ICUS
1 0 0 0 0

X1 0 0 0 0.7 ∗ (Pop − I1 −R1 −D1)
Y1 0 0 0 7,000
Z1 0 0 0 0

ICUX
1 0 0 0 0

Note: There is no vaccine rollout in the first main scenario; Vaccine rollout begins 10 weeks after the initial week in the second
main scenario; Vaccine rollout begins 2 years after the initial week in the first additional scenario; Vaccine rollout begins before
the initial week in the second additional scenario. All quantities are measured in persons.

2.4 Vaccine Rollout Scenarios

We simulate the model across four scenarios: two main scenarios and two additional sce-
narios. The simulation horizon (T ) is 520 weeks (10 years). The lifting threshold (ICU) is
set to 30 across all scenarios. Table 2 shows that initial conditions are the same across all
scenarios except for the second additional scenario.

In the first main scenario, we assume no vaccine rollout. We vary the trigger threshold
for lockdown from 100 to 4,000 in increments of 1. The initial unvaccinated group and deaths
{S1, I1, R1, ICUS

1 , D1} are set to {Pop− I1 −R1 −D1, 10000, 0, 0, 0}. The initial vaccinated
group {X1, Y1, Z1, ICUX

1 } is set to {0, 0, 0, 0}.
In the second main scenario, we assume that the vaccine rollout begins 10 weeks after

the initial week.2 To simplify the analysis, and without loss of generality, we assume that
vaccine rollout is completed in one week. We assume that 70% of the population will be
vaccinated.3 We adjust the trigger threshold of lockdown from 40 to 1,000 in increments of
1. The initial conditions in this scenario are the same as those in the first main scenario.

In the first additional scenario, we assume that vaccine rollout begins 104 weeks (two
years) after the initial week. Without loss of generality, we again assume that the vaccine
rollout will be completed in one week. We assume that 70% of the population will be
vaccinated, as in the second main scenario. We adjust the trigger threshold of lockdown
from 100 to 4,000 in increments of 1. The initial conditions in this scenario are the same as
those in the first main scenario.

In the second additional scenario, we assume that vaccine rollout begins before the ini-
2The exact rollout date is not essential; what matters is that vaccination begins in the near future. The

main takeaways from the analysis are robust to alternative rollout dates, such as 20, 30, 40 weeks, etc.
3Allowing vaccination to proceed gradually at a constant rate over multiple weeks does not alter the key

takeaways from the analysis.
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tial week, and 70% of the population has been vaccinated. In this scenario, we set β to
1.78, corresponding to a basic reproductive number of 3. If we set β to 0.89, as in the
other scenarios, there would be no additional infection wave after vaccine rollout. However,
in reality, many countries experienced further infection waves even after vaccines were dis-
tributed to most citizens. Increasing the base transmission rate in this scenario allows us to
capture such situations. We adjust the trigger threshold of lockdown from 100 to 2,500 in
increments of 1. Initial unvaccinated susceptible and infected individuals {S1, I1} are set to
{0.3 ∗ (Pop− I1−R1−D1), 3000} and initial vaccinated susceptible and infected individuals
{X1, Y1} are set to {0.7∗ (Pop− I1−R1−D1), 7000}, while initial conditions of other groups
are the same as in previous scenarios.

3 Results: Main Scenario 1

Figure 1: Model Dynamics in the No-Vaccine Scenario
Notes: The solid black, blue, red, and green lines represent the dynamics under trigger thresholds of 3,900, 3,600, 1,700, and
1,000 ICU patients, respectively.

Figure 1 shows the epidemic dynamics in the first main scenario—a scenario without a
vaccine. Four lines in each panel correspond to four trigger thresholds. When the trigger
threshold is set at 3,900 ICU patients (black lines), the number of ICU patients never exceeds
the threshold, and no lockdowns are imposed. In this case, there is a single infection wave.
When the threshold is lower, the number of ICU patients exceeds the threshold at some point
and triggers a lockdown. When the threshold is 3,600 (blue lines) and 1,700 (red lines), there
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is a single lockdown with two infection waves. When the threshold is further lowered to 1,000
(green lines), we observe two lockdowns and three infection waves. In general, a lower trigger
threshold can lead to more frequent lockdowns and thus greater economic loss.

Figure 2: Cumulative Deaths and Average GDP Loss in the No-Vaccine Scenario
Notes: This figure shows pairs of cumulative deaths and average GDP loss associated with various trigger thresholds in the
no-vaccine scenario. The black, blue, red, and green dots represent the trigger thresholds of 3,900, 3,600, 1,700, and 1,000 ICU
patients, respectively. The simulation horizon is 520 weeks.

Figure 2 shows pairs of cumulative deaths and average GDP loss associated with various
trigger thresholds in this scenario. Each cross corresponds to the outcomes associated with
a particular trigger threshold. Four colored dots in Figure 2 correspond to four lines of the
same color in Figure 1. The cloud of crosses indicates that there is a global tradeoff—that
is, a tradeoff over the full range of thresholds—between cumulative deaths and average GDP
loss—thresholds associated with fewer deaths tend to be associated with larger average GDP
losses. However, locally—that is, within a narrower range of thresholds—we observe that
some thresholds (e.g., 3,600, the blue dot) lead to both lower cumulative deaths and smaller
average GDP loss than others (e.g., 1,000, the green dot). That is, within some local ranges,
the government can reduce both cumulative deaths and average GDP loss at the same time
by raising the trigger threshold.

The possibility of such Pareto improvement arises because cumulative deaths decline
non-monotonically as the threshold is lowered, whereas average GDP loss increases almost
monotonically. These patterns can be seen clearly in Figure 3, which shows how the trigger
threshold affects cumulative deaths and average GDP loss separately. According to Figure
3a, as the government lowers the trigger threshold, cumulative deaths decline, but non-
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(a) Cumulative Deaths (b) Average GDP Loss

Figure 3: The Effects of Adjusting the Trigger Threshold in the No-Vaccine Scenario
Notes: This figure shows the relationship between trigger thresholds and two outcomes in the no-vaccine scenario. In Panel (a),
the black line shows how cumulative deaths vary with the trigger threshold. In Panel (b), the black line shows how the average
GDP loss varies with the trigger threshold. The black, blue, red, and green dots represent the trigger thresholds of 3,900, 3,600,
1,700, and 1,000 ICU patients, respectively. The simulation horizon is 520 weeks.

monotonically. On the other hand, according to Figure 3b, as the government lowers the
trigger threshold, the average GDP loss increases almost monotonically. These patterns im-
ply that, within specific ranges, a higher trigger threshold can result in both lower cumulative
deaths and smaller average GDP loss than a lower one.

Phase diagrams in Figures 4a and 4b help us understand why the cumulative number
of deaths changes with the trigger threshold in a non-monotonic way. Figure 4a shows
the phase diagram for four different trigger thresholds associated with different numbers of
lockdowns. When the trigger threshold is sufficiently high (e.g., 3,900, the black dot), there
is no lockdown. As the trigger threshold is lowered, lockdowns become more frequent. More
frequent lockdowns are associated with a larger terminal value of S—that is S closer to the
herd immunity threshold—which in turn implies lower cumulative deaths, as pointed out
by Moll (2020). That is, a lower trigger threshold is associated with fewer deaths when it
induces a larger number of lockdowns.

On the other hand, conditional on the number of lockdowns remaining constant, a lower
trigger threshold is associated with a higher cumulative death toll. This relationship can
be seen in Figure 4b, which shows the phase diagram for four different trigger thresholds
associated with a single lockdown. According to the figure, as the trigger threshold is lowered,
the final S declines. The smaller final S means that more people have been infected—and
thus more people have died—before the pandemic ends.

To summarize, lowering the trigger threshold reduces the cumulative deaths globally.
However, conditional on the number of lockdowns remaining unchanged, lowering the trig-
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(a) ICU = [800, 1000, 1700, 3900] (b) ICU = [1700, 2200, 2800, 3600]

Figure 4: Phase Diagrams in the No-Vaccine Scenario
Notes: These two phase diagrams show the relationship between S and I, indicating how the final S is associated with a trigger
threshold. Panel (a) shows the phase diagram for four trigger thresholds associated with different numbers of lockdowns. The
black, blue, red, and green lines represent the trigger thresholds of 3,900, 1,700, 1,000, and 800 ICU patients, respectively. Panel
(b) shows the phase diagram for four trigger thresholds associated with a single lockdown. The blue, red, green, and purple
lines represent the trigger thresholds of 3,600, 2,800, 2,200, and 1,700 ICU patients, respectively. The simulation horizon is 520
weeks.

ger threshold can increase the cumulative deaths locally, leading to the non-monotonicity
observed in Figure 3a. This non-monotonicity in turn creates the possibility of Pareto im-
provement in health and economic outcomes.

4 Results: Main Scenario 2
Figure 5 shows the epidemic dynamics in the second main scenario, in which vaccine rollout
begins 10 weeks after the initial week. Four lines in each panel show the dynamics under
four alternative trigger thresholds. When the trigger threshold is set at 800 ICU patients
(black lines), the number of ICU patients never exceeds the threshold. In this case, no
lockdowns are imposed, and there is a single infection wave. As the threshold is lowered
to 200 (blue lines) and 100 (red lines), the number of ICU patients exceeds the threshold,
triggering a lockdown. We observe two infection waves in this case. When the threshold is
further lowered to 50 (green lines), it triggers three lockdowns, and there are four infection
waves. As in the previous section, a lower trigger threshold can also lead to more frequent
lockdowns.
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Figure 5: Model Dynamics in the Impending-Vaccine Scenario
Notes: The solid black, blue, red, and green lines represent the dynamics under trigger thresholds of 800, 200, 100, and 50
ICU patients, respectively. The vaccine rollout begins 10 weeks after the initial week, as shown in the bottom-left panel. The
vertical, dashed black line represents the time of vaccine rollout.

Figure 6 shows pairs of cumulative deaths and average GDP loss associated with various
trigger thresholds in this scenario. Each cross represents the outcomes associated with a
particular trigger threshold. Four colored dots in Figure 6 correspond to four lines of the
same color in Figure 5. Across the set of crosses, we again observe a global tradeoff between
cumulative deaths and average GDP loss—thresholds associated with fewer deaths tend
to be associated with larger average GDP losses. However, locally, we observe that some
thresholds (e.g., 100, the red diamond marker) lead to lower cumulative deaths and smaller
average GDP loss than others (e.g., 200, the blue diamond marker). That is, within some
local ranges, the government can reduce both cumulative deaths and average GDP loss at
the same time by lowering the trigger threshold.
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Figure 6: Cumulative Deaths and Average GDP Loss in the Impending-Vaccine Scenario
Notes: This figure shows pairs of cumulative deaths and average GDP loss associated with various trigger thresholds in the
impending-vaccine scenario. The black, blue, red, and green diamond markers represent the trigger thresholds of 800, 200, 100,
and 50 ICU patients, respectively. The simulation horizon is 520 weeks.

The possibility of such Pareto improvement arises because the average GDP loss increases
non-monotonically as the threshold is lowered, whereas cumulative deaths decline monoton-
ically. These patterns can be seen in Figure 7, which shows how the trigger threshold affects
cumulative deaths and average GDP loss separately. According to Figure 7a, as the govern-
ment lowers the trigger threshold, cumulative deaths decline monotonically. On the other
hand, according to Figure 7b, as the government lowers the trigger threshold, the average
GDP loss increases, but non-monotonically. These patterns imply that, over certain ranges,
a lower trigger threshold (e.g., 100, the red diamond marker) can result in lower cumulative
deaths and smaller average GDP loss simultaneously than a higher one (e.g., 200, the blue
diamond marker).

Figures 8a and 8b help us understand why the average GDP loss changes with the trigger
threshold in a non-monotonic way. Both panels show the dynamics of cumulative GDP loss
under a small number of selected trigger thresholds. In Figure 8a, the selected trigger
thresholds correspond to different numbers of lockdowns. In Figure 8b, selected trigger
thresholds are associated with a single lockdown.

According to Figure 8a, when the trigger threshold is sufficiently high (e.g., 800, the black
line), no lockdowns are imposed. As the government lowers the trigger threshold, lockdowns
become more frequent. More frequent lockdowns are associated with a longer aggregate
lockdown duration, which in turn implies greater cumulative GDP loss. On the other hand,
conditional on the number of lockdowns remaining constant, a lower trigger threshold is
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(a) Cumulative Deaths (b) Average GDP Loss

Figure 7: The Effects of Adjusting the Trigger Threshold in the Impending-Vaccine Scenario
Notes: This figure shows the relationship between trigger thresholds and two outcomes in the impending-vaccine scenario. In
Panel (a), the black line shows how cumulative deaths vary with the trigger threshold. In Panel (b), the black line shows how
the average GDP loss varies with the trigger threshold. The black, blue, red, and green diamond markers represent the trigger
thresholds of 800, 200, 100, and 50 ICU patients, respectively. The simulation horizon is 520 weeks.

(a) ICU = [50, 100, 800] (b) ICU = [100, 200]

Figure 8: Dynamics of Cumulative GDP Loss with Alternative Trigger Thresholds
Notes: These two panels show how the dynamics of cumulative GDP loss vary with the trigger threshold. Panel (a) shows the
dynamics for three trigger thresholds associated with different numbers of lockdowns. Panel (b) shows the dynamics for two
trigger thresholds associated with a single lockdown. The black, blue, red, and green lines represent the trigger thresholds of
800, 200, 100, and 50 ICU patients, respectively. The simulation horizon is 520 weeks.
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associated with smaller average GDP loss. According to Figure 8b, as the government lowers
the trigger threshold, the lockdown starts earlier. Because the lockdown starts earlier, the
numbers of infections and ICU patients are lower at the onset of the lockdown. It takes less
time for the number of ICU patients to decline below the lifting threshold, and thus the
lockdown ends earlier, implying a shorter lockdown duration. A shorter lockdown duration
implies a smaller cumulative GDP loss and thus a smaller average GDP loss.4

To summarize, lowering the trigger threshold raises the average GDP loss globally. How-
ever, lowering the trigger threshold can reduce the average GDP loss locally—conditional on
the number of lockdowns remaining unchanged—leading to the non-monotonicity observed
in Figure 7b. This non-monotonicity creates the possibility of Pareto improvement in health
and economic outcomes.

5 Results: Additional Scenarios
To better understand how the ICU capacity constraint affects health and economic outcomes
and how that relationship depends on vaccine assumptions, we consider two additional sce-
narios: (i) vaccine rollout begins in the intermediate future, and (ii) vaccine rollout has
ended by the beginning of the simulation.

5.1 Additional Scenario 1

In this scenario, we assume that the vaccine rollout begins 104 weeks (2 years) after the
beginning of the pandemic. Figure 9 shows pairs of cumulative deaths and average GDP
loss associated with various trigger thresholds in this scenario. Each cross represents the
outcomes associated with a particular trigger threshold. Globally, there is a tradeoff between
cumulative deaths and average GDP loss, as in the two main scenarios. Locally, we observe
that some thresholds result in fewer cumulative deaths and a smaller average GDP loss at
the same time.

We observe that the government can reduce both cumulative deaths and average GDP
loss by raising the trigger threshold in some situations and by lowering the trigger threshold
in other situations. In Figure 9, raising the trigger threshold from 1,000 (the green dot) to
3,400 (the blue dot) reduces both cumulative deaths and average GDP loss; lowering the
trigger threshold from 700 (the blue diamond marker) to 480 (the red diamond marker)
reduces both cumulative deaths and average GDP loss.

4The cumulative GDP loss will not increase after week 50. Therefore, a smaller cumulative GDP loss
implies a smaller average GDP loss.
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Figure 9: Cumulative Deaths and Average GDP Loss under an Intermediate-term Vaccine
Scenario
Notes: The figure shows pairs of cumulative deaths and average GDP loss associated with various trigger thresholds under
the intermediate-term vaccine rollout. The black, blue, red, and green dots represent the outcomes associated with trigger
thresholds of 3,900, 3,400, 1,700, and 1,000 ICU patients. The blue and red diamond markers represent 700 and 480 ICU
patients, respectively. The simulation horizon is 520 weeks.

This result is intuitive because an intermediate-term vaccine rollout combines the two
mechanisms highlighted in the main scenarios. For relatively high trigger thresholds, the
outcomes are qualitatively similar to those in the no-vaccine scenario because herd immunity
is reached before the vaccine rollout; therefore, the vaccine rollout occurs after the epidemic is
largely over and has a limited effect on subsequent infections and thus deaths. For relatively
low trigger thresholds, outcomes are qualitatively similar to those in the impending-vaccine
rollout scenario because herd immunity is reached only after the vaccine rollout; therefore, the
vaccine rollout occurs while the epidemic is still ongoing and has a large effect on subsequent
infections and thus deaths.

5.2 Additional Scenario 2

In this scenario, we consider a post-vaccine-rollout environment. Figure 10 shows pairs of
cumulative deaths and average GDP loss associated with various trigger thresholds in this
scenario. Each cross represents the outcomes associated with a particular trigger threshold.
Across the set of crosses, we observe a global tradeoff between cumulative deaths and average
GDP loss—thresholds associated with lower cumulative deaths tend to be associated with
higher average GDP loss. However, locally, we observe that some thresholds result in fewer
cumulative deaths and smaller average GDP loss simultaneously. For example, a lower
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trigger threshold of 600 (the green dot) is associated with more cumulative deaths and a
higher average GDP loss than a higher trigger threshold of 1,900 (the blue dot).

This result is qualitatively similar to that in the first main scenario (no-vaccine sce-
nario). In both this scenario and the first main scenario, no further vaccine rollout occurs.
The only difference between the two scenarios is the initial level of susceptible population.
Both scenarios feature the two key forces responsible for creating the possibility of Pareto
improvement—a non-monotonic relationship between the trigger threshold and cumulative
deaths and a monotonic relationship between the trigger threshold and average GDP loss—
highlighted earlier in Figure 3a and Figure 3b.

Figure 10: Cumulative Deaths and Average GDP Loss in the Post-Vaccine Scenario
Notes: This figure shows pairs of cumulative deaths and average GDP loss associated with various trigger thresholds in the
post-vaccine-rollout scenario. The black, blue, red, and green dots represent the trigger thresholds of 2,300, 1,900, 900, and 600
ICU patients, respectively. The simulation horizon is 520 weeks.

6 Conclusion
We have analyzed how the choice of hospital capacity constraint affects health and economic
outcomes during a pandemic using a macro-SIR model featuring a lockdown policy rule.
We find that the government can reduce both COVID-19 deaths and economic loss by (i)
raising the lockdown trigger threshold in the absence of vaccine rollout, and (ii) lowering the
lockdown trigger threshold when vaccine rollout is imminent. The key mechanism generating
the first result is a non-monotonic relationship between the trigger threshold and cumula-
tive deaths, whereas the key mechanism generating the second result is a non-monotonic
relationship between the trigger threshold and GDP loss.
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During a pandemic, governments must decide how much medical or hospital capacity to
allocate to the infectious disease. Because hospital capacity affects lockdown decisions, it
affects not only infection outcomes but also economic outcomes. Our research highlights the
complex relationship between hospital capacity and the health-economy tradeoff. Further
research would help sharpen our understanding of the role of hospital capacity in managing
health-economic tradeoffs during a pandemic.
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