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OBJECTIVES: Many trials investigate potential effects of treatments for 
coronavirus disease 2019. To provide sufficient information for all involved-
decision-makers (clinicians, public health authorities, and drug regulatory 
agencies), a multiplicity of endpoints must be considered. The objectives 
are to provide hands-on statistical guidelines for harmonizing heteroge-
neous endpoints in coronavirus disease 2019 clinical trials.

DESIGN: Randomized controlled trials for patients infected with corona-
virus disease 2019.

SETTING: General methods that apply to any randomized controlled trial 
for patients infected with coronavirus disease 2019.

PATIENTS: Coronavirus disease 2019 positive individuals.

INTERVENTIONS: None.

MEASUREMENTS AND MAIN RESULTS: We develop a multistate 
model that is based on hospitalization, mechanical ventilation, death, and 
discharge. These events are both categories of the ordinal endpoint rec-
ommended by the World Health Organization and also within the core out-
come set of the Core Outcome Measures in Effectiveness Trials initiative 
for coronavirus disease 2019 trials. To support our choice of states in the 
multistate model, we also perform a brief review of registered coronavirus 
disease 2019 clinical trials. Based on the multistate model, we give rec-
ommendation for compact, informative illustration of time-dynamic treat-
ment effects and explorative statistical analysis. A majority of coronavirus 
disease 2019 clinical trials collect information on mechanical ventilation, 
hospitalization, and death. Using reconstructed and real data of corona-
virus disease 2019 trials, we show how a stacked probability plot provides 
a detailed understanding of treatment effects on the patients’ course of 
hospital stay. It contributes to harmonizing multiple endpoints and differing 
lengths of follow-up both within and between trials.

CONCLUSIONS: All ongoing clinical trials should include a stacked prob-
ability plot in their statistical analysis plan as descriptive analysis. While 
primary analysis should be on an early endpoint with appropriate capability 
to be a surrogate (parameter), our multistate model provides additional 
detailed descriptive information and links results within and between coro-
navirus disease 2019 trials.
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Evidence for efficacy of treatments to defeat co-
ronavirus disease 2019 (COVID-19) is needed. 
The number of registered randomized trials 

studying promising antiviral drugs is rising steadily. 
Heterogeneity in choice of endpoints and conflicting 
results both between and also within trials are to be ex-
pected (1). On the one hand, this heterogeneity reflects 
the manifold potential ways of defining a treatment 
effect, the different information needed for the various 
decision-makers involved, and the different patient 
populations under study. On the other hand, harmoni-
zation of the different endpoints is an essential step to 
fasten decision-making of public health authorities and 
clinicians (1). Thus, comprehensive judgment is facili-
tated if treatment effects on the various components 
of clinical outcomes are presented simultaneously in a 
compact and informative manner. In this article, we de-
velop a multistate model that contributes to harmonize 
in a descriptive analysis a multiplicity of endpoints.

Regarding choice of endpoints, the Core Outcome 
Measures in Effectiveness Trials (COMET) initiative 
developed a core outcome set (COS) for COVID-
19 randomized trials (2). Similarly, the Clinical 
Characterization and Management Working Group of 
the World Health Organization (WHO) Research and 
Development Blueprint programme, the International 
Forum for Acute Care Trialists, and the International 
Severe Acute Respiratory and Emerging Infections 
Consortium propose a minimal COS (3).

In the primary analysis of a trial, an estimand (the 
effect measure that is to be estimated) is defined that 
translates the primary endpoint into a quantity meas-
uring the effect of the treatment on the primary end-
point (e.g., for the primary endpoint of mortality, the 
estimand may be the relative hazard of death comparing 
patients receiving treatment to control). Subsequently, 
using data from the completed trial, the estimand with 
a measure of statistical uncertainty is estimated and 
evaluated under prespecified criteria to indicate the 
presence or absence of a treatment effect. Secondary 
analyses serve to provide supportive evidence related 
to the primary analysis in a descriptive manner. In light 
of the pandemic, it is essential to exploit the full poten-
tial of the available data by efficiently defining primary 
and secondary analyses. We give recommendations on 
efficient secondary analyses using a multistate model 
that provides major insights on treatment effects for 
primary endpoints within, for example, the COS of the 

COMET initiative and the endpoints recommended by 
the WHO (4).

With the multistate analysis, we give recommenda-
tion on efficient secondary analysis that provides major 
insights on treatment effects for endpoints within, for 
example, the COS of the COMET initiative and the end-
points recommended by the WHO (4). Multistate meth-
odology is a powerful tool to study multiple endpoints 
simultaneously over time (5, 6). Based on the multistate 
model, we propose a stacked probability plot that reflects 
the manifold treatment effects in a time-dependent man-
ner within a single informative graph complementing 
the proposals of the WHO and the COMET initiative.

MOTIVATING DATA

Review of Endpoints in Registered COVID-19 
Trials

The WHO recommends an ordinal endpoint for 
COVID-19 trials, whose numbers of categories and cat-
egory definitions have evolved (Table S1 [Supplemental 
Digital Content 1, http://links.lww.com/CCM/F952] 
and [3]). The most recently proposed categories are 
as follows: 0 (no clinical or virological evidence of in-
fection); 1 (no limitation of activities); 2 (limitation of 
activities); 3 (hospitalization, no oxygen therapy); 4 
(oxygen by mask or nasal prongs); 5 (noninvasive ven-
tilation or high flow oxygen); 6 (intubation and me-
chanical ventilation); 7 (ventilation + additional organ 
support-pressors, renal replacement therapy, and extra-
corporeal membrane oxygenation); and 8 (death).

Events that are both part of the WHO recommended 
categorical endpoint (including all of its variants) and 
considered within the COS of (2, 3) are duration of 
invasive mechanical ventilation, hospitalization, and 
mortality. These are robust endpoints providing infor-
mation for clinicians as well as public health authori-
ties. The proposed multistate model is based on at least 
these major clinical events.

To obtain an idea how many of the currently ongoing 
trials collect information on hospitalization, mechan-
ical ventilation, and death, we review registered clinical 
COVID-19 trials. In this brief review, we include all ran-
domized trials registered by April 3, 2020, in the U.S. 
registry database (ClinicalTrials.gov) of the National 
Library of Medicine at the National Institute of Health. 
We restrict the search to trials with the primary purpose 
to study the efficacy of remdesivir, lopinavir/ritonavir, 
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or hydroxychloroquine as treatment for COVID-19 dis-
eased patients (7), which are currently considered to be 
among the most promising treatment options (8). We 
highlight that this is not a systematic review, we only 
aim to give a basic idea on the currently used endpoints.

Results of the Review

Our review of COVID-19 clinical trials registered in 
the database of the National Library of Medicine at 
the National Institute of Health includes 38 trials (7). 
We found that nine of the studies (24%) used an or-
dinal endpoint as recommended by the WHO (4). The 
number of categories varied between six and 10 states 
(for the definitions, we refer to Table S1, Supplemental 
Digital Content 1, http://links.lww.com/CCM/F952).

In total, 25 (66%) of the studies collect information 
on invasive mechanical ventilation—13 (34%) within 
the primary endpoint and 12 (32%) within the sec-
ondary endpoints. Information on hospitalization is 
included in 24 (63%) of the studies. Specifically, 13 
(34%) comprise hospitalization within the primary 
endpoint and 11 (29%) within the secondary end-
points. Twenty-nine (76%) of the studies indicate that 
information on mortality is recorded (n = 19 [50%] 
for the primary endpoint, n = 10 [26%] for secondary 
endpoints). For other studies, it is unclear whether 
this information is available. Nonetheless, 13 of the 19 
trials (68%) in which we did not find explicit details 
on data collection for either hospitalization, invasive 
mechanical ventilation, or mortality do have a general 
statement that adverse events are recorded. Thus, even 
though not specified, it can be presumed that more tri-
als record this information. The review implies that the 
majority of COVID-19 trials have sufficient informa-
tion to provide the stacked probability plot.

Follow-up of the 38 trials ranges from 4 to 168 days. 
Most trials (n = 27, 71%) have a follow-up of 14 to 15 
days (n = 10 and 6, respectively) or 28–30 days (n = 11). 
In Table S1 (Supplemental Digital Content 1, http://
links.lww.com/CCM/F952), we give a detailed over-
view of the endpoints chosen in the 38 trials as well as 
on the duration of follow-up, the sample size, and the 
patient population under study.

COVID-19 Trial Data Harmonization Approach

Multistate Model. Multistate models are used to analyze 
time-to-event data. To obtain a detailed understanding 

of potential treatment effects, we propose the multi-
state model shown in Figure 1. The boxes represent the 
possible states a patient may encounter, and the arrows 
represent the possible transitions from one state to an-
other. The model accounts for hospitalization, invasive 
mechanical ventilation, discharge alive, and death. At 
randomization, patients may start either in the hospi-
talized nonventilated state or in the invasive mechan-
ical ventilation state. Over the course of hospital stay, 
patients move through the states of the model and 
may encounter one or multiple episodes of mechan-
ical ventilation. Eventually, individuals end up in the 
discharged state or the death state. If follow-up is not 
complete, some individuals are censored before they 
reach a final state. If follow-up is beyond discharge, the 
discharge state can be modeled as an intermediate state 
and the only final state is death.

The four-state multistate model in Figure 1 can be 
easily extended to allow for more detailed information 
of treatment effects in, for example, mild and mod-
erate cases and follow-up beyond discharge (Fig. 2). 
If more detailed data is available (e.g., WHO scale), we 
recommend to use the multistate model in Figure  2, 
which also includes a general recovery state (denoted 
as “cured”) separating hospital discharge from nega-
tivity (e.g., two consecutive negative results of the 2019 
novel coronavirus tests [2]). Thus, this model is not 
only more sensitive for mild and moderate cases that 
can be defined according to the level of oxygen sup-
port provided to patients (oxygen, high flow oxygen, 
and noninvasive ventilation) but also allows for a dif-
ferentiation of discharged with and without capability 
of resuming normal activities (9).

Figure 1. Multistate model for coronavirus disease 2019 trials 
with hospitalized patients. The boxes represent the possible 
states a patient may encounter, and the arrows represent the 
possible transitions from one state to another. The dotted arrow 
indicates that this transition can be modeled if information beyond 
discharge is available.
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Stacked Probability Plot. With the multistate model 
in Figure 1, treatment effects on duration of invasive 
mechanical ventilation, length of hospital stay, and 
death are directly quantifiable. The course of a patients 
hospital stay in the treatment and control group can be 
visualized with a stacked probability plot (10) (Fig. 3  
and Results section). The stacked probability plot visu-
alizes important events of interest simultaneously over 
time in a single informative graph.

For the stacked probability plot, the following infor-
mation needs to be recorded as follows:
 1) Hospital admission and discharge dates.
 2) Vital state at the end of follow-up.
3) Death date, if applicable.
4) Start and stop dates of mechanical ventilation.

Harmonizing Estimands. Additionally, to the 
stacked probability plot, multiple estimands can be 
explored to add further information. Two types are 
of particular interest. The first type of estimand com-
prises the probabilities of being in one of the states of 
the multistate model at a particular time (state occupa-
tion probability) and the probabilities of moving from 
one state to another over the course of time (transition 
probability). For a more detailed definition, we refer 
to our online supplementary material (Supplemental 

Digital Content 2, http://
links.lww.com/CCM/
F953).

The second type of esti-
mand, based on the states 
occupation probabilities, 
is the mean length of stay 
in each state, such as mean 
duration under ventila-
tion and mean length of 
hospital stay. These com-
plex composite outcomes, 
which can account for 
multiple episodes of ven-
tilation and adequately 
control for discharge alive 
and death, can be easily 
computed and compared 
between treatment groups 
(11). For example, differ-
ences in mean number 
of days alive without me-
chanical ventilation or 

mean number alive with ventilation between treat-
ment and control group can be modeled and estimated 
with the transition and state occupation probabilities 
of the multistate model (11).

The model avoids common pitfalls such as compet-
ing risks bias when studying hospital mortality and 
immortal time bias when considering mechanical ven-
tilation (12). Unlike a simple proportion at a given time 
point, the transition and occupation probabilities of a 
multistate model can display dynamically the whole 
evolution of the patient’s prognosis. They account for 
random censoring, competing risks and the possibility 
for one patient to experience multiple episodes of inva-
sive mechanical ventilation. Furthermore, estimation 
of both types of estimands can be performed nonpara-
metrically and is therefore independent of modeling 
assumptions, such as the proportionally assumption of 
the Cox model (13).

Analysis of the extended model (Fig. 2) is the same 
as for the model in Figure 1. Explanations on multi-
state model analysis and software are available in the 
literature (5, 6, 14–17).

Even if primary analysis uses different endpoints 
and/or estimands, the stacked probability plot should 
be added to the analysis for explorative purposes. If 

Figure 2. Detailed multistate model to allow for more sensitive endpoints in moderate and mild 
cases as well as endpoints assessed beyond hospital discharge. The colors indicate how the 
model relates to the multistate in Figure 1. The discharge state in Figure 1 can be considered 
as a combination of “Outpatient” and “Cured.” “Hospitalized ward” and “Hospitalized ICU” 
describe in more detail the state “Hospitalized non ventilated” in Figure 1. The model is directly 
related to the categorical endpoint recommended by the World Health Organization (3): “Cured” 
corresponds to 0 uninfected; no viral RNA detected; “Outpatient” is equivalent to categories 1, 
2, 3 asymptomatic; viral RNA detected, symptomatic; and independent, symptomatic, assistance 
needed. “Hospitalization normal ward” and “Hospitalization ICU” correspond to 4 hospitalized; no 
oxygen therapy, 5 hospitalized; oxygen by mask or nasal prongs and 6 hospitalized; and oxygen 
by noninvasive ventilation or high flow. “Invasive mechanical ventilation” is the combined endpoint 
of 7 intubation and mechanical ventilation, partial pressure of oxygen (Po2)/ fraction of inspired 
oxygen (Fio2) greater than or equal to 150 or oxygen saturation (Spo2)/Fio2 greater than or equal 
to 200, 8 mechanical ventilation Po2/Fio2 less than 150 (Spo2/Fio2 < 200) or vasopressors, and 
9 mechanical ventilation Po2/Fio2 less than 150 and vasopressors, dialysis, or extracorporeal 
membrane oxygenation. The death state is status 10, dead.
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the multistate model analysis is chosen as the primary 
analysis, CIs for the difference between the various 
estimates of the placebo and treatment groups can be 
obtained via bootstrapping. However, we recommend 
estimation of CIs only if the multistate model analysis 
is the primary analysis.

Finally, we remark that there remain some limita-
tions. For example, the stacked probability plot har-
monizes heterogeneous endpoints and provides deep 
insights into time dynamics and treatment effects on 
different levels, but it does not overcome other differ-
ences in clinical trials. These include differences in the 
patient population, differing doses of the same treat-
ment, differences in timing of the treatment, and po-
tentially different cointerventions.

Illustrative Examples

Hypothetical COVID-19 Trial. In this section, we pro-
vide a proof of concept on the statistical analysis of a 
COVID-19 randomized trial. Our example is inspired 

by the study of Cao et al (9), which is a placebo-con-
trolled double-blinded randomized controlled trial 
(RCT) for lopinavir/ritonavir with a follow-up of 28 
days. Via simulation, we obtain individual patient 
data for the events in the multistate model (Fig.  1). 
Compared with the eight-category WHO ordinal 
scale of Cao et al (9), we combine status 1 and 2 to 
the “Discharge from hospital” and status 3, 4, and 5 
to “Hospital non ventilated” (first state in the multi-
state model). Status 6 and 7 remain the status 6 remain 
the “ventilated” and, respectively, “Death” state. More 
details on the simulation are found in the appendix 
(Supplemental Digital Content 3, http://links.lww.
com/CCM/F954).

The results of our multistate model analysis for the 
reconstructed RCT are shown in Table 1 and Figure 3. 
Table 1 shows the probabilities to be mechanically ven-
tilated, hospitalized without ventilation, discharged 
alive, and to die at days 7, 14, and 28. These probabili-
ties can be read from the stacked probability plot as 
distance between the curves. The probability to die is 

Figure 3. Stacked probability plot for the multistate model in Figure 1. The plot is based on a simulated data setting and illustrates for 
the treatment and, respectively, control group, the probability to be mechanically ventilated, hospitalized without ventilation, discharged 
alive, and dead over the course of time. p values for the differences between the treatment and control group with respect to each event 
(comparing the colored area under the curves) can be obtained.
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read directly from the first curve. The probability to 
be mechanically ventilated at day 28 corresponds to 
the difference between the first and second curves. 
Similarly, the probability to be hospitalized, but not 
ventilated, is the difference between the second and 
the third curve. The probability do be discharged alive 
is one minus the fourth curve. The probability to be 
hospitalized, irrespective of the ventilation state, is the 
sum of the probability to be ventilated and to be hospi-
talized nonventilated. At all time points, the four prob-
abilities sum up to 1.

The lower part of Table 1 presents the results of the 
second type of estimand, namely the duration of me-
chanical ventilation, the length of hospitalization, and 
the mean number of days alive without mechanical 

ventilation. The mean time spent with mechanical 
ventilation corresponds to the light green area in the 
stacked probability plot, while the total duration of 
hospitalization to the sum of the dark and the light 
green area. A popular patient-oriented endpoint is the 
mean number of days without ventilation. The esti-
mate can be read from the stacked probability plot as 
the sum of the dark green and orange area.

Thus, the stacked probability plot does not only 
illustrate the results of the table within a single 
graph but also provides additional information on 
the estimates for all time points between random-
ization and end of follow-up. This single informa-
tive graph replaces Table 1 as well as multiple figures 
of Kaplan-Meier curves or cumulative incidence 

TABLE 1. 
Estimates of the First and Second Type of Estimand for the Time Points 7, 14, and 28 
Days Since Randomization Using the Constructed Data Example (n = 200)

Estimand
Treatment 
(n = 100)

Placebo 
(n = 100)

Difference 
(95% CI)

Treatment 
(n = 100)

Placebo 
(n = 100)

Difference 
(95% CI)

Treatment 
(n = 100)

Placebo 
(n = 100)

Difference  
(95% CI)

Probabilities (%) At 7 d At 14 d At 28 d

 Discharged 
alive

31 16 15  
(4–26)

44 34 10  
(–3 to 23)

60 56 4  
(–9 to 17)

 Mortality 5 9 –4  
(–11 to 3)

15 15 0  
(–1 to 10)

19 23 –4  
(–15 to 7)

 Hospitalized 
without MV

61 72 –11  
(–23 to –2)

36 47 –11  
(–24 to 2.4)

16 20 –4  
(–14 to 6)

 Hospitalized 
with MV

3 3 0  
(–4 to 4)

5 4 1  
(–4 to 6)

5 1 4  
(–0.03 to 8)

Mean time spent At 7 d At 14 d At 28 d

 Alive without 
MV (hospital-
ized or dis-
charged alive)

6.7 6.5 0.2  
(–1 to 1)

12.7 12.4 0.3  
(–1.5 to 2)

23.6 23.4 0.2  
(–3 to 4)

 Alive with MV 0.2 0.2 0.0  
(–0.2 to 0.2)

0.4 0.4 0  
(–0.5 to 0.5)

1.0 0.8 0.2  
(–0.5 to 1)

 Hospitalized 5.8 6.2 –0.4  
(–1 to 0.3)

9.4 10.4 –1.0  
(–2.5 to 0.5)

13.0 15.3 –2.3  
(–5 to 1)

MV = mechanical ventilation.
The colors indicate how the estimates relate to the stacked probability plot. The probabilities can be read from the plot as distance be-
tween the curves. The mean time spent in each state can be read from the plot as the colored area between the curves. The mean time 
spent hospitalized is the sum of the time spent with and without ventilation in the hospital. The durations are restricted to the time points 
of interest; therefore, they are to be considered as the lower limits of the total durations spent in each state. If the multistate model is 
used for the primary analysis, the 95% CIs of the differences can be interpreted as treatment effects. If the primary analysis is based on 
a different endpoint, we do not recommend to estimate CIs and p values, as the confidence level may not be valid due to multiple testing.
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functions allowing for direct insights. For example, 
the plot shows directly that patients in the treat-
ment group are discharged alive more quickly than 
patients in the placebo group (Table 1). It can also 
be seen that duration of mechanical ventilation is 
longer in the treatment group. However, this comes 
at the cost of a higher mortality risk in the placebo 
group.

Real COVID-19 Data Example

A further advantage of the stacked probability plot is 
that results of different trials can be directly compared. 
Differing lengths of follow-up are accounted for by the 
time-dependent graphical display of the probabilities 
of being in one of the states of interest.

As a proof of concept, we use the published data of 
Grein et al (18). In this prospective observational co-
hort on compassionate use of remdesivir, the authors 
provide detailed clinical history of respiratory support 
for the 53 analyzed patients (Fig. 3 in their original ar-
ticle). The primary endpoint is the time to clinical im-
provement, defined as discharge from the hospital, or a 

decrease of at least 2 points from baseline on a modified 
6 points ordinal scale derived from the WHO scale.

Based on Figure 3, we reconstruct individual data 
and analyze it within the multistate framework using 
both the four-state model in Figure  1 and a more 
complex model differentiating the 6 points of the 
ordinal scale. Since the seven-state model is nested 
within the four-state model, results are the same for 
corresponding estimands such as time spent alive 
in hospital, time spent alive without ventilation, or 
mortality (Table S2, Supplemental Digital Content 
2, http://links.lww.com/CCM/F953). The use of the 
6 points ordinal scale allows for a more precise un-
derstanding of the clinical course and oxygen support 
therapy needed by the patients. The use of the four-
state model allows for a direct comparison with the 
trial by Cao et al (9), by looking at the stacked prob-
ability plot and by comparing meaningful estimands. 
For example, although mortality is lower, patients in 
(18) need a more intensive and prolonged respira-
tory support. This comparison also shows the limita-
tions of the proposed approach. Since the two studies 
have a different level of evidence (randomized vs 

Figure 4. Stacked probability plot for the real data example (n = 53) from Grein et al (18). A, The detailed seven-state model. B, The 
four-state model that directly relates to Figure 3. ECMO = extracorporeal membrane oxygenation, NIV = noninvasive ventilation,  
NIVPP = noninvasive positive pressure ventilation.
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observational study) and included different patients 
(< 1% of patients were intubated at inclusion in the 
trial by Cao et al (9), whereas 65% of patients were 
already receiving invasive ventilation at baseline in 
the remdesivir cohort) differences between the trials 
should only be explored without drawing conclusions 
on treatment effects.

DISCUSSION

To harmonize heterogeneous endpoints of COVID-19  
clinical trials, we propose to include multistate meth-
odology as a descriptive analysis in statistical analysis 
plans. This ensures similar descriptive summaries are 
being presented uniformly across all COVID-19 trials. 
Our brief review indicates that the proposed multistate 
model in Figure  1 is based on information collected 
in most interventional COVID-19 trials within either 
the primary or the secondary endpoint. All ongoing 
clinical trials should add a stacked probability plot of 
the major events hospitalization, invasive mechan-
ical ventilation, discharge alive, and death. Only si-
multaneous consideration of these endpoints ensures 
that reduction of invasive mechanical ventilation and 
length of stay can be correctly attributed to discharge 
alive or early death. Thus, early death and efficacy can 
be differentiated while maintaining information rele-
vant not only for clinicians and patients but also for 
public health authorities. Indeed, one of the speci-
ficities of this pandemic is the pressure it puts on the 
whole healthcare system. Triage pressure and shortage 
of ventilators have led to discussion about ethical de-
cision rules to allocate scarce medical resources (21). 
Healthcare system-centered outcomes such as the 
number of days spent in the ICU/hospital and number 
of days spent using mechanical ventilators become of 
interest for all decision-makers.

The model can also handle do-not-resuscitate 
(DNR) orders either by stratification, if the DNR order 
is known at the time of randomization for all patients, 
or by a combined endpoint death/DNR. Furthermore, 
the stacked probability plot can be estimated with ob-
servational data. The methodological background is 
covered in (19) using two publically available data-
sets. We emphasize that similar approaches can also 
be applied to registry studies such as the International 
Severe Acute Respiratory and Emerging Infection 
Consortium database (20), which provides clini-
cally relevant insights. If follow-up beyond hospital 

discharge is available, a more detailed plot differenti-
ating between discharge with and without resumption 
of normal activities should be provided. Specifically, 
clinical trials using the categorical endpoints recom-
mended by the WHO R&D Blueprint expert group 
have all the necessary information available for this 
detailed analysis.

The resulting informative plot can be a powerful 
contribution in the effort of harmonizing the diver-
sity of clinical endpoints and lengths of follow-up and 
thereby fastening accessibility of evidence and, thus, 
decision-making. Additionally, treatment effects on a 
number of (potentially clinically opposite) endpoints 
can be studied simultaneously over time by estimating 
sojourn time spent in the various states. We note that 
the proposed multistate model approach cannot over-
come all aspects of heterogeneity in randomized trials. 
Additional statistical modeling to account for hetero-
geneity in patient populations or differing time scales 
is needed.

We also highlight that our proposal should be un-
derstood as a descriptive complement for the primary 
analysis. Thus, results from the multistate model, if 
used as secondary analysis, can only generate new hy-
pothesis but cannot provide evidence. Finally, rather 
than suggesting core outcomes for COVID-19 trials, 
we provide a way for simultaneous evaluation of mul-
tiple endpoints within COS using information on all 
the available data.

CONCLUSIONS

To conclude, we recommend to complement the pri-
mary analysis with a stacked probability plot for the 
clinical events hospitalization, invasive mechanical 
ventilation, discharge alive, and death. If data are avail-
able, we recommend differentiation between ward and 
ICU hospitalization as well as differentiation between 
discharge alive without and with resumption of normal 
activities.
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