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ABSTRACT

COVID-19 is no longer a global health emergency, but it remains challenging to predict its prognosis.
Objective: To develop and validate an instrument to predict COVID-19 progression for critically ill hospitalized
patients in a Brazilian population.

Methodology: Observational study with retrospective follow-up. Participants were consecutively enrolled for
treatment in non-critical units between January 1, 2021, to February 28, 2022. They were included if they were
adults, with a positive RT-PCR result, history of exposure, or clinical or radiological image findings compatible
with COVID-19. The outcome was characterized as either transfer to critical care or death. Predictors such as
demographic, clinical, comorbidities, laboratory, and imaging data were collected at hospitalization. A logistic
model with lasso or elastic net regularization, a random forest classification model, and a random forest
regression model were developed and validated to estimate the risk of disease progression.

Results: Out of 301 individuals, the outcome was 41.8 %. The majority of the patients in the study lacked a
COVID-19 vaccination. Diabetes mellitus and systemic arterial hypertension were the most common comor-
bidities. After model development and cross-validation, the Random Forest regression was considered the best
approach, and the following eight predictors were retained: D-dimer, Urea, Charlson comorbidity index, pulse
oximetry, respiratory frequency, Lactic Dehydrogenase, RDW, and Radiologic RALE score. The model’s bias-
corrected intercept and slope were — 0.0004 and 1.079 respectively, the average prediction error was 0.028.
The ROC AUC curve was 0.795, and the variance explained was 0.289.

Conclusion: The prognostic model was considered good enough to be recommended for clinical use in patients
during hospitalization (https://pedrobrasil.shinyapps.io/INDWELL/). The clinical benefit and the performance
in different scenarios are yet to be known.

Introduction

intensive care unit (ICU) admission of 23.3 % and 24.3 % when
comparing the peaks of Omicron vs Alpha and Omicron vs Delta vari-

COVID-19 may be asymptomatic to severe and lead to death [1].
From December 2019 up to December 2022, 601 million cases and 6.4
million deaths occurred worldwide and health systems around the world
were overwhelmed [2,3], especially due to its behavior in waves [4].
COVID-19 progression rate to critically ill among not vaccinated was
estimated to be 22.9 % [5]. Estimated risk among those not vaccinated
for intensive care unit (ICU) admission, mechanical ventilation, and
overall mortality were 10.96 %, 7.1 %, and 5.6 % respectively [5].

There are different time trends of hospitalizations, critical care ad-
missions, and deaths from COVID-19 throughout the pandemic. After
population vaccination, there was a decrease in critical unit admissions
and deaths [6]. In adults over 50 years, there was a lower relative risk of

ants, respectively. When comparing the Omicron to previous waves,
deaths and, ICU admissions were 4.5 % vs 21.3 % and 1 % vs 4.3 %
respectively [7], changing to a profile of high dissemination and a
decreasing number of hospitalizations and deaths [6]. However, this
interpretation is confounded mainly by age and the number and type of
comorbidities, and vaccines seem to not affect hospital outcomes in
adjusted analysis from primary data [8,9] and from secondary data [10].
Hospital prognosis may also be confounded by vaccine doses, vaccine
types, and SARS-CoV-2 variants [11].

Early identification of patients at higher risk for disease progression
at the first evaluation despite the vaccination status, or antiviral use
could aid decision-making. Diagnostic and prognostic tools were
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developed, validated, and used in different settings around the world,
for early identification of potentially serious or critical patients [12-22],
many with promising applicability [23]. A prognostic score for in-
hospital death with Brazilian participants estimated 20.3 % mortality,
and this score was later validated in Barcelona, Spain [24]. Nevertheless,
there isn’t much research comparing prognostic scores with the Brazil-
ian population. This study aimed to develop and internally validate a
prognostic instrument to predict COVID-19 progression to a severe
condition in a sample of Brazilian patients.

Materials and methods
Ethics

The study was conducted in compliance with ethical guidelines in
the Regulatory Guidelines and Standards for Research Involving Human
Beings (Resolution CNS/MS No. 466,/2012). All participants signed a
written consent. The Ethics Committee of the INI-Fiocruz registry and
approval can be accessed at https://plataformabrasil.saude.gov.br/
login.jsf with number CAAE 39520820.7.0000.5262.

Source data and settings

Part of this research was reported elsewhere, therefore we followed
the same methods previously published. [25] Briefly, this is a retro-
spective observational follow-up study carried out at Niterdi / Rio de
Janeiro state — Brazil, at Hospital Santa Martha and Hospital Niter6i
D’Or. Enrollment was sequential from January and April 2021, and from
September 2021 to February 2022 in the different participant health
units.

Study participants

The inclusion criteria were: patients hospitalized with flu-like syn-
drome (COVID-19 compatible clinical findings), history of exposure, or
radiological image compatible with COVID-19 according to Ministry of
Health criteria at that time [26] (see hospitalization criteria below);
patients with a completed hospitalization guide in the emergency room,
or allocated in non-critical sectors; adult patients (18 years or older); a
positive RT-PCR result for COVID-19, derived from a respiratory swab or
viable biological material indicative of active disease, collected between
3 and 10 days after symptom start, at any time during hospitalization.
The exclusion criteria were: absence of clinical evaluation in the first 48
h; discharge or death before completing 24 h of hospitalization; critical
conditions at admission or directly admitted to intensive support units.
Critical conditions were considered as (1) Glasgow coma scale <8; (2)
need to use vasoactive amines; (3) need intubation and mechanical
ventilation support; (4) need for acute dialysis therapy.

Criteria and measurements

The predictors’ assessments were performed at hospital admission,
and eventually considered up to 48 h after admission. Patients under-
went a protocol consisting of (1) clinical examination to identify perti-
nent clinical features (e.g. fever, headache, coryza, sore throat, myalgia,
dry cough, exposure risk); (2) laboratory testing; and (3) chest imaging
by computed tomography.

The criteria used for hospital admission at the time followed the
parameters defined by the Brazilian Ministry of Health, which were: (1)
moderate cases: patient with clinical or radiological evidence of respi-
ratory disease and SatO2 > 94 % in room air; (2) Severe cases: patient
with respiratory rate > 30 bpm, or O2 saturation < 94 % on room air (or,
in patients with chronic hypoxia, a > 3 % reduction from baseline), or
Pa02/FiO2 ratio < 300 mmHg, or opacities in >50 % of the lung [26].
Standard treatment was offered according to each hospital’s protocol
based on guidelines at the time, therefore no antiviral treatment was
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offered as they were not available.

Medical records and consulting assistants were the sources of the
data. One of the authors (VLCM) and an undergraduate trainee under
the supervision of the second author (PEAAB) extracted data from
medical records to an electronic standard data collection device. At first,
there was some instruction in data extraction and the enhancement of
research forms. No extractor interrater agreement was measured, and
the extractors were not blinded to the study premise.

Outcomes

In this study, the outcome of interest was the progression to a criti-
cally ill condition defined as a composite of intensive care unit admis-
sion during hospital stay or death.

Potential predictors for the outcomes

The predictors tested were selected because they were present in
previously developed and validated models for COVID-19 prognosis.
[25] They were: age at admission, sex at birth, tobacco use, vaccination
status, days with symptoms on admission, hemoptysis, dyspnea, respi-
ratory frequency, pulse oximetry (0-100 %), oxygen flow (L/min),
systolic blood pressure (mmHg), Charlson Comorbidity Index, RDW (%),
leukocyte count (x1079/L), neutrophil count (x1079/L), lymphocyte
count (x10.9/L), monocyte count (x10°9/L), glucose (mg/dL), C-reac-
tive protein - CRP (mg/L), D-dimer (mg/mL), lactic dehydrogenase -
LDH (U/L), urea (mg/dL), creatinine (mg/dL), AST (U/L), direct bili-
rubin (mg/dL), procalcitonin (ng/ml), ultra-sensitive troponin (ng/L),
concomitant bacterial infection, Radiological RALE Score (0-8) [27],
image findings, multilobe infiltrates.

Data analysis

The outcome prevalence estimated from administrative data before
the study ranged from 50 % to 72 %. Therefore, 300 subjects would be
enough to reach 100 subjects with events and 100 subjects without the
events for minimum sample size purposes [28].

Data analysis was conducted in R software (packages: mice, glmnet,
glmnetUtils, randomForest, rfUtilities, givitiR, UncertainInterval)
following the steps: description of possible predictors to be explored;
exploration of missing data patterns and the need for data imputation;
verification of the need for recoding of the predictors; exploration of
different types of models and validation (discrimination and calibra-
tion), when applicable either internal cross-validation or penalization
were performed. Missing data was imputed with multiple imputation
procedures. All the continuous predictors were tested as such (with no
categorization such as normal vs. abnormal values limits) or with
functional forms transformations. The following approaches were
tested: general linear logistic model (GLM) with lasso or elastic net
regularization with cross-validation, a random forest classification, and
a random forest regression with cross-validation. The validity was
accessed by (discrimination) the area under the ROC curve, mean of
squared residuals and variance explained, (calibration) calibration belt,
model’s intercept and slope (including bias-corrected,) and prediction
errors were used (average, maximum, and percentile 90) [29]. Decision
limits were estimated with the “uncertain interval” method [30] to allow
the interpretation of different courses of action, for example, (a) low risk
recommending discharge, (b) moderate risk recommending monitoring,
(c) high risk recommending early transfer to critical care.

Results

Participants descriptions are described elsewhere. [25]. Briefly, 301
participants were included and analyzed from both health units, Hos-
pital Santa Martha and Hospital Niter6i D’Or. The composite outcome
overall prevalence was 41.86 %. The overall mortality rate was 16.61 %
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and the overall intensive care admission rate was 41.86 %. Median age
was higher, and males were more frequent in the outcome group. Most
participants were not vaccinated. Participants with worse respiratory
parameters were more often in the outcome group [25]. A higher
Charlson comorbidity score was observed in the outcome group. Labo-
ratory markers that initially seemed clinically relevant were C-reactive
protein (CRP), D-dimer and concomitant bacterial infection, and imag-
ing score [25].

The final penalized logistic model had the following 28 predictors:
age at admission, smoking, immunization, days with symptoms on
admission, dyspnea, respiratory frequency, pulse oximetry, systolic
blood pressure (mmHg), diabetes, obesity, history of cancer, chronic
cardiopathy, cerebrovascular disease, malignancy for at least 6 months,
RDW (%), lymphocyte count (x10.9/L), monocyte count (x1079/L),
glucose (mg/dL), C-reactive protein (mg/L), D-dimer (mg/mL), urea
(mg/dL), creatinine (mg/dL), procalcitonin (ng/ml), ultra-sensitive
troponin (ng/L), FiO2 (F) (%), concomitant bacterial infection, Radio-
logical RALE Score (0-8), image findings. The following predictors had
nonlinear effects detected by polynomial transformation within the
model: systolic blood pressure, RDW, Monocyte count, FiO2, and
Radiological RALE Score. Additionally, interactions of pulse oximetry
(0-100 %) with FiO2 (F) (%), and interactions of Radiological RALE
Score (0-8) and image findings were detected. (Table 1) It had good
discrimination with a below-desired calibration, with an area under the
ROC curve of 0.882, a R2 of 0.518, an Intercept of 0.266, a Slope of 1.63,
a maximum error of 0.097, a percentile 90 of error 0.095, an average
error of 0.064. It underestimates in the lower range and overestimates in
the higher range of predictions. (Fig. 1).

The Random Forest classification development and cross-validation
returned the following 8 predictors: D-dimer, Urea, Charlson comor-
bidity index, pulse oximetry, respiratory frequency, Lactic Dehydroge-
nase, RDW, and C-reactive protein. One may see that the important
variables represent disturbances of clotting, previous comorbidities,
renal function, respiratory function, and general inflammation intensity.
(Fig. 2) The Random Forest classification model retained fewer pre-
dictors compared with the penalized logistic regression approach. Its
classification returns reasonable likelihood and predictive values,
however, it has moderate to poor sensitivity, specificity, and area under
the ROC curve. (Table 2).

Random Forest regression development and cross-validation also
returned 8 predictors but with one (the less important) different from
the classification approach, they were: D-dimer, Urea, Charlson co-
morbidity index, pulse oximetry, respiratory frequency, Lactic Dehy-
drogenase, RDW, and Radiologic RALE score. (Fig. 3) By far, D-dimer
was the most important predictor. Five of the eight predictors retained in
the final model had very similar crude distribution values among those
with and without the outcome, therefore confounding and interactions
are likely present. This phenomenon may also be involved in the un-
derstanding that predictors previously identified in the literature were
not retained in the final model.

The bias-corrected intercept and slope were — 0.0004 and 1.079
respectively, the average prediction error was 0.028, the maximum
prediction error was 0.085 and the prediction error percentile 90 was
0.054, adding the visual analysis the final model calibration was
considered good. (Fig. 4). The discrimination performance was: area
under the ROC curve was 0.795, mean of squared residuals was 0.173,
and variance explained was 0.289. Although the discrimination was
lower when compared to the penalized logistic model, the Random
Forest regression was considered better balanced between discrimina-
tion and calibration with fewer predictors. The uncertain range was
estimated to be from 0.43 to 0.63. (Fig. 5) There is a web tool for readers
and users to make predictions with the random forest model, and some
interpretation of the predictions with the suggested decision limits. This
can be found at https://pedrobrasil.shinyapps.io/INDWELL/.
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Table 1
Final penalized and cross-validated logistic model effects and Odds Ratios taking
death or intensive care as outcome.

Variables Categories Coefficients ~ OR
Intercept 9.0333
Age at admission 0.0037 1.0037
Smoking No —0.2212 0.8016
Past 0.3195 1.3764
Current —0.3051 0.7370
Initial vaccination Vaccinated 0.1011 1.1064
Not vaccinated —0.1741 0.8402
Unknown 0.0889 1.0930
Days with symptoms on ~0.0343 0.9663
admission
Dyspnea No —0.2182 0.8040
Yes 0.2182 1.2439
Respiratory frequency 0.0455 1.0465
Pulse oximetry (0-100 %) —0.0472 0.9539
Zﬁ:’;;blm’d pressure poly(,2)1 0.2168 1.2420
poly(, 2)2 2.8711 17.6568
Diabetes No —0.1401 0.8692
Yes 0.1401 1.1504
Obesity BMI < 30 —0.2960 0.7438
BMI > 30 0.2960 1.3445
History of cancer No —0.2341 0.7913
Yes 0.2340 1.2636
Chronic cardiopathy No —0.2946 0.7448
Yes 0.2945 1.3425
Cerebrovascular disease No —0.5602 0.5711
Yes 0.5600 1.7507
Malignancy for at least 6 No —0.4601 0.6255
months
Yes 0.4691 1.5986
RDW (%) poly(, 2)1 —0.4942 0.6100
poly(, 2)2 -1.1171 0.3272
Lymphocyte count (x10.9/L) —0.0002 0.9998
Monocyte count (x10"9/L) poly(, 2)1 0.2593 1.2961
poly(, 2)2 1.3451 3.8385
Glucose (mg/dL) 0.0008 1.0008
E)—reactlve protein - CRP (mg/ —0.0017 0.9983
D-dimer (mg/mL) 0.0003 1.0003
Urea (mg/dL) 0.0027 1.0027
Creatinine (mg/dL) 0.1730 1.1888
Procalcitonin (ng/ml) 0.7534 2.1243
Ultra-sensitive troponin (ng/L) 0.0051 1.0051
Fi02 (F) (%) poly(,3)1 —1.0142 0.3627
poly(, 3)2 —0.2048 0.8148
poly(, 3)3 1.0951 2.9896
‘(Ionco.rnltant bacterial No —0.2471 0.7811
infection
Yes 0.2470 1.2802
Pulse oximetry (0-100 %) —0.0472 0.9539
FiO2 (F) (%) poly(, 3)1 —1.0154 0.3622
poly(, 3)2 —0.2047 0.8149
poly(, 3)3 1.0953 2.9899
. 100 0/
Egsze gj;“(l(:)try (0-100 %): poly(, 3)1 ~0.0106 0.9895
poly(, 3)2 —0.0025 0.9975
poly(, 3)3 0.0109 1.0110
Radiological RALE Score (0-8) poly(, 2)1 2.0077 7.4460
poly(, 2)2 0.6445 1.9050
Image findings Normal —0.1817 0.8339
No specific signs 0.0745 1.0773
Frosted glass opacity —0.0371 0.9636
Consolidation 0.0269 1.0272
Radiological RALE Score (0-8) poly(, 2)1 2.0075 7.4444
poly(, 2)2 0.6442 1.9044
Image findings Normal —0.1818 0.8338
No specific signs 0.0743 1.0771
Frosted glass opacity —0.0370 0.9637
Consolidation 0.0269 1.0273
Radiological RALE Score [)'oly(, 2)1:No specific 0.3580 0.6991
(0-8):Image findings signs
p.oly(, 2)2:No specific 1.8706 6.4925
signs

(continued on next page)
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Table 1 (continued)

Variables Categories Coefficients ~ OR
ly(, 2)1:F

poly(, 2)1:Frosted 3.4435 31.2963
glass opacity
poly(; 2)2:Frosted 0.9309 25367
glass opacity
poly(, ?)1:. —0.1509 0.8600
Consolidation
poly(, 2)2: ~4.9564 0.0070
Consolidation

OR = Odds Ratio; poly = polynomial transformation (for example poly(, 2)3 is
the second-degree coefficient of a three-degree polynomial transformation);
Predictors or categories without estimated effect had the coefficient shrunk to
zero in the penalization. Initial vaccination means at least one vaccine dose of
any manufacturer (Pfizer, AstraZeneca, CoronaVac, Janssen).

S  Polynomial degree: 2
p-value: <0.001
n: 301
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Fig. 1. Final penalized and cross-validated logistic model taking death or
intensive care as outcome calibration belt.

Discussion

The main results to be discussed are: (a) it was possible to develop
and internally validate a final model able to make reasonable risk pre-
dictions to identify progression to critical condition in patients with
COVID-19; (b) it was possible to estimate reasonable thresholds to
recommend decision making.

Many prediction models for COVID-19 progression to critically ill
were published even after the pandemic was considered no longer a
global threat [12-16,31-35]. This is likely due to the changes over time
since the beginning of the pandemic, such as different waves of SARS-
CoV-2 strains, different transmissibility, prognosis, and likely different
clinical manifestations [35], not mentioning that the disease was still
present and likely to behave as a seasonal condition. Vaccines [6,36] and
antiviral treatments [37] became available quickly and there was a
reduction in the frequency of severe disease, ICU admission, and mor-
tality - estimated from a non-hospitalized population [31]. The setting
differences and these circumstances raise the suspicion that the disease’s
natural history changed over time and possibly the performance or
applicability of all prognostic instruments. However, these issues are of
concern only if the mortality or critical illness incidence relationship
with the presence or absence of predictors also changes [6,7,37]. This
makes it desirable for prognostic instruments to be validated, where
they would be used to increase certainty that performance travels [16].

A systematic review of diagnostic and prognostic COVID-19
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Fig. 2. Random Forest classification taking death or ICU admission as outcome
final selected variables importance.

Table 2

Diagnostic accuracy (and its 95 % confidence interval) from the out-of-bag
confusion matrix for the random forest classification taking death or ICU
admission as outcome.

Statistics Estimate lower.cl upper.cl
Sample size: 301

Prevalence: 0.419 0.364 0.475
Sensitivity: 0.651 0.564 0.728
Specificity: 0.766 0.698 0.822
Positive predictive value: 0.667 0.579 0.744
Negative predictive value: 0.753 0.685 0.810
Positive likelihood ratio: 2.778 2.073 3.722
Negative likelihood ratio: 0.456 0.354 0.587
Diagnostic Odds Ratio: 6.049 3.561 10.441
Error rate: 0.282 0.235 0.336
Accuracy: 0.718 0.664 0.765
Youden J index: 0.417 0.312 0.521
The area under ROC curve: 0.708

instruments shows that only four studies were conducted in Brazil. From
these, only one developed/validated a prognostic model with clinical
data. The remaining used either CT or X-ray images only [12]. They
questioned the quality of existing studies and concluded that data
storage is needed to validate existing models across different
populations.

The enrollment period included wave periods of Alpha, Gama, Delta,
and Omicron variants. At first, it seems the applicability of predictions
may work for different variants that may express different prevalences of
clinical findings and different severities. CoronaVac vaccine was the first
available to the public [38], and participants who received it were the
most frequent in the sample, but this vaccine was not common world-
wide. These vaccinated participants were also the elders (as public
vaccination effort schedules at Niteroi city started with the elders and
progressively advanced to the younger population), and the elders were
also most frequently with severe disease. As mentioned in the first
manuscript of this project, [25] 56.6 % of the sample was vaccinated
with at least one dose, and a complete vaccination scheme was observed
in 80.82 % of the vaccinated. Although there is evidence that vaccina-
tion reduces the number of hospitalizations, it appears that vaccination
does not contribute to severe disease prediction in hospitalized patients.
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Selected variables importance
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Fig. 3. Random Forest regression importance of the predictors retained in the
final model.
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Fig. 4. Random Forest regression calibration belt shows the correspondence of
the observed and the predicted risks.

Therefore, once one is infected and hospitalized the vaccination status
has little or no effect on prognosis.

Thromboembolic events are major prognostic events in COVID-19,
and the coagulation pathways are involved in the disease’s immune
response and inflammation intensity [39-42]. D-dimer and other he-
matological changes are important features and significantly deviate
from normal values with disease severity [43]. Nevertheless, coagula-
tion parameters are seldom explored and retained in COVID-19
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Fig. 5. Random Forest Regression Two-Graphic ROC analysis showing the
Sensitivity and Specificity trade-off for all possible thresholds and the uncertain
range of risks.

prognostic models [12,14]. Elevated D-dimer and RDW are likely to
represent these phenomena.

Multiple previous comorbidities have been associated with severe
COVID-19, higher prevalence of hospitalization, ICU admission and
mechanical ventilation, or death [44]. The Charlson Comorbidity Index
was previously associated with severity [45,46]. The score may repre-
sent how intensely health status is impaired, in this case at hospital
admission. Although there is a balance in exploring comorbidities as a
score and as individual predictors, this is a well-known and familiar tool
for practitioners experienced with severe conditions.

Acute respiratory distress syndrome incidence was estimated in 20 %
of COVID-19 patients, and mechanical ventilation was implemented in
12.3 % [47]. In the United States, 12 % to 24 % of hospitalized patients
with altered respiratory symptoms progressed to mechanical ventilation
[44]. Several imaging patterns of pulmonary involvement are possible
[48]. Here, the pulmonary consolidation alone would indicate a risk of
outcome of 65 %. Additionally, it seems that the amount of respiratory
involvement and function is more important than the type of image.
Respiratory involvement is a fundamental element in predicting disease
severity, however, critical illness is frequent in the group with “0” RALE
index score, independently of respiratory findings.

The renal impairment is likely to be multifactorial in COVID-19
natural history. Besides the SARS-CoV-2 direct injury, hypoxia and hy-
percoagulability may play a role. Renal failure is less frequent than
respiratory failure. It was estimated to be 4.5 % overall, and 52.9 % in
the non-survivors [49]. Serum creatinine, BUN, and urine analysis are
frequently abnormal when a patient is admitted to the hospital, and
there is evidence that these abnormalities raise the likelihood of a poor
outcome. [49]. Here, urea may represent a hydration status, shock, or
renal damage, but probably a combination.

Among the three alternative approaches, the Random Forest
regression has the most attractive balance of calibration and discrimi-
nation and fewer predictors facilitating applicability. A web calculator
was developed to allow its use. The most appropriate moment to make
this prediction is during emergency room admittance, or during ward
admittance, when COVID-19 is suspected or a patient already with
COVID-19 confirmed is hospitalized. The calculator will use the
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underlying model to return the outcome probability and a recommended
risk group after the user enters or clicks on the patient characteristics on
the calculator website.

There were limitations such as the large number of missing data for
some predictors, mainly from some laboratory biomarkers. Although the
imputed data is a workaround, the unavailability of predictors also
raises an applicability and inference discussion, as some predictors
explored previously and detected to have prediction contributions were
not explored here. In the early periods of the pandemic the criteria used
to recommend patients to seek medical aid, and the criteria adopted to
keep patients hospitalized may have changed, when compared to
nowadays. Therefore, as the pandemic changed, the population to which
the instrument would apply may have changed accordingly. That does
not mean the instruments are useless. This means they need additional
assessments to check that their performance remains the same as cir-
cumstances change.

The different protocols for COVID-19 case management in the two
target hospitals of this study possibly influenced the outcome incidence
in different directions, as they had different clinical, structural, or
administrative criteria for directing patients to critical sectors and
different availability of ICU beds. It is possible that patients indicated for
admission to a critical unit remained in non-critical beds due to the
lower availability of ICU beds. On the other hand, this could make the
results inference to a more general population, although it makes it more
complex to define this population.

Another issue is the lack of specificity of the mode of death or organ
failure. This instrument may be accurate in predicting disease progres-
sion to critically ill condition but does not reveal which organ system
will fail, such as acute renal failure, thromboembolic events, etc. One
may intuitively understand that, depending on organ involvement,
different support and treatment measures may be preferential. Never-
theless, experienced health professionals may have a good hunch based
on clinical presentation or rely on the predictors that most deviate from
normal values.

Conclusions

The developed and validated prognostic model to predict the com-
posite outcome of critical illness and death has good performance and
could be recommended for clinical use on non-critical patients. The
prediction instrument is intended to be applied to patients with flu-like
symptoms, or suspected lung image, COVID-19 (suspected and later)
confirmed by a laboratory test in the first ER or ward admission day. The
decision thresholds are just recommendations based on the observed
data and could be ignored by an experienced caregiver who may choose
alternative limits. Attention must be paid to whether the future sce-
narios will continue to change, as the clinical benefit and the perfor-
mance in different settings are yet to be known. This is also true
regarding the limits of the recommended decision thresholds as the in-
hospital severity reduces or increases, the mixed distribution of pre-
dictions of those with and without the outcome may also move
accordingly and new thresholds may be required.

Ethics and patient consent statement

The study was developed in accordance with the Regulatory
Guidelines and Standards for Research involving Human Beings (Reso-
lution CNS/MS No. 466,/2012). All participants signed a written con-
sent. The Ethics Committee of the INI-Fiocruz registry and approval can
be accessed at https://plataformabrasil.saude.gov.br/login.jsf with
number CAAE 39520820.7.0000.5262.

CRediT authorship contribution statement

Vinicius Lins Costa Ok Melo: Writing — original draft, Project
administration, Investigation, Formal analysis, Data curation,

Global Epidemiology 9 (2025) 100181

Conceptualization. Pedro Emmanuel Alvarenga Americano do Bra-
sil: Writing — review & editing, Writing — original draft, Supervision,
Methodology, Investigation, Formal analysis, Data curation,
Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
0rg/10.1016/j.gloepi.2024.100181.

References

[1] Woo SH, Rios-Diaz AJ, Kubey AA, Cheney-Peters DR, Ackermann LL,

Chalikonda DM, et al. Development and validation of a web-based severe COVID-
19 risk prediction model. medRxiv. 2020.

[2] Gallo Marin B, Aghagoli G, Lavine K, Yang L, Siff EJ, Chiang SS, et al. Predictors of
COVID-19 severity: a literature review. Rev Med Virol 2021;31:e2146. https://doi.
org/10.1002/rmv.2146.

[3] Woolf SH, Chapman DA, Sabo RT, Zimmerman EB. Excess deaths from COVID-19
and other causes in the US, March 1, 2020, to January 2, 2021. JAMA 2021.
https://doi.org/10.1001/jama.2021.5199.

[4] Galloway JB, Norton S, Barker RD, Brookes A, Carey I, Clarke BD, et al. A clinical
risk score to identify patients with COVID-19 at high risk of critical care admission
or death: an observational cohort study. J Infect 2020;81:282-8. https://doi.org/
10.1016/j.jinf.2020.05.064.

[5] LiJ, Huang DQ, Zou B, Yang H, Hui WZ, Rui F, et al. Epidemiology of COVID-19: a

systematic review and meta-analysis of clinical characteristics, risk factors, and

outcomes. J Med Virol 2021;93:1449-58. https://doi.org/10.1002/jmv.26424.

Iuliano AD, Brunkard JM, Boehmer TK, Peterson E, Adjei S, Binder AM, et al.

Trends in disease severity and health care utilization during the early omicron

variant period compared with previous SARS-CoV-2 high transmission periods —

United States, December 2020-January 2022. MMWR Morb Mortal Wkly Rep

2022;71:146-52. https://doi.org/10.15585/mmwr.mm7104e4.

[7] Abdullah F, Myers J, Basu D, Tintinger G, Ueckermann V, Mathebula M, et al.
Decreased severity of disease during the first global omicron variant covid-19
outbreak in a large hospital in tshwane, South Africa. Int J Infect Dis 2022;116:
38-42. https://doi.org/10.1016/].ijid.2021.12.357.

[8] Paggi R, Barbiero A, Manciulli T, Miftode A, Tilli M, Lagi F, et al. Characteristics of
COVID-19 vaccinated and unvaccinated patients admitted to Careggi University
Hospital, Florence, Italy. Intern Emerg Med 2023;18:821-30. https://doi.org/
10.1007/511739-023-03231-w.

[9] Otto M, Burrell AJC, Neto AS, Alliegro PV, Trapani T, Cheng A, et al. Clinical
characteristics and outcomes of critically ill patients with one, two and three doses
of vaccination against COVID-19 in Australia. Intern Med J 2023;53:330-8.
https://doi.org/10.1111/imj.15884.

[10] Baker TB, Bolt DM, Smith SS, Piasecki TM, Conner KL, Bernstein SL, et al. The
relationship of COVID-19 vaccination with mortality among 86,732 hospitalized
patients: subpopulations, patient factors, and changes over time. J Gen Intern Med
2023;38:1248-55. https://doi.org/10.1007/s11606-022-08007-0.

[11] Costa GJ, Da Silva Junior JR, CCA Da Silva, TPF De Lima, Costa MM, MHO Sousa,
et al. Risk factors for death and illness severity in vaccinated versus unvaccinated
COVID-2019 inpatients: a retrospective cohort study. J Bras Pneumol 2023;49:
€20230145. https://doi.org/10.36416,/1806-3756/e20230145.

[12] Dabbagh R, Jamal A, Masud JHB, Titi MA, Amer YS, Khayat A, et al. Harnessing
machine learning in early COVID-19 detection and prognosis: a comprehensive
systematic review. Cureus 2023:15.

[13] ChenR, Chen J, Yang S, Luo S, Xiao Z, Lu L, et al. Prediction of prognosis in COVID-
19 patients using machine learning: a systematic review and meta-analysis. Int J
Med Inform 2023;177:105151. https://doi.org/10.1016/j.ijmedinf.2023.105151.

[14] Cardenas-Fuentes G, de Basea MB, Cobo I, Subirana I, Ceresa M, Famada E, et al.
Validity of prognostic models of critical COVID-19 is variable. A systematic review
with external validation. J Clin Epidemiol 2023;159:274-88. https://doi.org/
10.1016/j.jclinepi.2023.04.011.

[15] Buttia C, Llanaj E, Raeisi-Dehkordi H, Kastrati L, Amiri M, Mecani R, et al.
Prognostic models in COVID-19 infection that predict severity: a systematic review.
Eur J Epidemiol 2023;38:355-72. https://doi.org/10.1007/510654-023-00973-x.

[16] Maestre-Muniz MM, Arias A, Lucendo AJ. Predicting in-hospital mortality in severe
COVID-19: a systematic review and external validation of clinical prediction rules.
Biomedicines 2022;10:2414.

[17] Khan FN, Khanam AA, Ramlal A, Ahmad S. A review on predictive systems and
data models for COVID-19. In: Raza K, editor. Comput. Intell. Methods COVID-19
Surveill. Prev. Predict. Diagn. vol. 923. Singapore: Springer Singapore; 2021.

p. 123-64. https://doi.org/10.1007/978-981-15-8534-0_7.

[6

—


https://plataformabrasil.saude.gov.br/login.jsf
https://doi.org/10.1016/j.gloepi.2024.100181
https://doi.org/10.1016/j.gloepi.2024.100181
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0005
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0005
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0005
https://doi.org/10.1002/rmv.2146
https://doi.org/10.1002/rmv.2146
https://doi.org/10.1001/jama.2021.5199
https://doi.org/10.1016/j.jinf.2020.05.064
https://doi.org/10.1016/j.jinf.2020.05.064
https://doi.org/10.1002/jmv.26424
https://doi.org/10.15585/mmwr.mm7104e4
https://doi.org/10.1016/j.ijid.2021.12.357
https://doi.org/10.1007/s11739-023-03231-w
https://doi.org/10.1007/s11739-023-03231-w
https://doi.org/10.1111/imj.15884
https://doi.org/10.1007/s11606-022-08007-0
https://doi.org/10.36416/1806-3756/e20230145
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0060
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0060
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0060
https://doi.org/10.1016/j.ijmedinf.2023.105151
https://doi.org/10.1016/j.jclinepi.2023.04.011
https://doi.org/10.1016/j.jclinepi.2023.04.011
https://doi.org/10.1007/s10654-023-00973-x
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0080
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0080
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0080
https://doi.org/10.1007/978-981-15-8534-0_7

V.L.C.O. Melo and P.E.A.A. do Brasil

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Dabbagh R, Jamal A, Temsah M-H, Masud JHB, Titi M, Amer Y, et al. Machine
learning models for predicting diagnosis or prognosis of COVID-19: a systematic
review. Comput Methods Programs Biomed 2021;205:105993.

Bottino F, Tagliente E, Pasquini L, Napoli AD, Lucignani M, Figa-Talamanca L,

et al. COVID mortality prediction with machine learning methods: a systematic
review and critical appraisal. J Pers Med 2021;11:893.

Mudatsir M, Fajar JK, Wulandari L, Soegiarto G, [lImawan M, Purnamasari Y, et al.
Predictors of COVID-19 severity: a systematic review and meta-analysis.
F1000Research 2020;9:1107. https://doi.org/10.12688/f1000research.26186.1.
Mesas AE, Cavero-Redondo I, Alvarez-Bueno C, Sarria Cabrera MA, Maffei de
Andrade S, Sequi-Dominguez I, et al. Predictors of in-hospital COVID-19 mortality:
a comprehensive systematic review and meta-analysis exploring differences by age,
sex and health conditions. PloS One 2020;15:€0241742.

Izcovich A, Ragusa MA, Tortosa F, Lavena Marzio MA, Agnoletti C, Bengolea A,
et al. Prognostic factors for severity and mortality in patients infected with COVID-
19: a systematic review. PloS One 2020;15:e0241955.

VMT De Jong, Rousset RZ, Antonio-Villa NE, Buenen AG, Calster BV, Bello-
Chavolla OY, et al. Clinical prediction models for mortality in patients with covid-
19: external validation and individual participant data meta-analysis. BMJ 2022;
378:e069881. https://doi.org/10.1136/bmj-2021-069881.

Marcolino MS, Pires MC, Ramos LEF, Silva RT, Oliveira LM, Carvalho RLR, et al.
ABC2-SPH risk score for in-hospital mortality in COVID-19 patients: development,
external validation and comparison with other available scores. Int J Infect Dis IJID
Off Publ Int Soc Infect Dis 2021;110:281-308. https://doi.org/10.1016/j.
ijid.2021.07.049.

Costa Mello VL, Do Basil Americano, PEA.. Fully independent validation of eleven
prognostic scores predicting progression to critically ill condition in hospitalized
patients with COVID-19. Braz J Infect Dis 2024;28:103721. https://doi.org/
10.1016/j.bjid.2024.103721.

Brasil A. Nota técnica GVIMS/GGTES/ANVISA No 07/2020 Orientagoes para
prenvengao e vigilancia epidemiolégica das infeccoes por SARS-CoV-2 (COVID-19)
dentro dos servicos de satide. (Complementar a Nota técnica GVIMS/GGTES/
ANVISA No 04/2020). 2020.

Wong HYF, Lam HYS, Fong AH-T, Leung ST, Chin TW-Y, Lo CSY, et al. Frequency
and distribution of chest radiographic findings in patients positive for COVID-19.
Radiology 2020;296:E72-8. https://doi.org/10.1148/radiol.2020201160.
Vergouwe Y, Steyerberg EW, Eijkemans MJC, Habbema JDF. Substantial effective
sample sizes were required for external validation studies of predictive logistic
regression models. J Clin Epidemiol 2005;58:475-83. https://doi.org/10.1016/j.
jclinepi.2004.06.017.

Nattino G, Finazzi S, Bertolini G. A new calibration test and a reappraisal of the
calibration belt for the assessment of prediction models based on dichotomous
outcomes. Stat Med 2014;33:2390-407.

Landsheer JA. Interval of uncertainty: an alternative approach for the
determination of decision thresholds, with an illustrative application for the
prediction of prostate cancer. PloS One 2016;11:e0166007. https://doi.org/
10.1371/journal.pone.0166007.

Katikireddi SV, Cerqueira-Silva T, Vasileiou E, Robertson C, Amele S, Pan J, et al.
Two-dose ChAdOx1 nCoV-19 vaccine protection against COVID-19 hospital
admissions and deaths over time: a retrospective, population-based cohort study in
Scotland and Brazil. Lancet 2022;399:25-35. https://doi.org/10.1016/50140-
6736(21)02754-9.

Shamsabadi A, Mirzapour P, Heydari M, Mojdeganlou H, Karimi A, Pashaei Z, et al.
Identifying techniques and models for COVID-19 prediction. J Iran Med Counc
2023;6:207-28. https://doi.org/10.18502/jime.v6i2.12230.

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

Global Epidemiology 9 (2025) 100181

Farhanah N, Supriadi S, Wahjono H, Hadisaputro S, Gasem MH. Predictors of
mortality in sepsis patients resulting from severe and critical COVID-19. J Med
Chem Sci 2023;6:2018-27.

Wang C, Liu S, Tang Y, Yang H, Liu J. Diagnostic test accuracy of deep learning
prediction models on COVID-19 severity: systematic review and meta-analysis.

J Med Internet Res 2023;25:e46340.

Looi M-K. How are covid-19 symptoms changing? BMJ 2023;380:p3. https://doi.
org/10.1136/bmj.p3.

Lauring AS, Tenforde MW, Chappell JD, Gaglani M, Ginde AA, McNeal T, et al.
Clinical severity of, and effectiveness of mRNA vaccines against, covid-19 from
omicron, delta, and alpha SARS-CoV-2 variants in the United States: prospective
observational study. BMJ 2022;376:e069761. https://doi.org/10.1136/bmj-2021-
069761.

Liu H, Chen J, Shao W, Yan S, Ding S. Efficacy and safety of novel oral antivirals in
hospitalized COVID-19 patients: a network meta-analysis of randomized clinical
trials. Clin Epidemiol 2023;15:1041-53. https://doi.org/10.2147/CLEP.S422386.
Thompson MG, Natarajan K, Irving SA, Rowley EA, Griggs EP, Gaglani M, et al.
Effectiveness of a third dose of mRNA vaccines against COVID-19-associated
emergency department and urgent care encounters and hospitalizations among
adults during periods of delta and omicron variant predominance - VISION
network, 10 states, August 2021-January 2022. MMWR Morb Mortal Wkly Rep
2022;71:139-45. https://doi.org/10.15585/mmwr.mm7104e3.

Fischer A-L, Messer S, Riera R, Martimbianco ALC, Stegemann M, Estcourt LJ, et al.
Antiplatelet agents for the treatment of adults with COVID-19. Cochrane Database
Syst Rev 2023. https://doi.org/10.1002/14651858.CD015078.

Santos BC, Flumignan RL, Civile VT, Atallah AN, Nakano LC. Prophylactic
anticoagulants for non-hospitalised people with COVID-19. Cochrane Database
Syst Rev 2023;8:CD015102. https://doi.org/10.1002/14651858.CD015102.pub2.
Alnima T, Mulder MMG, van Bussel BCT, ten Cate H. COVID-19 coagulopathy:
from pathogenesis to treatment. Acta Haematol 2022;145:282-96. https://doi.org/
10.1159/000522498.

Flumignan RL, Civile VT, de Tinoco JDS, Pascoal PI, Areias LL, Matar CF, et al.
Anticoagulants for people hospitalised with COVID-19. Cochrane Database Syst
Rev 2022;3:CD013739. https://doi.org/10.1002/14651858.CD013739.pub2.

Liao D, Zhou F, Luo L, Xu M, Wang H, Xia J, et al. Haematological characteristics
and risk factors in the classification and prognosis evaluation of COVID-19: a
retrospective cohort study. Lancet Haematol 2020;7:e671-8. https://doi.org/
10.1016/52352-3026(20)30217-9.

Petrilli CM, Jones SA, Yang J, Rajagopalan H, O’Donnell L, Chernyak Y, et al.
Factors associated with hospital admission and critical illness among 5279 people
with coronavirus disease 2019 in New York City: prospective cohort study. BMJ
2020;369:m1966. https://doi.org/10.1136/bmj.m1966.

Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of classifying
prognostic comorbidity in longitudinal studies: development and validation.

J Chronic Dis 1987;40:373-83. https://doi.org/10.1016/0021-9681(87)90171-8.
Charlson M, Szatrowski TP, Peterson J, Gold J. Validation of a combined
comorbidity index. J Clin Epidemiol 1994;47:1245-51. https://doi.org/10.1016/
0895-4356(94)90129-5.

Wang D, Hu B, Hu C, Zhu F, Liu X, Zhang J, et al. Clinical characteristics of 138
hospitalized patients with 2019 novel coronavirus-infected pneumonia in Wuhan,
China. JAMA 2020;323:1061-9. https://doi.org/10.1001/jama.2020.1585.

Bao C, Liu X, Zhang H, Li Y, Liu J. Coronavirus disease 2019 (COVID-19) CT
findings: a systematic review and meta-analysis. J Am Coll Radiol JACR 2020;17:
701-9. https://doi.org/10.1016/j.jacr.2020.03.006.

Yang X, Jin Y, Li R, Zhang Z, Sun R, Chen D. Prevalence and impact of acute renal
impairment on COVID-19: a systematic review and meta-analysis. Crit Care 2020;
24:356. https://doi.org/10.1186/s13054-020-03065-4.


http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0090
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0090
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0090
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0095
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0095
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0095
https://doi.org/10.12688/f1000research.26186.1
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0105
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0105
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0105
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0105
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0110
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0110
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0110
https://doi.org/10.1136/bmj-2021-069881
https://doi.org/10.1016/j.ijid.2021.07.049
https://doi.org/10.1016/j.ijid.2021.07.049
https://doi.org/10.1016/j.bjid.2024.103721
https://doi.org/10.1016/j.bjid.2024.103721
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0130
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0130
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0130
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0130
https://doi.org/10.1148/radiol.2020201160
https://doi.org/10.1016/j.jclinepi.2004.06.017
https://doi.org/10.1016/j.jclinepi.2004.06.017
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0145
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0145
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0145
https://doi.org/10.1371/journal.pone.0166007
https://doi.org/10.1371/journal.pone.0166007
https://doi.org/10.1016/S0140-6736(21)02754-9
https://doi.org/10.1016/S0140-6736(21)02754-9
https://doi.org/10.18502/jimc.v6i2.12230
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0165
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0165
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0165
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0170
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0170
http://refhub.elsevier.com/S2590-1133(24)00047-6/rf0170
https://doi.org/10.1136/bmj.p3
https://doi.org/10.1136/bmj.p3
https://doi.org/10.1136/bmj-2021-069761
https://doi.org/10.1136/bmj-2021-069761
https://doi.org/10.2147/CLEP.S422386
https://doi.org/10.15585/mmwr.mm7104e3
https://doi.org/10.1002/14651858.CD015078
https://doi.org/10.1002/14651858.CD015102.pub2
https://doi.org/10.1159/000522498
https://doi.org/10.1159/000522498
https://doi.org/10.1002/14651858.CD013739.pub2
https://doi.org/10.1016/S2352-3026(20)30217-9
https://doi.org/10.1016/S2352-3026(20)30217-9
https://doi.org/10.1136/bmj.m1966
https://doi.org/10.1016/0021-9681(87)90171-8
https://doi.org/10.1016/0895-4356(94)90129-5
https://doi.org/10.1016/0895-4356(94)90129-5
https://doi.org/10.1001/jama.2020.1585
https://doi.org/10.1016/j.jacr.2020.03.006
https://doi.org/10.1186/s13054-020-03065-4

	ACCREDIT: Validation of clinical score for progression of COVID-19 while hospitalized
	Introduction
	Materials and methods
	Ethics
	Source data and settings
	Study participants
	Criteria and measurements
	Outcomes
	Potential predictors for the outcomes
	Data analysis

	Results
	Discussion
	Conclusions
	Ethics and patient consent statement
	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix A Supplementary data
	References


