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ABSTRACT

Introduction: The COVID-19 pandemic is a
global crisis impacting population health and
the economy. We describe a cost-effectiveness
framework for evaluating acute treatments for
hospitalized patients with COVID-19, consid-
ering a broad spectrum of potential treatment
profiles and perspectives within the US health-
care system to ensure incorporation of the most
relevant clinical parameters, given evidence
currently available.
Methods: A lifetime model, with a short-term
acute care decision tree followed by a post-dis-
charge three-state Markov cohort model, was
developed to estimate the impact of a potential
treatment relative to best supportive care (BSC)
for patients hospitalized with COVID-19. The
model included information on costs and
resources across inpatient levels of care, use of
mechanical ventilation, post-discharge mor-
bidity from ventilation, and lifetime healthcare

and societal costs. Published literature informed
clinical and treatment inputs, healthcare
resource use, unit costs, and utilities. The
potential health impacts and cost-effectiveness
outcomes were assessed from US health payer,
societal, and fee-for-service (FFS) payment
model perspectives.
Results: Viewing results in aggregate, treat-
ments that conferred at least a mortality benefit
were likely to be cost-effective, as all determin-
istic and sensitivity analyses results fell far
below willingness-to-pay thresholds using both
a US health payer and FFS payment perspective,
with and without societal costs included. In the
base case, incremental cost-effectiveness ratios
(ICER) ranged from $22,933 from a health payer
perspective using bundled payments to $8028
from a societal perspective using a FFS payment
model. Even with conservative assumptions on
societal impact, inclusion of societal costs con-
sistently produced ICERs 40–60% lower than
ICERs for the payer perspective.
Conclusion: Effective COVID-19 treatments for
hospitalized patients may not only reduce dis-
ease burden but also represent good value for
the health system and society. Though data
limitations remain, this cost-effectiveness
framework expands beyond current models to
include societal costs and post-discharge venti-
lation morbidity effects of potential COVID-19
treatments.
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Key Summary Points

Why carry out this study?

The coronavirus disease 2019 (COVID-19)
pandemic is a global crisis impacting
individual and population health and the
economy more broadly.

As the treatment landscape continues to
evolve, there is a need for a common cost-
effectiveness framework to ensure
adherence to modeling best practices and
incorporation of the most relevant clinical
parameters when assessing the value of
COVID-19 treatments.

We describe a cost-effectiveness
framework for evaluating acute
treatments for hospitalized patients with
COVID-19, considering a broad spectrum
of potential treatment profiles and
perspectives within the US healthcare
system.

What was learned from the study?

Viewing results in aggregate, we find that
treatments that confer at least a mortality
benefit are likely to be cost-effective, as all
deterministic and sensitivity analyses
results fell far below US willingness-to-pay
thresholds from both a US health payer
and societal perspective. Even with
conservative assumptions on societal
impact, we find that the societal
perspective consistently produced ICERs
that were 40–50% lower than ICERs for
the health payer perspective.

Effective COVID-19 treatments for
hospitalized patients may not only reduce
disease burden but also represent good
value for the health system.

We also demonstrate that, despite limited
data available on the long-term impact of
invasive mechanical ventilation and
productivity of COVID-19 patients post-
discharge, it is possible to estimate the
cost-effectiveness of inpatient treatments
for COVID-19 from a societal perspective
using a conservative approach to help
guide future decisions on allocation of
healthcare resources.

DIGITAL FEATURES

This article is published with digital features,
including a summary slide, to facilitate under-
standing of the article. To view digital features
for this article go to https://doi.org/10.6084/
m9.figshare.13712821.

INTRODUCTION

The coronavirus disease 2019 (COVID-19) pan-
demic is a global crisis. As of November 3, 2020,
the United States (USA) has the highest number
of cases and deaths globally, with over 9 million
confirmed cases and more than 231,000 deaths
(70.77 deaths per 100,000) [1]. While informa-
tion on the trajectory and burden of COVID-19
is constantly evolving, it is estimated that 20%
of those infected require hospitalization, and of
the adults hospitalized with COVID-19, 32%
required intensive care unit (ICU) admission
and 19% received invasive mechanical ventila-
tion [2–4]. Data on the long-term burden of
COVID-19 is only just emerging, but existing
research suggests that morbidity and mortality
impacts will extend far past acute hospital stays
[5, 6]. Beyond the healthcare sector, the global
economy is forecast to shrink by 5.2% in 2020,
and the COVID-19 pandemic is estimated to
result in almost $8 trillion in economic losses in
the USA over the next decade [7, 8]. Since
COVID-19 was declared a national emergency,
over 60 million initial unemployment claims
have been filed as of the end of October, and the
federal government has committed $2.4 trillion
to COVID-19 relief bills [9, 10].
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Given the growing health and economic
impact of COVID-19, research into COVID-19
vaccines and treatments is moving at a rapid
pace [11]. Decision-makers will need to quantify
the value of new treatments to best allocate
healthcare resources. Recent discussions on the
value of COVID-19 treatments in the USA
leverage cost-effectiveness analyses (CEA) to
inform relative value and how to best maximize
social welfare through evidence-based pricing
decisions that balance optimizing access and
incentivizing future innovation [12–15]. As the
treatment landscape continues to evolve,
understanding the independent and synergistic
effects of potential COVID-19 treatments can
aid in identifying the most important inputs for
cost-effectiveness modeling and future data
collection from clinical trials [16–18]. For
potential COVID-19 treatments, understanding
the effects on key outcomes (e.g., mortality,
mechanical ventilation, duration of hospital
stay), effects in patient subgroups (e.g., age,
respiratory support required, disease severity,
race/ethnicity), and the magnitude of clinical
benefit will be necessary to best inform treat-
ment and policy decisions [19, 20]. However,
given the various therapies currently in devel-
opment for COVID-19 (e.g., antivirals,
immunomodulators, blood-derived products),

there is a need for a common cost-effectiveness
framework to ensure adherence to modeling
best practices and incorporation of the most
relevant clinical parameters.

Consistent with the themes in this current
debate on the value of treatments during a
pandemic, the Second Panel on Cost-Effective-
ness in Health and Medicine recommended that
assessments of new innovations present both a
health payer and a societal perspective to sup-
port transparent decisions on allocation of
healthcare resources [21, 22]. Despite these
recommendations, recent CEAs of interventions
for COVID-19 have either not incorporated a
societal perspective or have reported a limited
societal perspective based only on limited
assumptions from other diseases [15, 23, 24]. A
lack of peer-reviewed CEAs on COVID-19 inpa-
tient treatments and data gaps in understanding
societal and post-discharge impacts on health
and cost outcomes stand as current barriers to
informing evidence-based decisions on COVID-
19 treatment coverage and, ultimately, patient
access.

The purpose of this study is to describe a
cost-effectiveness framework for evaluating
acute treatments for hospitalized patients with
COVID-19 in the USA, according to current
health economic modeling best practices

Fig. 1 Model structure. Patients in the ‘‘Alive (no
ventilation during inpatient stay)’’ state comprise patients
discharged alive from the ‘‘no oxygen support’’ and the
‘‘oxygen support without ventilation’’ states. Patients in the
‘‘Alive (ventilation during inpatient stay)’’ state represent

patients discharged alive from the ‘‘oxygen support with
ventilation’’ state. Ventilation in the model refers to
invasive mechanical ventilation. BSC = best supportive
care; w/o = without
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Table 1 Utility and efficacy inputs

Parameter Base
case

SE Distribution Lower–upper Reference

Efficacy inputs for treatment arm

Hospital level of acute care

Risk ratio for reduction in patients requiring mechanical

ventilation

0.77 0.046 Log-normal (0.70–0.84) [31]

Hazard ratio for reduction in inpatient mortality for treated (vs BSC) by highest level of acute care received

Patients without oxygen support 1.01 0.201 Log-normal (0.68–1.50) [31, 33]

Patients with oxygen support 0.67 0.093 Log-normal (0.56–0.80)

Patients on mechanical ventilation 0.89 0.081 Log-normal (0.76–1.04)

Ratio of length of stay for BSC (vs treated) by highest level of acute care among recovering patients

Patients without oxygen support 1.13 0.051 Log-normal (1.02–1.25) [31, 33]

Patients with oxygen support 1.24 0.036 Log-normal (1.15–1.33)

Patients on mechanical ventilation 1.23 0.063 Log-normal (1.09–1.39)

Utility inputs

US age-specific utility

18–29 0.920 0.002 Beta (0.92–0.93) [37]

30–39 0.900 0.002 Beta (0.9–0.91)

40–49 0.870 0.002 Beta (0.87–0.88)

50–59 0.840 0.003 Beta (0.84–0.85)

60–69 0.820 0.003 Beta (0.82–0.83)

70–79 0.790 0.004 Beta (0.78–0.8)

C 80 0.740 0.006 Beta (0.72–0.75)

Disutility during the hospitalization, by highest level of acute care received

COVID-19 symptoms 0.270 0.300 Beta (0.00–0.95) [24]

No oxygen support 0.110 0.300 Beta (0.00–1.00)

Oxygen support without ventilation 0.360 0.300 Beta (0.00–0.96)

Mechanical ventilation 0.560 0.300 Beta (0.03–0.99)

Post discharge disutility for patients requiring mechanical ventilation (applied for 5 years)

1 year 0.130 0.013 Beta (0.1–0.15) [6, 38]

2 years 0.067 0.007 Beta (0.05–0.08)

3 years 0.062 0.006 Beta (0.05–0.07)

4 years 0.026 0.000 Beta (0.02–0.03)

5 years 0.024 0.000 Beta (0.02–0.03)
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[25–27]. Considering a broad spectrum of
potential treatment profiles and perspectives
within the US healthcare system—including a
traditional health payer, a societal, and a fee-
for-service (FFS) payment model perspective—
allows for an understanding of cost-effective-
ness under a range of scenarios but also aids in
identifying important variables to help priori-
tize future data generation efforts.

METHODS

Analytic Structure

A cost-effectiveness model was developed in
Microsoft Excel 2016 (Microsoft Corporation,
Redmond, WA, USA) to estimate the impact of a
potential treatment relative to best supportive
care (BSC) for hospitalized patients with
COVID-19. To best represent current knowledge
of the COVID-19 patient experience in the USA,
a lifetime model was used which included a
short-term acute care decision tree followed by
a post-discharge three-state Markov cohort
model with an annual cycle length and half-
cycle correction (Fig. 1). The model structure
was chosen on the basis of a review of available
COVID-19 inpatient treatment models in the
public domain. Slight variation in model struc-
tures was observed given differences in study
objective and data available at the time of
development. However, all identified models

combined an acute care decision tree followed
by a lifetime Markov model to best capture
differing timescales for the initial acute stay and
lifetime aspects of the model [15, 28]. The
chosen model structure also reflected the nature
of the randomized controlled trial (RCT) and
real-world evidence to date, which was limited.
While it is important to note that alternative
model structures may emerge as evidence
evolves on the impact of COVID-19, choices
made around the model structure and input
parameter values in this study were intended to
be conservative with respect to downstream
effects of COVID-19 that could potentially be
avoided with beneficial treatment in the inpa-
tient setting.

All costs and health effects were discounted
at 3% per year [21]. Key effectiveness measures
included total life years and quality-adjusted life
years (QALYs). Costs were expressed in 2020
US dollars (USD), and cost inputs were inflated
using the medical care services component of
the consumer price index [29]. A structured
targeted literature review was conducted to
inform model development and support
parameterization. Published phase III clinical
data was leveraged to inform the clinical profile
of potential COVID-19 treatments and clinical
inputs for BSC [19, 20, 30–33]. Further details of
the literature review and development of the
clinical profiles are specified in the supplemen-
tary material. This article does not contain any

Table 1 continued

Parameter Base
case

SE Distribution Lower–upper Reference

Hazard ratio for post-discharge mortality for ventilated

patients vs general population (applied for 5 years)

1.33 0.13 Log-normal (1.09–1.62) [36]

The risk ratio for reduction in patients requiring mechanical ventilation was applied to the proportion of patients who
received mechanical ventilation later during their stay but were admitted to the non-ventilation states (11.36%) and not to
those who required ventilation at admission (18.59%) (see Table 2). The final estimate of the proportions of patients by
highest level of care received for the treatment arm was as follows: no oxygen support, 19.46%; oxygen support w/o
mechanical ventilation, 53.09%; mechanical ventilation, 27.46%. The detailed calculation of the base case efficacy param-
eters for the treatment arm is shown in Table S5 in the supplementary material
BSC = best supportive care; COVID-19 = coronavirus disease 2019; SE = standard error; US = United States
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new studies with human or animal subjects
performed by any of the authors.

The modeled population consisted of hospi-
talized patients with COVID-19 and an average
age upon admission of 62.5 years, 64.2% of
whom were male [30–32]. All patients entered
the model in the decision tree (acute care) and
the evolution of their inpatient stay was mod-
eled on the basis of the highest level of oxygen
support received during hospitalization
(Table S1 in the supplementary material).
Patients admitted in the non-oxygen support
state or oxygen support without ventilation
state could also go on to receive ventilation
according to the probabilities specified in
Table 2. Specifically, to best represent patients
eligible for inpatient COVID-19 treatments, the
final outcomes (e.g., length of stay [LOS], mor-
tality, utilities) for the acute care model were
based on the highest level of care received, as
observed in clinical trials: hospitalized without
oxygen support, hospitalized with oxygen sup-
port (but without mechanical ventilation), and
hospitalized with mechanical ventilation.

Patients either died during their hospitaliza-
tion or recovered, after which they entered the
long-term Markov model in either alive (no
ventilation during inpatient stay) or alive (ven-
tilation during inpatient stay) states, depending
on whether they progressed to mechanical
ventilation while inpatient. Thereafter, patients
in the alive (no ventilation during inpatient
stay) state were assumed to have an annual
probability of death similar to the general pop-
ulation, based on age and sex-adjusted US all-
cause life tables [34]. Patients discharged from
the hospital after receiving mechanical ventila-
tion (alive [ventilation during inpatient stay]
state) were assumed to have an increased risk of
morbidity and mortality compared to the gen-
eral population. Notable model assumptions
included no explicit estimation of treatment
impact on overall healthcare system capacity,
no inclusion of adverse event-related costs or
disutilities, average age of patients recovered in
the hospital the same as average age at admis-
sion, and no additional costs of drug
administration.

Defining the Treatment Arm

The model assessed cost-effectiveness of a
treatment arm for hospitalized COVID-19
patients versus BSC. The treatment arm was
differentiated from BSC via modified input
parameters affecting (1) the average LOS in the
hospital (i.e., short-term decision tree part of
the model); (2) the likelihood of receiving
mechanical ventilation as the highest level of
care during the hospital stay; and (3) the like-
lihood of death in the hospital. The base case
clinical profile for the treatment arm was
determined by taking the average between drug
efficacy results from the two published clinical
trials reporting 28-day outcomes at the time of
model development, including dexamethasone
(RECOVERY trial) and remdesivir (ACTT-1 trial)
[31, 33] (Table S5 in the supplementary mate-
rial). Although the WHO SOLIDARITY pre-print
was available at the time of model develop-
ment, it lacked detailed information by level of
care at admission for several key variables [32].
The use of the RECOVERY and ACTT-1 trials for
efficacy inputs translated to a treatment arm
with an assumed 23% reduction in the hazard
of progression to mechanical ventilation, a
10–25% increase in speed to recovery, and a
0–33% reduction in hazards of mortality, with
ranges depending on the highest level of care
received during the hospital stay (Table 1). To
explore potential treatments whose benefits
may depart from those observed in clinical trial
populations to date, scenario analyses were
generated in which the LOS and mechanical
ventilation reductions were sequentially
removed from the base case treatment profile.

Clinical Inputs

Clinical inputs, including the distribution of
patients’ highest level of oxygen support
received, LOS by highest level of oxygen sup-
port, proportions recovering by highest level of
oxygen support, and treatment efficacy by
highest level of oxygen support were derived
from published and pre-print clinical trials
available at the time of model development and
are shown in Tables 1 and 2. Results from
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Table 2 Resource use, best supportive care efficacy, and cost inputs

Parameter Base case SE Distribution Lower–upper Reference

Resource use inputs

Distribution of highest level of acute care at admission

No oxygen support 20.06% N =1751 Dirichlet (18.00–22.00%)

Oxygen support but no mechanical

ventilation

61.35% N = 5355 Dirichlet (55.00–67.00%) [31, 33, 55]

Mechanical ventilation 18.59% N = 1623 Dirichlet (17.00–20.00%)

Inpatient characteristics for both arms

Time to death for both arms (days,

all settings)

15.00 1.50 Log-normal (12.34–18.24) Assumption

Mean age of patients discharged alive

from the hospital

62.50 6.25 Normal (50.25–74.75) [31, 33]

Mean age of patients dying within

the hospital

78.00 7.80 Log-normal (64.15–94.84) [35]

Best supportive care efficacy-related inputs

Transition from no oxygen support or oxygen support without mechanical ventilation to mechanical ventilation

Proportion of patients receiving

mechanical ventilation among those

not receiving it at admission

11.36% 1.14% Beta (9.00–14.00%) [33, 55]

Proportion of patients with oxygen

support at admission among those

transitioning to mechanical

ventilation

93.18% 9.32% Beta (66.00–100.00%) [33]

Proportion recovering (surviving) during their inpatient stay by highest level of acute care for best supportive care

No oxygen support 96.02% 9.60% Beta (65.00–100.00%) [31, 33, 35]

Oxygen support but no mechanical

ventilation

84.04% 8.40% Beta (64.00–97.00%) [31, 33, 55]

Mechanical ventilation 73.82% 7.38% Beta (58.00–87.00%) [31, 33, 35]

Length of stay by highest level of acute care for best supportive care among patients recovering (surviving) during their

inpatient stay

No oxygen support 6.00 0.75 Log-normal (4.70–7.66) [33]

Oxygen support but no mechanical

ventilation

12.58 1.88 Log-normal (9.41–16.82) [33]

Mechanical ventilation 28.00 2.80 Log-normal (23.03–34.05) [33]

Cost use inputs

Inpatient costs

Adv Ther (2021) 38:1811–1831 1817



Table 2 continued

Parameter Base case SE Distribution Lower–upper Reference

No oxygen support bundled payment

(DRG 179)

$8767.42 $1315.11 Gamma ($6381.45–11,526.47) [40, 56]

Oxygen support without ventilation

bundled payment (DRG 177/178)

$13,282.61 $1992.39 Gamma ($9667.87–17,462.56) [40, 56]

Mechanical ventilation bundled

payment (DRG 207)

$49,631.85 $7444.78 Gamma ($36,125.00–65,250.65) [40, 56]

No oxygen support per diem $1571.54 $235.73 Gamma ($1143.86–2066.09) [30, 56]

Oxygen support without ventilation

per diem

$1299.02 $194.85 Gamma ($945.50–1707.81) [30, 56]

Mechanical ventilation per diem $2243.39 $336.51 Gamma ($1632.87–2949.37) [30, 56]

Annual healthcare costs by age after discharge

Age group 0–18 $4432.00 $443.20 Gamma ($3563.34–5300.66) [41]

Age group 19–44 $5741.00 $574.10 Gamma ($4615.78–6866.22) [41]

Age group 45–64 $12,073.00 $1207.30 Gamma ($9706.74–14,439.26) [41]

Age group 65–84 $20,071.00 $2007.10 Gamma ($16,137.16–24,004.84) [41]

Age group 85? $38,900.00 $3890.00 Gamma ($31,275.74–46,524.26) [41]

Additional 1 year costs for patients

discharged with mechanical

ventilation

$7858.99 $785.90 Gamma ($6318.66–9399.33) [42]

Productivity losses by age

Age group 15–24 $20,166.00 $2016.60 Gamma ($16,213.54–24,118.46) [45]

Age group 25–34 $64,686.00 $6468.60 Gamma ($52,007.78–77,364.22) [45]

Age group 35–44 $87,023.00 $8702.30 Gamma ($69,966.81–104,079.19) [45]

Age group 45–54 $83,354.00 $8335.40 Gamma ($67,016.92–99,691.08) [45]

Age group 55–64 $67,990.00 $6799.00 Gamma ($54,664.20–81,315.80) [45]

Age group 65–74 $38,504.00 $3850.40 Gamma ($30,957.35–46,050.65) [45]

Age group 75–99 $16,017.00 $1601.70 Gamma ($12,877.73–19,156.27) [45]
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clinical trials for COVID-19 treatments are
stratified by the level of oxygen support
received at admission (i.e., upon admission to
the hospital), with varying amounts of detail
regarding how patients transition to different
levels of care over the course of their stay
[30–33]. We used the results from the RECOV-
ERY and WHO SOLIDARITY trials to estimate
the proportion of patients who receive
mechanical ventilation during their stay among
those not receiving it at admission (Table 2)
[31, 32]. On the basis of results reported from
the ACTT-1 trial, we determined that most
patients who transition to mechanical ventila-
tion after hospital admission (i.e., were not on
mechanical ventilation at admission) were
receiving some level of oxygen support at
admission (93%, Table 2). The risk ratio for the
reduction in the likelihood of a patient receiv-
ing mechanical ventilation in the treatment
arm was applied to the proportion of patients
whose care would have deteriorated to receiving
mechanical ventilation under BSC.

The average age at death among those not
recovering in the hospital was based on data
from the US Centers for Disease Control [35].
LOS among the patients who died was assumed

to be 15 days across all care settings in both
arms. Patients discharged from the hospital
after receiving inpatient mechanical ventilation
were assumed to have increased mortality rela-
tive to the general population at a hazard ratio
of 1.33 in the first 5 years of the Markov model,
based on a matched cohort study by Lone et al.
comparing 5-year mortality among ICU- versus
non-ICU-admitted hospital patients post-dis-
charge (Table 1) [36].

Utilities

Health utilities were based on US age-adjusted
general population utilities derived from Sulli-
van et al. (Table 1) [37]. For the acute care
decision tree, the disutility associated with
COVID-19 symptoms and additional disutility
associated with each level of oxygen support
were based on Padula et al., with disutilities for
hospitalized patients without oxygen support,
with oxygen support, and on mechanical ven-
tilation derived from utility scores correspond-
ing to moderate symptoms, severe symptoms,
and critical care, respectively [24]. In the long-
term Markov model, additional disutility was
applied to patients recovering from the hospital

Table 2 continued

Parameter Base case SE Distribution Lower–upper Reference

Drug costs $2500 – – – Assumption

The final proportion of patients by highest level of acute care in the hospital for the best supportive care (BSC) arm was
calculated by adding patients who required mechanical ventilation later on in their hospital stay to the proportion requiring
mechanical ventilation at baseline (admission) and by subtracting those patients from the no oxygen and oxygen without
ventilation arms, respectively. The final estimate of the proportions of patients by the highest level of acute care for the BSC
arm was as follows: no oxygen support, 19.29%; oxygen support w/o mechanical ventilation, 50.76%; mechanical venti-
lation, 29.95%. Thus, 0.77% of patients who did not have any oxygen support at admission and 10.59% of patients who had
oxygen support but no mechanical ventilation at admission were estimated to receive ventilation later during the stay in the
BSC arm. According to Wortham [35] the average age of patients with COVID-19 who die during the inpatient stay is 78.
Thus, we assumed that among the hospitalized patients, those that died were older (average age 78) and those that were
discharged alive were younger (62.5). In absence of data on the average age of patients discharged alive, we assumed it to be
equal the average age of patients admitted for COVID-19. This approach better captures the productivity losses due to
premature death and provides a more conservative estimate of the productivity losses due to premature death as opposed to
assuming that the average age of patients dying is the same as that of those admitted. For the distribution of highest level of
acute care at admission estimates, the numbers in the SE column are sample sizes which were used in estimation of the
Dirichilet distribution parameters and not absolute standard errors
DRG = diagnosis-related group; SE = standard error; BSC = best spportive care
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after requiring mechanical ventilation in the
first 5 years post-discharge. These disutilities
were based on SF-36 scores from a survey by
Herridge et al. that examined functional dis-
ability over 5 years in survivors of acute respi-
ratory distress syndrome [6]. The scores were
mapped to EQ-5D utilities using the algorithm
defined by Ara and Brazier and shown in Table 1
[38].

Cost Inputs

All direct medical costs and the drug costs are
described in Table 2. Costs for each level of care
received were incorporated into the model
either as bundled payments (a single reim-
bursement amount as per the billing diagnosis-
related group, DRG) or as FFS payments (reim-
bursement based on individual services ren-
dered). Bundled payments were estimated by a
weighted average of costs to commercial payers,
Medicare and Medicaid [39]. A weighted
approach was presented for the base case to
represent a potential US payer, on average, but
detailed results by payer type are also provided
in the supplementary material. The weights
used in the model were based on estimates
obtained from payment of COVID-19 hospital-
izations in the states of New York, Texas, Flor-
ida, and California, which represented the
majority of COVID-19 hospitalizations nation-
ally [39]. Medicare payments were taken from
reimbursement rates released by Centers for
Medicare and Medicaid Services, Medicaid pay-
ments were assumed equal to those for Medi-
care, and commercial payments were estimated
using 2017 cost data (adjusted to 2020 USD)
from the Healthcare Cost and Utilization Pro-
ject (HCUP) [40]. The DRGs used to calculate
the bundled payments costs for each level of
oxygen support are shown in Table 2. In the
absence of data on the exact services rendered
for different levels of care for COVID-19 hospi-
talizations, the FFS per diem costs were derived
by dividing average bundled payments by
average LOS for the corresponding DRGs from
the HCUP data (for commercial patients) or
from published phase 3 trials [30, 40, 41]. The
FFS payment approach was incorporated to

show the cost savings as a result of the reduc-
tion in LOS from a provider or an integrated
delivery network perspective. The detailed cal-
culations for the costs in the acute care setting
for each of the payment approaches is shown in
Table S6 in the supplementary material. The
impact of additional or alternative reimburse-
ment amounts was assessed by varying total
payments in the one-way sensitivity analyses
(OWSA, Table 2).

Drug costs for a single course of treatment
were assumed to be $2500, which approximated
the cost of one bed day in our model. This was
an assumption for the purposes of exploring the
interplay between drug cost and outcomes. In
addition, the economically justifiable price was
assessed. Average annual personal healthcare
spending (average across all US payers) by age
was applied in the Markov model and taken
from national health expenditure data provided
by the Centers for Medicare and Medicaid Ser-
vices [41]. Additional healthcare costs for
patients discharged after receiving mechanical
ventilation inpatient were applied in the first
year post-discharge and based on a longitudinal
study of over 800 acute respiratory distress
syndrome survivors reported by Ruhl et al.
(Table 2) [42].

Societal Costs

Robust published and real-world evidence esti-
mating the impact of COVID-19 treatments on
productivity are not yet available. Further, given
the unprecedented state of the US economy,
telework, and government support, the exact
impact of an individual COVID-19 inpatient
treatment on the near-term productivity of hos-
pitalized patients is uncertain [10, 12, 43].
Therefore, to balance the importance of taking a
societal perspective against the uncertainties of
the current COVID-19 crisis, our model took a
conservative approach to estimate the impact of
productivity based only on COVID-19-related
premature mortality [21]. Additional scenarios
examining the impact of potential increased
productivity losses due to reduced workforce
participation are available in the supplementary
material (Tables S7, S8) for reference. Age-based

1820 Adv Ther (2021) 38:1811–1831



indirect cost estimates were taken from Grosse
et al., which follows a human capital approach to
estimate market productivity (e.g., wages, sal-
aries, self-employment income, and employer-
paid benefits) and non-market productivity (e.g.,
childcare, eldercare, household services) based
on the American Community Survey, the Amer-
ican Time Use Survey, and the Current Popula-
tion Survey [44]. Recognizing growing evidence
that elderly individuals contribute to non-mar-
ket productivity, the model included total pro-
ductivity estimates for all age groups over
18 years [45]. Given uncertainty on growth in
economic productivity and change in inflation-
adjusted earnings since 2016, we followed a
neutral approach and used unadjusted 2016
estimates from the Grosse et al. publication [44].

Model Base Case, Scenario, and Sensitivity
Analyses

For the base case, we assumed treatment reduced
mortality, decreased use of mechanical ventila-
tion, and shortened hospital LOS based on

plausible information from literature [31, 33].
We considered cost-effectiveness from (1) a
health payer perspective, which accounted for
short-term bundled payments in the hospital
and long-term direct medical costs, (2) a societal
perspective, which included productivity losses
due to premature COVID-19-related mortality,
and (3) a FFS approach, which included drug
costs and per diem hospital payments instead of
bundled costs. Scenario analyses were conducted
to understand the impact of different treatment
profiles by removing the LOS and reduced
mechanical ventilation benefits. We tested the
impact of parameter uncertainty through uni-
variate and probabilistic sensitivity analyses.

RESULTS

Base Case

The base case analyses describe the cost-effec-
tiveness of treating hospitalized patients with
COVID-19 from various perspectives within the

Fig. 2 Base case one-way sensitivity analyses presenting
change in cost per QALY gained on the x-axis and most
influential variables on the y-axis. FFS = fee-for-service;
ICER = incremental cost-effectiveness ratio; BSC = best
supportive care; LOS = length of stay; OWSA = one-way
sensitivity analysis. a OWSA—base case payer perspective

(Bundled Payment); b OWSA—base case payer perspec-
tive (FFS Payment); c OWSA—base case societal perspec-
tive (Bundled Payment); d OWSA—base case societal
perspective (FFS Payment). The mean age among patients
discharged alive at discharge was assumed to equal the
mean age at admission among all patients admitted
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US healthcare system. From all perspectives
shown in Table 3, treatment in the hospital
results in a 0.538 total life year gain and
0.438 QALY gain over a patient’s lifetime, while
$14,478 in additional long-term health costs are
incurred due to the survivor’s paradox against
$3538 in long-term savings from fewer patients
discharged after receiving mechanical ventila-
tion. From the health payer perspective, an
additional $913 is offset in the hospital due to
shifts in bundled payments from decreased use
of mechanical ventilation, resulting in a cost
per QALY gained of $22,933. From the societal
perspective, another $5002 in productivity los-
ses are avoided from decreased inpatient mor-
tality, reducing the cost per QALY gained to
$11,492. For the FFS approach, the assumed
drug cost of $2500 is offset by an estimated
$4928 in hospital per diem savings, given an
average LOS reduction of 2.7 days. This leads to
a cost per QALY gained of $19,469, which is
lowered to $8028 when including societal
impacts. Doubling and tripling the drug costs to
$5000 and $7500 increases the cost per QALY
gained to $25,187 and $30,905, respectively.
For the FFS scenario where cost of the inter-
vention is relevant in assessing the cost per
QALY gained, value-based prices for a potential
treatment with the base case clinical profile are
$37,710 and $59,572 at the $100 K and $150 K
willingness-to-pay (WTP) thresholds, respec-
tively. Comparing results from the acute por-
tion of the model to the lifetime Markov, we
can see that results evolve from cost saving
during the inpatient stay to cost-effective over a
patient’s lifetime given the survivor’s paradox.

OWSAs revealed that the most influential
parameters differed by the perspective of the
stakeholder (Fig. 2). From the health payer per-
spective, the average age of hospitalized
patients had the largest effect, with an age range
of 50–75 yielding cost per QALY gained esti-
mates between $17,287 and $28,269. From the
societal perspective, the average age of patients
who died during their inpatient stay was the
most influential variable, since age at death
influences the degree to which productivity
losses could have been avoided by surviving the
hospital stay. For example, assuming that the
average age at death in the hospital is as high as

95 yields a cost per QALY gained of $18,632,
while assuming an average age at death as low
as 64 yields overall cost-saving scenarios due to
additional productivity losses avoided at the
lower age range. Finally, from the FFS perspec-
tive, the most influential variable is the pro-
portion recovering among patients receiving
oxygen support but not mechanical ventilation
in the hospital, with upper bound costs per
QALY gained of $22,074 when the likelihood of
recovery is reduced to 64%. All univariate sen-
sitivity analyses produced upper bound cost per
QALY estimates well below commonly accepted
WTP thresholds. Additional parameters among
the most influential throughout all the scenar-
ios explored included general population
healthcare costs for patients 65 and older, dis-
count rates for costs and efficacy, the propor-
tion recovering among patients receiving
mechanical ventilation, and the reduction in
patients receiving mechanical ventilation under
BSC. Tornado diagrams for all OWSA runs are
available in the supplementary material (Fig. S1,
S2).

Scenario Analyses

Two alternative clinical profiles were tested to
understand how unique clinical benefits trans-
lated into different cost-effectiveness outcomes
(Table 4). First, removing the LOS benefit (and
assuming only treatment effects on mortality
and reduced use of mechanical ventilation) led
to marginal increases in the cost per QALY
gained from the health payer perspective with
($11,492 to $11,615) and without ($22,933 to
$23,178) societal impacts, whereas the cost per
QALY gained from the FFS perspective increased
by about 10,000 dollars ($19,469 to $29,108).
This increase is due to LOS having no impact on
inpatient costs to a health payer reimbursing via
bundled payments, whereas under the FFS
model the drug cost was no longer offset by
reduced per diem hospital payments. Removing
both LOS and reduced use of mechanical ven-
tilation from the treatment profile (and assum-
ing only a mortality benefit) produced results
similar to removing LOS alone, with only mar-
ginal increases in cost per QALY gained across
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all perspectives. The marginal increases were
due to differences in the long-term effects of
mechanical ventilation on mortality, quality of
life, and healthcare costs being mostly cancelled
out by the mortality benefit of treatment, which
results in a similar proportion of patients being
discharged from the hospital after mechanical
ventilation as in BSC (Fig. S3 in the supple-
mentary material).

Trends in the OWSAs were generally similar
when examining the alternative clinical sce-
narios where treatment offers only a mortality
benefit or only a mortality benefit and reduced
use of mechanical ventilation (Figs. S1, S2;
Tables S2, S3 in the supplementary material).
Viewing findings from all OWSA runs in aggre-
gate across perspectives and clinical profiles
explored, we see that in addition to the expec-
ted clinical variables, healthcare and produc-
tivity costs, patient age at recovery, and patient
age at death are important model parameters
(Table S4 in the supplementary material).

Probabilistic Sensitivity Analyses

Probabilistic sensitivity analyses (PSA) were run
across all perspectives for the model base case as
well as the two alternative clinical scenarios in
order to understand the robustness of model
conclusions and to identify any notable differ-
ences when clinical assumptions changed. The
PSA were run with 5000 draws to produce
stable results. For the base case clinical profile,
upper bounds of 95% credible intervals ranged
from $18,636 (FFS, including societal impacts)
to $30,937 (health payer, without societal
impacts). Over 99% of draws had a cost per
QALY gained below the $100,000 and $150,000
WTP thresholds across all clinical profiles and
all perspectives. Without including societal
impacts, all draws resulted in the treatment of
interest being more costly and more effective,
with the exception of the base case treatment
profile (which includes the LOS benefit), in
which 1.4% of draws were cost-saving under the

Fig. 3 Base case probabilistic sensitivity analysis. Dashed
lines represent willingness to pay thresholds at $150K
(top), $100K (middle), and $50K (bottom) per QALY,
respectively. Per the legend to the right of the figure, the

base case and scenario clinical profiles are all plotted to
show the overlap of outcomes given changes in efficacy
elements
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FFS perspective (Fig. 3). When including societal
impacts, draws for all three treatment profiles
were similarly clustered in the northeast and
southeast quadrants, with 18.4% and 15.6% of
draws resulting in cost-saving scenarios for
health payer and FFS perspectives, respectively
(Fig. 3).

DISCUSSION

To the authors’ knowledge, this study is the first
published cost-effectiveness evaluation of
treatments for hospitalized COVID-19 from
both a US health payer and societal perspective.
By modeling the impact of potential clinical
profiles in a cost-effectiveness framework for
acute COVID-19 treatments, we both establish
how application of recommended modeling

Table 4 Incremental cost-effectiveness ratios by treatment profiles

Perspective Payment
approach

Treatment profilesa ICER Relative
change from
base case (%)

Key drivers for change from base case

Payer Bundled Base case $22,933 – –

Mortality ? ventilation $23,178 1 Fewer QALYs gained in hospital slightly

increases ICER

Mortality $25,985 13 Fewer QALYs gained in hospital and no

more savings in bundled payments

FFS Base case $19,469 – –

Mortality ? ventilation $29,108 50 Per diem hospital costs no longer offset the

cost of the drug

Mortality $32,864 69 Per diem hospital costs no longer offset the

cost of the drug and no more savings in

bundled payments

Societal Bundled Base case $11,492 – –

Mortality ? ventilation $11,615 1 Fewer QALYs gained in hospital slightly

increases ICER

Mortality $14,143 23 Fewer QALYs gained in hospital and no

more savings in bundled payments

FFS Base case $8028 – –

Mortality ? ventilation $17,545 119 Per diem hospital costs no longer offset the

cost of the drug

Mortality $21,022 162 Per diem hospital costs no longer offset the

cost of the drug and no more savings in

bundled payments

a The base case treatment profile considers the potential treatment reduces mortality, the use of mechanical ventilation, and
hospital length of stay; mortality and ventilation profile considers the potential treatment reduces mortality and the use of
mechanical ventilation; mortality profile considers the potential treatment reduces mortality only and has no impact on use
of mechanical ventilation or hospital length of stay
FFS = fee for service; ICER = incremental cost-effectiveness ratio; QALYs = quality-adjusted life years
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best practices impacts assessment of cost per
QALY gained outcomes and, on the basis of the
current model structure and available clinical
evidence, identify the most influential variables
impacting costs and health effects to inform
future evidence gathering. Viewing results in
aggregate, we find that potential treatments
reducing LOS, COVID-19-related mortality, and
incidence of mechanical ventilation are likely
to be cost-effective, as all deterministic and
sensitivity analyses resulted in the cost per
QALY gained falling far below WTP thresholds
from US health payer, societal, and FFS
perspectives.

Examining trends in the results across addi-
tional potential clinical profiles, we see that
treatments conferring reduced hospital LOS
demonstrate an important cost interplay to
consider for payers that operate under a FFS
reimbursement system or for hospital providers.
With inclusion of post-discharge morbidity and
societal impacts, we see that even small treat-
ment-related changes during the acute stay can
lead to notable shifts in QALYs and costs over a
patient’s lifetime. Further, important consider-
ation should be given to the assumed age of
patients that are hospitalized for COVID-19 as
well as average age at death in the hospital,
since these are among the most influential fac-
tors in determining cost-effectiveness through
either the survivor’s paradox or potential pro-
ductivity losses from the societal perspective.
While we found no available peer-reviewed
COVID-19 economic modeling publications
specifically examining the cost-effectiveness of
inpatient treatments, the findings of our work
are consistent with conclusions of a recent
review article examining cost-effectiveness of
antiviral treatments for the H1N1 pandemic
[46]. Although the recent review article by
Dawoud and Soliman based their findings on
simulation models and did not specifically focus
on cost-effectiveness of inpatient treatments,
both studies reached similar conclusions of
likely cost-effective treatments and the impor-
tance of considering pandemic severity and
disease characteristics on model outcomes.

To the extent possible, this study follows the
recommendations of the Second Panel on Cost-
Effectiveness in Health and Medicine by

evaluating cost-effectiveness from both a health
payer and societal perspective [21]. While
robust data on COVID-related productivity
(e.g., absenteeism, presenteeism, household
contributions, and caregiving) in surviving
patients and COVID-related impact on other
non-healthcare sector (e.g., consumption, social
services) elements are not yet available,
anchoring productivity losses to mortality
allows for a conservative estimate to inform
current decision-making following recom-
mended best practices [21, 22]. As more data on
treatment performance and COVID-19 burden
emerge, models will need to evolve accordingly.
This may take the form of updated inputs or
modifications to the model structure to capture
important inpatient nuance (e.g., bundled
payment implications of improving ordinal
scale ratings during an inpatient stay) and
downstream effects beyond ventilation mor-
bidity. Even with conservative assumptions on
societal impact, we find that our limited societal
perspective consistently produced cost per
QALY gained estimates that were at least 40%
lower than those for the health payer
perspective.

Our analysis also expands beyond existing
models by seeking to better reflect the long-
term burden of COVID-19 and the costs to
various stakeholders. Specifically, the Institute
for Clinical and Economic Review published
several reports on their CEA of remdesivir for
the treatment COVID-19, which employs a
similar underlying structure and generally sim-
ilar model parameters [15, 23]. Despite pub-
lished best practice recommendations and
suggestions from the US health economics and
outcomes research community, their model did
not attempt to quantify the societal impact of
COVID-19 treatment [12, 47]. Further, their
model fails to capture an important aspect of
the downstream effects of COVID-19 treatments
by not incorporating post-ventilation morbidity
and mortality. Lastly, their model mixes cost
elements from several perspectives in the health
system base case by including both costs faced
by the typical US third-party payer (i.e., bun-
dled payments) and by provider stakeholders
(i.e., inpatient COVID-19 drug costs). In total,
these structural and perspective design elements
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lead to an overestimation of incremental costs
and an underestimation of incremental health
effects and productivity gains, ultimately
undervaluing inpatient COVID-19 treatments.

As with any modeling exercise, there are
several limitations of this study that should be
noted when interpreting findings. First, as data
on the COVID-19 pandemic is changing daily
but still immature by real-world evidence stan-
dards, our model is based on evidence available
today and may therefore oversimplify the
COVID-19 patient journey and long-term bur-
den. While we sought to use best available
information to begin to capture the long-term
morbidity and mortality following a COVID-19
hospitalization, we expect that the model
structure will need to evolve to be more com-
plex as more data emerges. Next, given the
study objective to model the cost-effectiveness
of individual potential treatments, our analysis
does not explicitly examine the impact of
emerging inpatient treatments that may be used
in combination to potentially confer additional
clinical benefits. At present, the treatment
landscape for COVID-19 is evolving at an
unprecedented pace with over 1400 active
clinical trials [11]. Through the scenario analy-
ses, we found any effective treatments with
similar clinical and cost profiles are likely to be
cost-effective. Next, uncertainty remains about
the long-term outcomes for COVID-19 sur-
vivors. Given the lack of robust real-world and
long-term trial or observational data on patients
with COVID-19 who received mechanical ven-
tilation, our analysis leveraged long-term data
from patients with acute respiratory distress
syndrome (ARDS). While COVID-19-associated
ARDS has similar respiratory system mechanics
to historical ARDS, there is still limited data on
the duration of mechanical ventilation and the
long-term impacts of ventilation in patients
with COVID-19 that may differ from historical
ARDS [48, 49]. However, we took a conservative
approach by assuming that patients discharged
without having received inpatient ventilation
would have mortality similar to the general
population, those discharged after receiving
mechanical ventilation would have increased
mortality similar to patients coming out of the
ICU, and that increased mortality relative to the

general population would last for only 5 years
post-discharge.

Similarly, a high level of uncertainty exists
for many model parameters, including but not
limited to exact reimbursement values for
bundled care, the impact of provider-level
practice patterns on LOS and other key hospital
outcomes, and change in total market and non-
market productivity over time. We sought to
explore the impact of these elements through
extensive scenario and sensitivity analysis,
finding that results were robust and consistent.
Finally, as this study provides a cost-effective-
ness framework based on potential treatments,
our proxy assumption of a drug cost equal to
one inpatient day may not reflect final pricing
of future products. As the majority of US payers
operate under bundled payment systems for
inpatient care, model results for the payer and
societal perspective are not sensitive to the cost
of inpatient COVID-19 treatments. However,
doubling and tripling the assumed drug cost
still yields cost-effective scenarios from the FFS
perspective, and existing COVID-19 treatments,
including dexamethasone and remdesivir, are
similar or less than this proxy amount.

Furthermore, our model takes a societal per-
spective based solely on COVID-19-related
mortality, with scenarios examining the impact
of additional productivity losses for patients
post-ventilation. This estimation likely under-
values the true societal impact of COVID-19
treatments and highlights the need for more
data gathering on COVID-19-related impact
through future clinical trials, post hoc studies,
and real-world data. Nonetheless, we demon-
strate that the societal benefits of a treatment
for COVID-19 can be quantified and the societal
benefit greatly influences the cost per QALY.
Further, our OWSAs demonstrate that from a
societal perspective, age at death is by far the
most influential factor in determining the cost
per QALY gained. This suggests that future evi-
dence regarding the age of COVID-19 patients
for whom premature death can be avoided
could play a large role in reducing the uncer-
tainty around potential productivity losses
avoided through life-saving treatments.

This study establishes important founda-
tional information on the predicted cost-
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effectiveness of available and in-development
inpatient treatments for COVID-19. However, it
also highlights important areas for future
research. As more data becomes available,
future updates to this cost-effectiveness frame-
work can explore how combinations and
sequences of treatments across potential sub-
populations (e.g., no oxygen supplementation,
patients in ICU) impact downstream costs and
effects. Future studies could also build on our
univariate exploration of important parameters
to conduct a formal value of information anal-
ysis to aid in prioritizing evidence generation.
Furthermore, congruent with the ongoing dis-
cussions around COVID-19 value, we recognize
that treatments in a pandemic may confer
additional benefits beyond those captured in
conventional CEA, including value of hope,
insurance value, and the impact of treatments
on health inequality [50–52]. The research
community has advanced the methods to esti-
mate these additional value elements under a
cost-effectiveness framework. Future research
on the value of COVID-19 treatments could
seek to quantify the impact of these additional
value elements on CEA output. Given the
observed impact of COVID-19 on disadvantaged
populations, further research could also con-
sider how treatments impact health equity and
underlying health disparities [50, 53, 54].

CONCLUSION

The COVID-19 pandemic has drastically affec-
ted individual and population health as well as
the global economy. While many vaccines and
treatments are in development, there is a need
for a common cost-effectiveness framework to
assess the value of COVID-19 treatments when
they become available. Effective COVID-19
treatments for hospitalized patients may not
only reduce disease burden but also represent
good value for the health system. We also
demonstrate that, despite limited data available
on the long-term impact of invasive mechanical
ventilation and productivity of COVID-19
patients post-discharge, it is possible to estimate
the cost-effectiveness of inpatient treatments
for COVID-19 from a societal perspective using

a conservative approach to help guide future
decisions on allocation of healthcare resources.
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the Sharing of Clinical Information and how to
request access to related clinical study docu-
ments, see here (https://www.roche.com/
research_and_development/who_we_are_how_
we_work/clinical_trials/our_commitment_to_
data_sharing.htm).
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