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BACKGROUND

The Covid-19 pandemic provided the motive and momentum for the development of
internationally coordinated efforts to analyse health data to be able to understand the disease’s
manifestation (symptoms), risk factors (including co-morbidities), and potential outcomes
(morbimortality) [1]. Nonetheless, this global health emergency soon manifested its socio-
economic facets, as we saw the most disadvantaged communities being affected exponentially
more than the wealthier sections of the population [2] [3], as well as becoming apparent that
the Covid-19 pandemic was capable of exacerbating even further already existing socio-
economic inequalities [4] [5]. Subsequently, it is important to have a comprehensive
understanding of all of the factors that affect and are affected by any given globally significant
health-related event, such as Covid-19, to promote proper care provision and prescription of
treatment at the individual health level, as well as improving the overall use of medical
resources [6] and incentivizing better informed policy-making, planning and organization of
work processes and inter-sectorial collaboration at the public health level [5]. In this regard,
public sector, administrative datasets, containing what is increasingly being referred to as “real-
world evidence”, represent an unprecedented resource to develop socially significant and
appliable research. In this study, we aimed to use real-world data to build bio-socio-economic
prediction models for mortality and intensive care unit (ICU) admission among patients
hospitalized with suspected COVID-19 in Brazil, to support managers and policymakers in

dealing with a phenomenon such as the COVID-19 pandemic.

METHODS
This is a retrospective cohort study of patients hospitalised with COVID-19 between February

2020 and July 2022 in Brazil. The study conduct and reporting of methodology and findings



followed the Transparent Reporting of a multivariate prediction model for Individual

Prediction or Diagnosis (TRIPOD) guidelines [7]

Patients were followed from the date of hospital admission to the date of discharge or death.
All enrolled patients were over 18 years old and were tested for COVID-19 by RT-PCR or
rapid antigen testing. The patients’ data were retrieved from the Sindrome Respiratoria Aguda
Grave (SRAG) database [8], which includes national records of hospitalizations due to Severe

Acute Respiratory Syndrome (SARS), and is made openly available by the Ministry of Health.

The study outcome is a composite variable of the occurrence of at least one of three critical in-
hospital events: invasive mechanical ventilation (IMV) support, intensive-care unit (ICU)
admission or death. After reviewing the existing literature on risk factors of critical in-hospital
events among COVID-19 patients [6] [9] we selected 31 variables from the SRAG database to
perform predictive modelling, namely: age, sex, race, education level (later excluded because
of excessive missing values — 61.9%), material deprivation (measured with the Brazilian
Deprivation Index [10]) as a proxy of socioeconomic status, macro-region of residence, pre-
existing comorbidities (cardiovascular disease, diabetes, obesity, cancer, asthma,
immunodeficiency, chronic kidney disease, other chronic lung disease, chronic hematologic
disease, down syndrome, chronic liver disease, chronic neurological disease), symptoms of
severe acute respiratory syndrome (fever, cough, sore throat, dyspnoea, respiratory distress,
low oxygen saturation, diarrhoea, vomit, abdominal pain, fatigue, loss of smell, loss of taste),

and an indicator of vaccination against COVID-19.

The data were randomly split for the model building (training set: 75%) and model validation
(test set: 25%). We then balanced the number of outcome events in the training set to ensure

correct predictions. Model parameters were estimated on the training set conditional on the



value(s) of the tuning parameters. Model validation was applied to the test set. In total numbers,

35,616 patients were used for model training and 19,484 for validation.

We used logistic regression and machine learning approaches to build prediction models of
critical in-hospital events. We first estimated a logistic regression model with all predictors and
dropped those that were not statistically significant. The remaining predictors were then used
to build prediction models of critical in-hospital events using logistic regression and machine
learning approaches. We evaluated the predictive performance of the models using the AUC
and the root mean square of residuals. We assessed the relevance of the predictors to the model
predictions using the loss of variable importance (1-AUC) after permutation [11]. Analyses

were performed using the statistical software R version 3.6.

RESULTS

In total, 97,768 patients were enrolled in the study cohort. During 1,163,089 person-days,
36,358 (37.2%) ICU admissions, 67,078 (68.6%) received mechanical ventilation support, and
25,775 (26.4%) deaths occurred. Overall, 75,457 patients (77.2%) had experienced at least one
critical in-hospital event. At the date of hospital admission, the median age was 61 years
(interquartile range 46, 74 years), with most men (54.5%) and individuals of white race (49.6%),
predominantly resident in the South (23.8%) or Southeast (49.6%) regions. The median
hospitalization duration was 8 days (interquartile range 4, 14 days). The most prevalent chronic
conditions were cardiovascular disease (44.0%), diabetes (23.9%), and obesity (8.0%), while
the least prevalent was hematologic disease (0.8%). The most prevalent COVID-19 symptoms
were cough (69.5%), dyspnoea (68.4%), and fever (55.9%), while the least prevalent was

abdominal pain (0.8%).

Overall, the models exhibit little variation in performance for critical in-hospital events

prediction (figure 1). AUC values ranged from 0.6515 to 0.7002 (highest for the neural network



model) and root mean square of residuals from 0.468 to 0.563 (lowest for the neural network

model) (figure 2).

In the neural network model (figure 3), the fifth and eleventh most relevant predicting factors
for our outcome were, respectively, region of residence and socioeconomic deprivation level.
The former featured right after respiratory distress and before having been vaccinated against
Covid-19, whilst the latter appeared to be more important than suffering from

immunodeficiency, cardiovascular disease and other chronic lung disease.

CONCLUSIONS

The results of this study highlight the relevance of including socioeconomic factors in
modelling efforts to understand Covid-19 or any other health phenomena, if the purpose is to
inform properly coordinated intersectoral actions to preserve the health of the population.
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Figure 1. Receiver operating characteristic curves and AUC values of critical in-hospital events
among patients hospitalised with laboratory-confirmed COVID-19 in Brazil. AUC, area under the
receiver operating characteristic curve.
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Figure 2. Boxplots of residuals for predicting critical in-hospital events among patients hospitalised
with confirmed COVID-19 in Brazil.




Feature Importance: Neural network

AGE

SATURATION

DYSPNOEA

RESPIRATORY DISTRESS

REGION OF RESIDENCE

OBESITY

COUGH

VACCINATED AGAINST COVID 19
CHRONIC KIDNEY DISEASE
DIABETES

SOCIOECONOMIC DEPRIVATION LEVEL
CANCER

SORE THROAT
IMMUNODEFICIENCY

FATIGUE

SEX

CHRONIC NEUROLOGICAL DISEASE
CARDIOVASCULAR DISEASE

RACE

FEVER

DOWN SYNDROME

CHRONIC LIVER DISEASE

VOMIT

CHRONIC HEMATOLOGIC DISEASE
OTHER CHRONIC LUNG DISEASE
ABDOMINAL PAIN

DIARRHEA

LOSS OF SMELL

ASTHMA

LOSS OF TASTE

Prediction Factor

0.2800

0.3000 0.3200 0.3400 0.3600
One minus AUC loss fter permutations

Figure 3. Importance of predictor variables in the neural network model predicting critical in-
hospital events among patients hospitalised with COVID-19 in Brazil.




