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Abstract

Background Therapeutic ceiling of care is the maximum level of care deemed appropiate to offer to a patient

based on their clinical profile and therefore their potential to derive benefit, within the context of the availability

of resources. To our knowledge, there are no models to predict ceiling of care decisions in COVID-19 patients or other
acute illnesses. We aimed to develop and validate a clinical prediction model to predict ceiling of care decisions using
information readily available at the point of hospital admission.

Methods We studied a cohort of adult COVID-19 patients who were hospitalized in 5 centres of Catalonia

between 2020 and 2021. All patients had microbiologically proven SARS-CoV-2 infection at the time of hospitaliza-
tion. Their therapeutic ceiling of care was assessed at hospital admission. Comorbidities collected at hospital admis-
sion, age and sex were considered as potential factors for predicting ceiling of care. A logistic regression model

was used to predict the ceiling of care. The final model was validated internally and externally using a cohort obtained
from the Leeds Teaching Hospitals NHS Trust. The TRIPOD Checklist for Prediction Model Development and Validation
from the EQUATOR Network has been followed to report the model.

Results A total of 5813 patients were included in the development cohort, of whom 31.5% were assigned a ceiling
of care at the point of hospital admission. A model including age, COVID-19 wave, chronic kidney disease, demen-
tia, dyslipidaemia, heart failure, metastasis, peripheral vascular disease, chronic obstructive pulmonary disease,

and stroke or transient ischaemic attack had excellent discrimination and calibration. Subgroup analysis by sex, age
group, and relevant comorbidities showed excellent figures for calibration and discrimination. External validation
on the Leeds Teaching Hospitals cohort also showed good performance.

Conclusions Ceiling of care can be predicted with great accuracy from a patient’s clinical information available

at the point of hospital admission. Cohorts without information on ceiling of care could use our model to estimate
the probability of ceiling of care. In future pandemics, during emergency situations or when dealing with frail patients,
where time-sensitive decisions about the use of life-prolonging treatments are required, this model, combined

with clinical expertise, could be valuable. However, future work is needed to evaluate the use of this prediction tool
outside COVID-19.
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Background

Therapeutic ceiling of care is the maximum level of care
deemed appropiate to offer to a patient. There is no con-
sensus on the criteria for reaching a decision regarding
ceiling of care, rather, these decisions are made between
patients, their next-of-kin and treating teams taking
into account the potential to derive benefit from inten-
sive treatments and the availability of resources. There
are limited data on how these decisions are made, and
for whom, however during the coronavirus disease
2019 (COVID-19) pandemic, due to the excess demand
for critical care and the limited availability of clinical
resources, ceiling of care decisions often become rou-
tine. Previously published data [1, 2], suggest patients
hospitalized with COVID-19 who had a ceiling of care
decision below full intensive care-based treatment were
mainly older, had more comorbidities, and paradoxically
less severe symptoms and markers of disease severity
at baseline. The incidence of death, severe pneumonia,
and complications (cardiac and respiratory events, renal
impairment, mental state alteration and nosocomial
infection) was higher in patients with a therapeutic ceil-
ing of care [1, 2], which is therefore a relevant source of
bias for analyses aiming to explore factors associated
with outcomes in this and other settings. Neverthe-
less, the number of studies on COVID-19 with infor-
mation on patient’s ceiling of care is very limited, and
mainly focused on specific treatments such as continuous
positive airway pressure (CPAP) [3, 4] or non-invasive
mechanical ventilation (NIMV) [5].

The lack of scientific evidence and medical consensus
could lead to unwarranted variations in healthcare deliv-
ery [6], and the ceiling of care assignment is no excep-
tion. In this regard, the Australian recommendations
for facilitating advanced care planning in the context of
COVID-19 [7] are a step in the right direction. The same
could be said about other initiatives to define an advance
care plan for people with a complex chronic condition or
who are likely to be nearing the end of life [8, 9]. How-
ever, in an unprecedented situation such as the COVID
pandemic, decisions need to be made within hours, with
little time to reach a consensus with the patients or their
relatives. In this scenario, the availability of a reliable and
easy to calculate clinical prediction tool to guide and sup-
port clinicians in their decision making, could be of great
relevance. Ideally, the tool should correctly identify those
patients who are unlikely to benefit from receiving inten-
sive care. Moreover, when planning responses to future
pandemics, the ability to predict for whom full intensive
care-based treatments would be appropriate could help
plan the allocation of resources.

The aim of this study was to develop and validate a
model to predict the ceiling of care for hospitalized
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subjects with COVID-19 using information on the
patient’s demographic and clinical profile available at the
time of hospital admission.

Methods

Data source

The MetroSud study is an observational multicenter
study conducted in five centres located in the south met-
ropolitan area of Barcelona (Catalonia, Spain) [10]. The
population of the MetroSud cohort has been described
previously [1]. Briefly, it was a prospective cohort of
consecutive adult patients with a proven SARS-CoV-2
infection admitted to 5 centres belonging to the south-
ern metropolitan area of Barcelona in four waves of the
pandemic. The first wave included hospitalized patients
between March 1% and April 15%, 2020; second wave,
from October 1st to November 31%, 2020; third, from
January 1st to February 28%, 2021; and fourth, from
July 1st to August 31%, 2021 [11]. The first wave had a
severe impact on the elderly, and the Spanish govern-
ment imposed a national lockdown to reduce infection
rates and reduce the burden on the healthcare system.
The predominant variant in this first wave was the origi-
nal SARS-CoV-2 strain, which was superseded by the
alpha variant in waves 2 and 3. The vaccination campaign
started at the end of December 2020, just before the
inclusion of the third wave cases. The fourth wave, pre-
dominantly the Delta variant, mainly affected young peo-
ple, who had not yet been vaccinated.

An electronic case report form in REDCap databases
[12, 13] was designed ad hoc in March 2020 to collect
study data. Demographic data, comorbidities and rel-
evant findings on medical history, previous medications,
vital signs and laboratory results were collected at base-
line. Ceiling of care definition was agreed between partic-
ipating centres and determined at hospital admission by
the treating teams following discussion with patients and
their next-of-kin. Patients without a ceiling of care would
have access to intensive care unit (ICU) or would be able
to receive invasive mechanical ventilation (IMV). Oth-
erwise, patients assigned to ceiling of care would have
limited access to the ICU and, if they require any respira-
tory support, it would be non-rebreather mask, high-flow
nasal cannula or NIMV. The study was approved by the
Bellvitge Hospital Research Ethics Committee with med-
icines (CREm) in accordance with Spanish legislation and
was performed in accordance with the Helsinki Declara-
tion of 1964. The need for patient informed consent was
waived by the ethics committee. Bellvitge’s CREm deci-
sion was the basis for the approval of the remaining hos-
pital centres.

The Leeds Teaching Hospitals cohort [2] was used for
external validation. Data comes from a retrospective
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observational study, where all consecutive patients
aged > 18 years with laboratory confirmed SARS-CoV-2
infection admitted to Leeds Teaching Hospitals between
5th March and 7th May 2020 were included. The inclu-
sion period was within the first wave in England and the
predominant strain of SARS-CoV2 was the original one.
Thus, epidemic conditions and knowledge were similar,
making the observation periods of both cohorts compa-
rable, albeit within different healthcare and cultural set-
tings. For this cohort, clinical data and outcomes were
obtained from the Leeds Patient Pathway Manager Plus
electronic care record. All patients were followed-up
until hospital discharge or death. Ceiling of care deci-
sions were standardised and electronically documented
using the ReSPECT process [14].

Statistical analysis

Logistic regression models were used to derive the pre-
dictive capability. First, a descriptive analysis of poten-
tial prognostic factors for ceiling of care was performed.
The set of prognostic factors was agreed with the whole
research team. These potential predictors were age, sex
and main comorbidities at hospital admission such as:
diabetes mellitus, chronic obstructive pulmonary dis-
ease (COPD), chronic renal disease, myocardial infarc-
tion, neoplasm (in three categories: no neoplasm,
metastatic neoplasm, and non-metastatic neoplasm),
heart failures, stroke or transient ischaemic attack
(TIA), dementia, peripheral vascular disease, severe
liver disease connective tissue disease, ulcer, mild liver
disease, human immunodeficiency virus (HIV), hemi-
plegia, hypertension, and dyslipidemia. A dichotomous
variable indicating whether the patient belonged to the
first wave or not was also included, as the singularity of
the circumstances that accompanied the first wave was
not repeated in subsequent waves. Following this, 1000
bootstrap samples were generated [15, 16]. A logistic
regression model with ceiling/no ceiling as outcome
was fitted for each bootstrap sample using backward
elimination. Variables that were selected in more than
95% of these 1000 models were candidates for the final
model. Alternative variable selection methods such as
Lasso regression, classification trees, and random for-
ests were also applied to compare their results and,
thereby increase the robustness of the selected variables
(Supplementary File 3: Supplementary Table 1). The
non-linear relationship between age and the log odd of
the outcome was assessed. The model using a 2-grade
age polynomial presented better likelihood, measured
by the Akaike Information Criterion (AIC) [17], than
the model using age as a linear term or a 3-grade age
polynomial (Supplementary File 3: Supplementary
Fig. 1 and Supplementary Table 2). Main interactions
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between selected variables were also assessed. Multi-
collinearity was analyzed using the variance inflation
factor (VIF). Thereafter, the final set of included vari-
ables in the model was approved by the clinicians.

Internal validation of the resulting modelwas based
on discrimination, calibration, and bootstrap valida-
tion using the development cohort [18]. Discrimination
was assessed by estimating the area under the receiver
operating characteristic curve (AUC) and the Brier score
[19]. Calibration was assessed by graphically comparing
the observed versus expected probabilities of ceiling of
care by deciles of predicted risk. Bootstrap validation as
recommended in the TRIPOD Statement [20] was also
performed. This validation accounts for model overfit-
ting and corrects optimism in the final prediction model,
evaluating the possible overestimation of performance of
the model on the development data. Internal validation
was performed in the whole cohort and in pre-specified
subgroups of clinical interest.

To our knowledge, there are no published data describ-
ing a cut-off for ceiling of care decision. Therefore, the
percentage of patients correctly classified was calculated
using the prevalence of ceiling of care in the development
cohort (31.5%) as a threshold. Patients with a ceiling of
care and a probability predicted by the model greater
than 0.315, according to prevalence of ceiling of care,
and patients with no ceiling of care assigned at hospi-
tal admission and a probability predicted by the model
less than 0.315 were considered as correctly classified
patients.

External validation was performed using a dataset from
the Leeds Teaching Hospitals. Model discrimination was
assessed by estimating the AUC and the Brier score, and
model calibration was assessed by comparing observed
versus expected probabilities of ceiling of care by deciles
of predicted risk. Model validation was performed in the
whole cohort and in the same subgroups as the internal
one. The percentage of correctly classified patients in the
external cohort was also calculated using the same cut-off
threshold.

The MetroSud cohort included all consecutive patients
as described above, and no formal sample size was
computed in advance because of the exceptional cir-
cumstances of the pandemic. The TRIPOD Checklist
for Prediction Model Development and Validation [20,
21] from the EQUATOR Network has been followed to
report the development and validation of our model
(Supplementary file 1). All analyses were performed with
95% confidence intervals and conducted using R software
version 4.1.0 [22]. The main R packages used for data
management and analysis were dplyr [23], REDCapDM
[24], compareGroups [25], glmnet [26], bootStepAIC
[27], rpart [28], rpart.plot [29] and Boruta [30].
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Results
The number of patients included in the cohort as well
the number used to develop the model are shown in
Fig. 1 (Flowchart). A total of 6653 individuals were
included in the MetroSud cohort. Patients who were
admitted to the hospital for less than 24 h (N=499),
who died within the first 24 h (N=17), who had missing
values in a pool of essential variables (age, sex, comor-
bidities needed to compute the Charlson score, ceiling
of care, and circumstances at discharge) (N=274), or
those patients admitted firstly in one of the Metrosud
five centres but transferred for treatment to another
(N=48) were excluded from the analysis, leaving a total
of 5813 individuals for model development.

After the performed selection process, the varia-
bles that were consistently retained in over 95% of the
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estimated models included age, chronic kidney disease,
dementia, heart failure, neoplasm (in three categories:
no neoplasm, neoplasm without metastasis, and neo-
plasm with metastasis), wave (in two categories: 1st
wave vs other), peripherical vascular disease, COPD,
and stroke or transient ischaemic attack. Initially
excluded factors were reviewed by the clinicians in the
study group. For instance, hypertension was initially
excluded because it was retained in only 19% of the
models, but was eventually included in the final model
because clinicians considered it relevant to the assign-
ment of ceiling of care. The main interactions between
variables were assessed and only the interaction
between age and dementia was included in the final
model due to its clinical relevance and an improve-
ment in the AIC estimator [31]. In the multicollinear-
ity analysis between variables in the final model, all

Total subjects

N = 6653

4 N

No admission
N=499
Patients younger than 18
N=2
Incomplete data
N =274
Derived to other hospitals
N=33
Death at admission
N =17
Derived from other hospitals

S N=15 )

Subjects with

available data
N = 5813

2nd wave
N=786

1st wave
N=3406

4th wave
N=853

3rd wave
N=768

Fig. 1 Flow chart of patients
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variables presented a VIF <4. The odds ratio (OR) and
95% CI for the final logistic model are presented in
Table 1. The model equation and an illustrative example

Table 1 Odds ratio (OR), 95% confidence intervals (Cl), and
p-values for ceiling of care predictors in the multivariable logistic
model

Predictors Odds ratios 95% ClI p-values
(Intercept) 7376 2.035-24.773 0.002
Age 0.803 0.771-0.837 <0.001
Age2 1.003 1.002-1.003 <0.001
Chronic kidney disease 2.040 1451-2886 <0.001
Hypertension 0.950 0.799-1.128 0559
Heart failure 1.933 1448 -2592 <0.001
Neoplasm without metastasis ~ 1.829 1403 -2388 <0.001
Neoplasm with metastasis 6.158 3.251-11.978 <0.001
Wave 2-3-4 (vs 1) 0.247 0.208-0.293  <0.001
Peripherical vascular disease 1.992 1437-2771  <0.001
COPD 1.484 1.234-1.785 <0.001
Stroke or transient ischaemic 1.500 1.122-2011  0.006
attack
Age x dementia 1.183 1.141-1227  <0.001
Age’ x dementia 0.998 0.998 -0.998 <0.001
Risk Observed == Predicted
1.00
0.75
5
Zos0
0.25
000 /
g"v\\ S q@q’\ @& Q'.\%\ Q'.ﬂ\ Q.b/‘\\ Qéb\ Q.Q’\ %Q)t\\
& oY B & ¢ O (A @ ¢
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for the calculation of the ceiling of care probability are
reported in Supplementary File 2.

In the development cohort, the model yielded an AUC
of 0.898 (95% CI 0.889 to 0.907) and a Brier score of
0.113. Calibration plots of observed versus predicted ceil-
ing of care in deciles of predicted risk showed accuracy
and the slope of the regression line between observed and
predicted ceiling of care was close to 1 (95% CI 0.94 to
1.08) (Fig. 2). Using the prevalence of the ceiling of care
in the development cohort (31.5%) as a cut-off, 83.38%
of the patients were correctly classified by the model.
Regarding the bootstrap validation as recommended in
TRIPOD, 100 bootstrap samples were generated, and
the best prediction model was estimated in each sample.
When comparing the AIC and the slope of the regres-
sion line of these models in the bootstrap sample and in
the original sample, the differences in both performance
measures followed normal distributions of means and
standard deviations close to 0.

To evaluate model performance, we conducted sub-
group analyses based on clinical factors of interest,
including age by deciles, sex, diabetes mellitus type 2,
COPD, and hypertension. The results showed excellent
calibration and discrimination measures, indicating a
very reliable performance of the model (Supplementary

0.50

B=1.01 1C[95%]= [0.94;1.08]

0.00 0.25 0.50

Predicted risk

0.75 1.00

Fig. 2 Observed vs predicted risk of the ceiling of care in the development cohort. Calibration Plot (left). The predicted event rate for each decile
of predicted risk is the average of the probabilities of the patients in the decile (dark blue line). The observed event rate is the number of patients
with a ceiling of care in the decile divided by the number of patients in the decile (light blue line). Ideally, the expected and observed rate lines
should be overlapped. Calibration Plot (right): The calibration curve shows the relationship between the predicted and observed ceiling of care risk
by deciles of predicted risk. The diagonal line represents the performance of an ideal model. The blue line represents the actual model performance
comparing the predicted and observed risk. Points below the diagonal line correspond to over-prediction, whereas points above the diagonal line

correspond to under-prediction
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File 4). Regarding deciles of age, the model performed
better for patients younger than 65 years and older than
80 years than for patients between 65 and 80 years:
more than 80% of patients younger than 65 years or
older than 80 years were correctly classified, whereas
for deciles of age (66, 71], (71, 75] and (75, 80] the per-
centages were 75.65%, 61.31% and 67.25% respectively.
Some differences were observed between the devel-
opment and the external validation cohorts. Mainly,
patients in the Leeds cohort were, in higher propor-
tion, women, older, had a higher prevalence of most
of the comorbidities at hospital admission, and almost
70% of patients had a ceiling of care assigned at hospi-
tal admission (compared with only 31.5% in the devel-
opment cohort). In addition, the patients in the Leeds
cohort were all from the first wave: if the comparison
is restricted to 1% wave patients in the development
cohort, the differences slightly reduced (Table 2).
External validation of the ceiling of care model in the
Leeds Teaching Hospitals cohort showed an AUC of
0.934 (95% CI 0.908 to 0.959) and a Brier score of 0.110.
In terms of calibration, the model slightly underesti-
mated the risk of ceiling of care in most of the deciles
and the regression line appears slightly above the diag-
onal (Fig. 3). The percentage of patients correctly clas-
sified (using the MetroSud prevalence as threshold) in
the external cohort was 87.87%. Validation in the Leeds
subgroups showed similar results to the development
cohort. The percentage of correctly classified patients
in under 65 years and over 80 years patients was
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higher than 80% and was around 70% for those aged
65-79 years.

Discussion

In this study we developed and validated a model to
predict ceiling of care decisions based on clinical and
demographic data readily available at the point of hos-
pital admission for patients with COVID-19. The model
showed good accuracy in both the internal and external
validation cohorts. These patient factors were broadly
in line with known predictors of poor outcomes within
the context of COVID-19 and other acute illnesses,
particularly more advanced age, dementia and major
comorbidities.

All of the factors identified and ultimately selected for
our model have previously been recognized as factors to
be considered when assessing life-prolonging treatments
and interventions [32—34]. Savulescu et al. [35] proposed
an algorithm for rationing life-sustaining treatment dur-
ing the COVID-19 pandemic, which included comor-
bidities and age as key factors when determining which
patients have potential to derive benefit.

In our analysis, we explored the linearity of the ceil-
ing of care by age (Supplementary File 3: Supplementary
Fig. 1 and Supplementary Table 2). When age was treated
as a non-linear factor, i.e., the effect of age on the ceil-
ing of care was not constant, the model performance
increased substantially. Therefore, we considered differ-
ent slopes on risk increase per year, with a soft increase
until approximately 65 years old and a sharp increase for

Table 2 Baseline patient’s characteristics of Catalan cohort (all waves), Catalan cohort (1st wave) and Leeds cohort

Development cohort

Development cohort (1st Leeds cohort

wave)
N=5813 N=3406 N=404
Sex, N (%):

Woman 2363 (40.7%) 1420 (41.7%) 220 (54.5%)
Age, Median [Q1;Q3] 66.0 [53.0;77.0] 68.0 [54.0,78.0] 77.0[62.8;85.0]
Diabetes mellitus, N (%) 1352 (23.3%) 832 (24.4%) 124 (30.7%)
COPD, N (%) 1099 (18.9%) 599 (17.6%) 62 (15.3%)
Chronic kidney disease, N (%) 287 (4.94%) 198 (5.81%) 103 (25.5%)
Heart failure, N (%) 418 (7.19%) 244 (7.16%) 66 (16.3%)
Stroke or transient ischaemic attack, N (%) 366 (6.30%) 230 (6.75%) 48 (11.9%)
Peripheral vascular disease, N (%) 267 (4.59%) 137 (4.02%) 14 (3.47%)
Dementia, N (%) 397 (6.83%) 247 (7.25%) 85 (21.0%)
Hypertension, N (%) 2803 (48.2%) 1673 (49.1%) 186 (46.0%)
Neoplasm, N (%):

No neoplasm 5355 (92.1%) 3151 (92.5%) 369 (91.3%)

Neoplasm without metastasis 398 (6.85%) 223 (6.55%) 25 (6.19%)

Neoplasm with metastasis 60 (1.03%) 32 (0.94%) 10 (2.48%)
Ceiling of care, N (%) 1831 (31.5%) 1330 (39.0%) 278 (68.8%)
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Fig. 3 Observed vs predicted risk of the ceiling of care in the external cohort. Calibration Plot (left). The predicted event rate for each decile

of predicted risk is the average of the probabilities of the patients in the decile (dark blue line). The observed event rate is the number of patients
with a ceiling of care in the decile divided by the number of patients in the decile (light blue line). Ideally, the expected and observed rate lines
should be overlapped. Calibration Plot (right): The calibration curve shows the relationship between the predicted and observed ceiling of care risk
by deciles of predicted risk. The diagonal line represents the performance of an ideal model. The blue line represents the actual model performance
comparing the predicted and observed risk. Points below the diagonal line correspond to over-prediction, whereas points above the diagonal line

correspond to under-prediction

older people. Age is an established risk factor for adverse
outcomes for patients hospitalized with COVID-19, and
in view of this, it seems to have often been taken into
consideration when initiating a ceiling of care decision
below full intensive care-based treatments.

To the best of our knowledge, this is the first model
developed to predict the ceiling of care for COVID-19
patients. According to a live systematic review, current
COVID-19 prediction models focus on predicting diag-
nostic, mortality, progression to severe disease, ICU
admission and mechanical ventilation, intubation or
length of hospital stay prediction [36]. However, most of
the developed models were at high risk of bias and poorly
reported [37], and had common issues previously identi-
fied [38]. The most frequent of those issues was patient
selection bias. The main reasons identified were develop-
ing the model using participants that may not be repre-
sentative of the model’s target population, and unclear
reporting of included participants. In our model, we have
taken these issues into account and we have reported
them according to the TRIPOD guidelines.

Studies that have attempted to explore prognostic fac-
tors in COVID-19 have usually not accounted for the
confounding effects of ceiling of care decisions. It is
known that the incidence of death, severe pneumonia,

and complications is higher in patients with a ceiling of
care [1, 2]. Therefore, analysis of hospitalized subjects
with SARS-CoV-2 infection should be stratified by ceil-
ing of care to avoid bias and overestimation of outcomes
in patients without ceiling of care. Thus, all these mod-
els could take advantage of our model and use it to strat-
ify patients by ceiling of care. In addition, COVID-19
cohorts lacking information on the ceiling of care could
use our proposed model to predict the ceiling of care
for each patient, enabling accurate reporting of outomes
according to the ceiling of care.

Potentially, our model could also be used in future pan-
demics or in frail patients to predict the ceiling of care of
patients at hospital admission. It would therefore help to
identify a proportion of patients for whom the intensive
care-based treatments would not be appropriate, or on
the other hand importantly determine for which patients
full intensive care-based treatments might be appropri-
ate so that resources can be effectively allocated. All of
the variables in our model have previously been recog-
nised as factors to be considered in the assessment of
life-prolonging treatments and interventions, as they are
routinely collected at hospital admission. Only the wave
variable (i.e., first COVID-19 pandemic wave vs other) is
a specific COVID-19 variable. Nonetheless, this variable
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acts as a proxy of the burden of care that hospitals expe-
rienced during the COVID-19 pandemic. Applying our
model in a non-COVID situation would allow this vari-
able to be used to identify scenarios with limited avail-
ability of resources (ICU beds, number of non-invasive
ventilators or number of high-flow nasal oxygen therapy
devices). However, the application of our model to other
scenarios would require specific validation. Although a
final decision to limit life-prolonging treatments should
always be based on the patients’ advanced care plan and
clinical judgement [39, 40], our model’s probability esti-
mation of the ceiling of care could be presented to clini-
cians to add information to this discussion.

This study has several strengths, including a large sam-
ple size, the utilization of data from four different waves
of the pandemic, robust statistical methods, and both
internal and external validation of the developed model.
To best of our knowledge, this is the first description
of how ceiling of care decisions are made across dif-
ferent healthcare systems, in different countries, with
very different provision of ICU beds, different ways in
which healthcare is funded, and the culture/attitudes
of patients. The main limitation of our study is that the
data used to develop the model come from a metropoli-
tan area in Catalonia (Spain), and generalizability of our
findings may be limited due to differences between coun-
tries and between hospital resources available at different
COVID-19 points in time [41]. Nevertheless, external
validation in the Leeds Teaching Hospitals cohort showed
comparable performance to the development cohort,
suggesting potential applicability beyond the original
cohort. Another limitation is that our outcome variable
is not something that can be measured, but something
that is assigned by the attending physician according to
its judgement, which could lead to an observer bias [42].
Nevertheless, our definition was consistent with those
used in the Leeds cohort [2], as well as a similar one used
in an additional study to determine the factors that influ-
ence ceiling of treatment in an Emergency Department
[32]. Clinical guidelines to assess the ceiling of care could
help to add consensus to clinical judgement and reduce
this bias. Moreover, the use of this model for patient’s
clinical management is not recommended until approval
from regulatory authorities.

Although personalized prediction for each patient
is the main goal, even when working with large data-
sets, the model we obtained estimates the probability
of receiving a ceiling of care for patients with a certain
profile. The probability obtained refers to the number of
individuals who are expected to receive a ceiling of care
given 100 individuals with the same profile, not the prob-
ability of ceiling of care for a specific individual. Patients
may have a non-measured risk factor by our model that
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could modify its individual risk. We try to minimize the
impact of these non-measured risk factors by using large
datasets and then checking that the model performs well
internally and externally.

Conclusions

We have developed a model to predict the ceiling of
care based on data readily available at the point of hos-
pital admission for patients with COVID-19. The model
showed good accuracy in the internal and external vali-
dation cohort and can be used to predict the ceiling of
care in COVID-19 cohorts already collected. Potentially,
the model could also be used in other scenarios where
decisions about the ceiling of care are required. Further
research is needed to apply this prediction tool in other
settings and in future pandemics.
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