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ABSTRACT

Machine Learning (ML) techniques have been employed in data analysis for generating
models able to support health care and management decisions, but in Brazil there is still a lack of
adequate data collection procedures in hospital environments, preventing a proper data analysis.
Here we discuss some approaches adopted to deal with these challenges and carry out analyzes of
hospital data to support reliable decision-making. From data stored in the COVID Data Sharing/BR
repository we set up two datasets for severity prediction of COVID-19 cases upon admission pa-
rameters. We explain decisions made in data preprocessing and discuss some results of the ML
models, including the possibility of generalizing these models across different hospitals. The best
AUC values achieved were around (.75, a value lower than that reported in related literature, which
can be explained by the absence of patient clinical information from the raw public repositories.
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1. Introduction

Inside the Artificial Intelligence (Al) research field, Machine Learning (ML) techniques
have been successfully used in several predictive and descriptive data analyses [Faceli et al., 2021].
Concerning the analysis of health data, ML systems are employed in model generation to support
medical diagnosis and prognosis of patients in view of the evolution of their symptomatic condi-
tions [Kononenko, 2001; Kourou et al., 2015]. Regarding COVID-19, since the beginning of the
pandemic ML models have been produced to diagnose patients with this disease [de Moraes et al.,
2020]. Some studies have also used ML techniques to build prognostic models capable of predicting
the development of a severe condition [Fernandes et al., 2021].

The results Zhang et al. [2020] point out that the levels of erythrocyte, D-dimer, albumin
and interleukin-6 sedimentation rate are closely related to the development of a severe condition.
Jiang et al. [2020] have found as the most important clinical variables to predict the development of
severe COVID-19 conditions the rate of alanine aminotransferase, the presence of body pain and the
level of hemoglobin. In a study carried out in Brazil, Fernandes et al. [2021] have reported the rate
of lymphocytes by C-reactive protein, C-reactive protein and Braden scale as the main predictors
of COVID-19 severity. The different results found may be a reflection of little comprehension
about COVID-19, as the disease is new and knowledge about its treatment is under continuous
adaptation. In addition, this divergence of results can also be attributed to specific characteristics
of the databases used in each study, and to characteristics of health data which carry out several
challenges, such as the absence of values in some patient records [Rahman e Davis, 2013], class
imbalance and input noise. As the ML analyzes are strongly data-driven, there is need a to guarantee
data quality in order to obtain valid generalizations [Hand, 1999; Roh et al., 2019].

In Brazil, a large developing country which was very impaired by the COVID-19 pan-
demic, there are some initiatives on data collection, storage and public availability. This is the case
of the COVID Data Sharing/BR' initiative, which contains laboratory and demographic information
from COVID-19 patients attended at some large hospitals from the Sdo Paulo metropolitan area.
This is an initiative supported by the Sao Paulo Research Foundation (FAPESP). In this repository,
it is possible to observe many differences related to the lab tests applied to each patient, resulting
in a high rate of missing values. There are also different nomenclatures for similar lab tests and
measurement units differences. Some databases do not have patient’s outcome information either.
There is a high variability on the type of data available per center too, which can be attributed to
differences in the profiles of the patients attended at each health center as well as the lack of a
standardized protocol for COVID-19 attendance and care in the Brazilian territory.

Summing up, there is a lack of adequate data collection culture in Brazilian hospital en-
vironments, which can lead to a large number of data inconsistencies and impair their analysis.
Therefore, although a large amount of data about patients is collected, there is a lack of standardiza-
tion and, in general, great challenges for organizing suitable datasets to support a reliable predictive
analysis. Inside this scenario we intend to contribute to the field by discussing and addressing some
possibilities to deal with these challenges. From data stored in the COVID Data Sharing - BR repos-
itory we assembled two datasets for severity prediction of patients with COVID-19. In this work
we will explain decisions made in data preprocessing and discuss some results of ML models built
from these datasets, including the possibility of generalizing these models across different hospitals.

This paper is divided as follows: Section 2 describes in detail the steps to assemble the
datasets used in this work. All the decisions made in data preprocessing were widely discussed
with one or more data experts (physicians). Their description can contribute to future works using
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the same raw database. Section 3 describes the methodology adopted to generate the ML models,
and again we explain some strategies employed to deal with health data particularities. Section 4
presents and discusses our results. Finally, Section 5 concludes this work.

2. Data assembling and preprocessing

Using patient data from health centers, it is possible to use ML techniques to build COVID-
19 diagnoses and/or prognosis models [de Moraes et al., 2020; Fernandes et al., 2021]. Some possi-
ble prognosis of positive COVID-19 patients include the future need for hospitalization , intensive
care units, respirators, among others [Fernandes et al., 2021; Abuabara et al., 2021]. Based on
patient data and on data from previous patients, ML models can give these expected prognosis of
a patient during early stages of the disease, helping the health centers and professionals in care
decisions and resource allocation.

The severity of COVID-19 cases can be defined in multiple ways. The evolution to death
clearly indicates a higher severity of the case. But even if a case does not evolve to death, a long
term hospitalization could leave sequels [Sagarra-Romero e Vifias-Barros, 2020] and also brings
high demands of human and material resources. In this paper we have adopted as severity criteria
14 or more days of hospitalization or death. Therefore, the need for a long term hospitalization is
also considered a proxy of the severity of the case.

Our ML predictive models use a supervised learning approach, which requires a labeled
dataset for training. The idea is to use retrospective data from patients admitted in a health center,
along with their outcomes, to build the labeled datasets. Two databases from the COVID-19 Data
Sharing Repository contain information on the patients outcomes: data from Hospital Sirio Libanés
(HSL) and data from Hospital Beneficéncia Portuguesa (HBP).

Each hospital’s raw database is composed of three files. The first is a table with demo-
graphic patient information like birth year and gender, the second registers laboratory tests results
performed at the hospital as well as reference values, and the third file contains some information
about the patient’s hospital stay and outcomes. Figure 1 represents all steps of data preprocessing,
which are also numbered for reference.

Inside each hospital database we found some inconsistencies in lab tests labels. They had
to be identified and renamed beforehand, with the aid of a domain expert (1). After that, the files
were joined, aggregating the demographic information from each patient to his/her outcome and lab
test results (2). At this point we had one table or dataframe per hospital, where each row refers to
one lab test result.

The next preprocessing step consisted of filtering just the lab tests of patients who have
confirmed COVID-19 diagnosis by CRP test up to the fifteen days after hospital attendance (3).
After filtering the tests of positive cases we have discarded laboratory tests done after the fourth day
of hospitalization (4). For each patient, when there is more than one result registered for a lab test,
only the first value was kept. The idea is to capture the status of patient admission, in order to give
early prognosis of severity (5). Next we kept data from only young and adult individuals, with age
superior to sixteen, as children’s lab tests results may be not comparable with those of the adults
(6).

In these hospital databases there are patients received at the emergency room, in the clinic
and hospitalized patients. Since our goal is to predict severity outcomes from hospitalization days
and death, we then kept only the hospitalized patients (7). A patient was considered hospitalized
only when the length of hospital stay was greater than one day. For several reasons such as hospital
overload, or for personal reasons, a patient could be discharged without being restored or cured. For
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Figure 1: Steps included in data preprocessing.

this reason, we kept only patients whose outcome was death, medical discharge cured or improved
medical discharge (8).

At this point we created a severity column to store each patient’s label, either as severe or
not. There is no agreement in the literature on how to classify a COVID-19 case as severe. In our
study we have adopted as severity criteria a hospitalization stay of 14 days or more, or death before
the 14th day of hospitalization. Regarding the number of 14 days, there is also no definition of how
long a hospitalization stay should be to be considered a long term hospitalization. An study about
long term hospitalization in China has adopted 14 days since this is the average number of days of
hospitalization in their cohort [Wu et al., 2020]. In one of our databases (HSL), 14 was also the
average number of hospitalization days, while in the other database (HBP) this number was 12. For
standardization purposes, we adopted 14 days for both hospitals as a long term stay.

The data was then transformed, with each patient becoming a row of the dataset and the
lab test results being stored in the columns. The next filter step consisted of removing patients
without blood counts results (9). With this step we eliminated patients with few recorded param-
eters and consequently reduced the percentage of missing values. Blood counts were adopted as
inclusion criterion because it is a lab test largely employed in hospital’s admissions in Brazil, due
to its low cost. Some patients were hospitalized more than one time. In these cases only the last
hospitalization record was kept in order to remove duplicates and dependency between instances
(10).

After that we plotted histograms to visualize data and observed the presence of outliers.
In health scenarios sometimes it can be difficult to automatically deal with outliers. While some
outliers are results of human or experimental errors, they can also be correct and anomalous when
the patient presents some health disturbances. At this point the datasets contained hundreds of
columns, making it impossible to perform a test-by-test expert evaluation. Facing this challenge,
we decided to eliminate the four most extreme values for each lab test (11). If the histogram was
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Table 1: Summary of the datasets used in this study, including number o patients, number of admission
tests considered, period of data collection, percentage of severe cases, percentage of male patients and age

statistics

Hosp. | §Pat. {Fea. Period % Sev. % Male Age [min-max]
HSL 1432 20 03/2020 - 05/2021 36.7 65.6 62.2[19 - 89]
BP 185 20 03/2020 - 01/2021 36.2 55.1 59.4 [24 - 86]

Table 2: Acronyms for the groups of models built

Group Description
I Internal cross-validation in HSL
I Internal cross-validation in HBP
1 External validation with training at HSL and testing at HBP

displaced to the left, the four most extreme major values were removed. The opposite reasoning
applies in the case of histograms displaced towards the right. When the histogram was centered,
the two most extreme values from both tails of the histogram were removed. The histogram plots
showed more equalized results after this step.

At this point there are still many lab tests with few values recorded. We decided to keep
the lab tests for which at least 50% of patients from each class (severe and non severe) are filled
(12). All remaining missing values are imputed using the filled data, which had to be representative
enough. Next we eliminated features with a variance lower than 0.05 (13). The features with low
variance across all patients have a low contribution to the ML models, since they are unable to
discriminate between patients of the two classes of interest. The remaining lab tests were then
examined by a domain expert, in order to eliminate those that are not COVID-19 related (14).
Besides that, for features pairs with a correlation index greater than 0.9, one of them was randomly
removed to eliminate data redundancies (15). Finally, we eliminated the lab tests that are not present
in one of the datasets, so that we can generate models that generalize across the two hospitals
considered. Table 1 summarizes the datasets main characteristics after all previous steps described
are performed, with number of patients, input features, period of data collection, percentage of
severe cases, percentage of male individuals and range of age. The two datasets, and the codes used
to preprocess them are available on github?.

3. Methodology

Three Machine Learning (ML) techniques with distinct biases were employed in the anal-
ysis of the datasets assembled in the previous section: Support Vector Machines (SVM), Gradient
Boosting (GB) and Random Forests (RF). SVM is based on the Statistical Learning Theory and
builds decision models separating data from different classes with a maximum margin. GB and
RF generate ensembles of Decision Tree models from data and have achieved state-of-the-art per-
formance in the analysis of tabular datasets such as ours. All implementations used are from the
scikit-learn Python package [Pedregosa et al., 2011].

We developed three groups of models, referred next as I, II and III, as summarized in
Table 2. In groups I and II we trained and tested the ML models using data from a same hospital,
in an internal 10-fold cross-validation setup. Herewith, each dataset was divided into ten folds
of approximately equal size while maintaining the proportion of observations per class. Next, ten
train-test rounds of the previous ML models were performed. At each round, one data fold was
left out for testing while the remaining folds composed the training set. As the proportion of non-
severe cases is quite high compared to the proportion of severe cases, a random subsampling of the

*https://github.com/gabivaleriano/defend-severity
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Figure 2: Methodology employed to assemble models of groups I, II and III.

majority class samples was performed in the training datasets. This is necessary because when faced
with highly imbalanced datasets, the ML techniques tend to favor the majority class in detriment
to the minority class. This random subsampling step was repeated ten times to avoid any sample
bias. Summarizing, 100 models are built per dataset and ML technique, as schematized in the top
of Figure 2.

In the models of group III we employed data from HSL in the training step and data from
HBP in the testing step. With these results we can obtain insights about the ability to generalize
models across hospitals. As data used for training were also imbalanced, the random subsampling
strategy was employed again, 10 times, so that 10 models were trained in this experiment. We
adopted only HSL data for training because this dataset has a large amount of data and consequently
a more representative sample which increases the reliability of the models trained. We can also
interpret the results from these experiments as an external validation of the results achieved from
models trained and tested with internal cross-validated HSL data.

Missing data in the datasets were input using a three-nearest neighbor strategy based on
training data. For each observation with a missing value, the three-nearest neighbors in the training
dataset are sought. The missing values were imputed as the average of the filled feature values of
these neighbors.

Each of the ML techniques has a hyper-parameter that must be defined before the train-
ing step. Different choices for their values can result in different accuracy performances. In this
work we adopted a Bayesian optimization procedure for hyper-parameter tuning available at the
Python hyper-opt package [Bergstra et al., 2015]. This approach employs past evaluations to build
a probabilistic model, which is used to choose the best hyper-parameter values.

Finally, the evaluation of the predictive results of the ML models in the test sets was
performed according to three representative metrics: AUC (Area Under ROC Curve), Sensitivity
(accuracy in the severity class) and Specificity (accuracy in the non-severe class). These metrics
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Table 3: Predictive results achieved for severity prognosis of COVID-19 cases in models of groups I, II, and
III. SVM refers to the Support Vector Machine classifier, GB denotes the Gradient Boosting classifier and

RF refers to the Random Forest classifier. Best results per metric and dataset are in bold.

SVM GB RF
Models | AUC  Sensit.  Specif. | AUC  Sensit. Specif. | AUC  Sensit.  Specif.
1 0.684  0.636 0.634 0.756  0.749 0.695 0.756  0.693 0.683

I 0.731  0.704 0.683 0.755  0.789 0.733 0.724  0.619 0.703
1 0513  0.973 0.019 0.747  0.663 0.754 0.748  0.640 0.736

vary in the [0,1] range and, the higher the value, the better the results achieved. For AUC, results
around 0.5 are bad and correspond to a random prediction. Average and standard deviation values
across the multiple training-test runs were recorded.

4. Experimental Results and Discussion

Table 3 presents the average predictive performance for models of groups I, II and III,
induced for COVID-19 severity prognosis. The best performance values per metric and ML model
are highlighted in bold in the table. In the models assembled for groups I and II we have adopted
a ten fold cross-validation approach to train and test the models with data from the same hospital
(HSL in group I and HBP in group II). As described previously, we also trained a third group
(group III), in order to verify the possibility to generalize the results across different health centers.
Data from HSL was used for training the ML models, which were tested with data from HBP. For
each train-test round the model performance was registered, and the average and standard deviation
(SD) were calculated. The SD for models of group I were under 0.08. For models of group II SD
values were between 0.1 and 0.2, an expected result since the cohort of patients was smaller in HBP
compared to HSL. For models of group III the SD values were under 0.07.

In the three scenarios, it was possible to achieve AUC results close to 0.75. The sensitivity
and sensibility values varied more. GB was the best performing technique in all metrics for scenar-
ios I and II. That is, the cross-validation results within each hospital are better for this technique,
both in terms of AUC, sensitivity and specificity.

Taking the group III and SVM results, we notice a prominence in the correct classification
of severe cases (high sensitivity), while the performance is very deteriorated for the non-severe class
(low specificity). Therefore, the SVM model shows an atypical behavior classifying all patients as
severe. This reflects in the AUC value, which is close to 0.5, representing a random predictive
behavior. For GB and REF, the results of the external validation in group III were more similar to
those of the internal validation (model I).

In a previous work [Valeriano et al., 2022] we employed the same raw databases to predict
severity, but including also patients received at the hospitals’ clinic and emergency rooms. Predict-
ing severity for hospitalized patients only is more challenging since they already have a more severe
condition than the non-hospitalized patients, making it more difficult to distinguish severe from
non-severe cases. Because of that, we inserted here some extra steps to improve data quality (steps
6,7, 8,13, 14 and 16) compared to our previous work and also inserted a Bayesian optimization for
a better hyper-parameter tuning [Putatunda e Rama, 2018].

Similar studies to predict severity for hospitalized patients showed better predictive per-
formances than our models, with AUC scores of up to 0.92 in [Kim et al., 2020] and around 0.885-
0.897 in [Fernandes et al., 2021]. But these work included more clinic variables unavailable in our
cohort, such as BRADEN scale and the initial symptoms (dyspnea and initial body temperature).
The clinic information has a great prediction power of COVID-19 clinical aggravation. In a previ-
ous work using other database containing only symptoms and commorbidities of a set of Brazilian
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citizens performing a COVID-19 test, we were able to classify severe patients with an AUC of 0.954
[Abuabara et al., 2021]. Therefore, we expect that by aggregating clinic information to the lab tests
results the predictive performance metrics can be improved. In the absence of this information the
results are not satisfactory, but they show at least the correlation between severity and the results of
routine lab tests performed in the first days of hospital admission.

The results also show evidence that models can be generalized between the two hospitals
considered. We believe that this was possible because these hospitals attend a similar population,
from the same city and with similar social and financial conditions. Except for the SVM classifier,
the results presented for models of group III are similar to those presented for models of groups I
and II.

An interesting point for future studies is to investigate the influence of data distribution.
In a study published by Yoon et al. [2018], a novel approach is presented to deal with related but
different databases. The authors propose a translation from one dataset to another, using a multiple
GAN (Generative Artificial Network) architecture. This translation between datasets resolve prob-
lems of different features and different distributions. Adopting such an approach in the datasets of
this work could improve the results for models of group III, since it would eliminate differences
in datasets distributions and also would allow to include more features in the models that were not
included here because they are absent from one of the datasets. Another relevant matter for future
studies is the adoption of a more robust method to data imputation [Beretta e Santaniello, 2016].

We would like to point also the benefits of public health repositories such as COVID Data
Sharing - BR. From data available in this initiative different works have been produced [Pimentel
et al., 2021; Thimoteo et al., 2020; dos Santos e Berton, 2021], allowing to enlarge the comprehen-
sion of the COVID-19 disease diagnosis and prognosis in our country. Unfortunately, the repository
has not been updated for over a year and the evolution of variants and the disease dynamic in these
hospitals could not be accessed. The difficulty to access health data discourage researchers from
dedicating their efforts to data analysis, and also delays the benefits that society could receive from
such research.

As an example of how ML can support decision making in a health center one can mention
the COVID-19 Capacity Planning and Analysis System (CPAS) developed in the United Kingdom
(UK) [Qian et al., 2021]. Working with the National Health System (NHS) the authors imple-
mented a system for supporting decisions in different levels. The system is able to give insights
from different perspectives, for different groups of decision makers and gives an accurate forecast
of ICU demands for several time windows and possible policies implemented to face the pandemic.
CPAS is trained using data that reflects the complete patient journey from hospital admission, ICU
admission, mechanical ventilation and finally hospital release or death. The authors worked with
data from COVID related ICU admissions from 94 hospitals, comprising general health conditions
of patients, specific risks of COVID, basic demographic information and what treatments they re-
ceived. For the severe patients the authors also accessed details of measurements of these patients,
physiological status of the first 24 hours, organ support status records, database containing all the
details of all admissions and all outpatient consultation information.

The authors cite an illustrative case to show the potential of CPAS to aid resources man-
agement of one specific hospital. In one of the pandemic waves, with growing cases and hos-
pitalizations, the hospital management was planning to convert some existing general wards into
ICU wards, and maybe transfer some patients to another hospital. The result of CPAS simulating
predicted the ICU admission of between 20 - 50 patients. With this estimation, the hospital man-
agement decided to convert some wards into ICU wards and that there was no need for transferring
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patients. The hospital actually admitted 42 patients to the ICU in this period, showing the CPAS
capacity of providing accurate and useful predictions. A major effort on data collection in hospitals
would be needed in Brazil in order to take advantage of similar decision support systems.

S. Conclusions

Brazil has faced the proliferation of several contagious diseases in recent years, the most
recent case being the COVID-19 pandemic. Reference hospitals in large Brazilian cities face many
difficulties in managing their resources and professionals during these periods. Some of the major
issues observed in health data in Brazil, one of the countries most affected by the COVID-19 pan-
demic worldwide, are: getting data access; lack of standardization in procedures adopted during
patient care and on laboratory and clinical exams requested; changes in data collection procedures
through time; large amounts of inconsistent and missing data; different population mixes and char-
acteristics per health center; a high class imbalance; among others. All of them make it difficult to
assemble ML predictive models which are reliable and general enough for practical usage.

In this work we assembled two datasets from the COVID Data Sharing BR repository to
predict which hospitalized patients would evolve to a severe condition, defined as an hospitalization
longer than 14 days or death. We discussed all decisions taken in data preprocessing as well as
in ML model training using such data. Two approaches were used for building and evaluating the
prognosis models: an internal 10 fold cross-validation using data from each hospital; and a cross-
hospital training and testing. In both cases the ML models reached AUC up to 0.75, which we
believe can be raised if clinical information currently unavailable in the raw databases are used.
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