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Abstract
Optimizing intensive care resources using predicting modeling is paramount for fighting
the COVID-19 pandemic. In this paper, we model the admission of COVID-19 patients
in intensive care units (ICU) in Colombia using openly available data gathered from 18
March 2020 to 14 October 2020. After an intensive preprocessing of the data, we
trained four different machine learning models using four different strategies for
handling the imbalanced features. Our findings show that our best model (XGBoost)
effectively predicts an Area Under the Curve (AUC-ROC) of 0.94, in line with the
state-of-the-art results obtained in other predictive models obtained with medical data.

1 Introduction 1

In, January 2022, after more than two years since the appearance of COVID-19 and 2

more than 5 million global deaths and more than 400 million global cases [1], the severe 3

acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic has turned into one 4

of the biggest global societal challenges of the 21st century due to its collateral 5

consequences in mental health, economic and societal levels. From the perspective of 6

the health care systems, compared to previous global pandemics, the main difference is 7

the ratio of people infected in need of intensive care. COVID-19 virus has sent patients 8

to Intensive Care Units (ICU) more often than previous related coronaviruses. These 9

units contain artificial breathing systems necessary to keep the patients alive. The 10

collapse of these units has been fundamental in augmenting the number of dead patients. 11

To avoid an excess of casualties, it is necessary to create robust and accurate strategies 12

to predict when patients need to be transferred to ICU. 13

Machine learning methods have become ubiquitous in all areas of knowledge and 14

become a strategic tool for inference and prediction [2–4]. Healthcare is not an 15

exception, and given the importance of finding strategies to fight against COVID-19, a 16

thousand research papers have recently appeared in prognostic and diagnostic modeling. 17

Given the importance of this research topic for improving the global conditions of the 18

general population, exploring as many areas as possible is of paramount importance. 19

However, some efforts to improve the clarity of the reported results and possible biases 20

are needed [5]. More recently, some critics have pointed out that several machine 21

learning models have been deployed in hospitals without proper testing [6]. Moreover, 22

the consensus among specialists is that most of the developed models have not been 23

helpful in the fight against COVID-19 [5, 7]. 24
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Because of the synergies created due to the intense digitization of medical 25

services [8] and the rapid reaction of several research groups around the world, the 26

research literature has exploded, and many research products predicting the expansion 27

of COVID-19 at different stages have appeared in the last year [9]. Moreover, despite 28

the efforts to make available as much as possible the gathered data, it is essential to 29

highlight that most of the models have been created using medical data records that, for 30

privacy reasons, are difficult to share openly. Moreover, despite the high scores in the 31

obtained models, it is clear that the lack of diversity in the fitted data makes difficult 32

the broad adoption of most of the published results [10]. In this regard, one of the best 33

use of machine learning methods should be in epidemiological modeling, for instance, by 34

predicting the possible contagious mortality rate of ICU occupancy. The obtained 35

models could help improve decision-making at different institutional levels. 36

In this work, to the best of our knowledge, we present the first machine learning 37

models for predicting ICU admission of patients affected by COVID-19 fitted using 38

openly available data, without including risks factor or comorbidities. This paper is 39

organized as follows; in the first part, understandable state-of-the-art machine learning 40

models used to predict ICU admission are presented and discussed. In the next part, 41

the Research methodology shows the nature of the data used, including the 42

preprocessing and the machine learning models employed. Then, in the Results and 43

Discussion, we present the outcomes of the studied models and their comparison with 44

the scientific literature. The last part concludes our research by presenting the learned 45

lessons and future research. 46

2 state-of-the-art 47

The importance of finding effective strategies using numerical methods to fight 48

COVID-19 at all levels has mobilized numerous academic resources and collaboration to 49

create valuable models. The following is a comprehensive review of the literature in 50

which research related to the use of machine learning methodologies in the prediction 51

for the use of intensive care units for patients with positive cases of COVID-19 at the 52

international level is presented. For each job, the size of the dataset, the algorithms 53

used, and the performance measures with their associated results are presented. 54

In the prediction models of intensive care units, we find the first approximation from 55

the statistical models within which we can find works such as that of Bonadia et al. [11]. 56

The authors used data from patients from an Italian hospital to predict the mortality 57

and the intensive care unit of COVID-19 patients through lung ultrasound data. In this 58

work, the authors present an assessment scale used to estimate the severity identified in 59

the ultrasound scans of each patient; this value allowed to significantly predict the final 60

clinical result (death/survival) and the need for admission to the ICU. 61

In the work by Kottlors et al. [12], researchers used data from patients from two 62

German hospitals and used a multivariate logistic regression analysis to study 58 63

individuals with confirmed COVID-19 infection. They started with a low-dose 64

computed tomography (LDCT) scan of each patient, and estimates of body composition 65

were made. As a result, it was possible to identify that the relationship between waist 66

circumference and paravertebral muscle circumference (FMR), in addition to age, were 67

significant predictors of the need for treatment in the ICU of mentioned patients 68

Salles-Neto et al. [13] developed an open application named Forecast UTI, which uses 69

polynomial regression models adjusted to the fifth degree to forecast the number of ICU 70

beds occupied by COVID-19 patients. They calculated the root-mean-square of forecast 71

error (RMSE) for each model and chose the model with the lowest RMSE. The data 72

used are artificial and are helpful to observe the performance of the information system. 73

The Forecast UTI software is proposed as a resource to support predictions on the needs 74
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of intensive care units in health systems, especially the Brazilian healthcare system. 75

Another investigation of the statistical model line was done by Allenbach et al. [14]. 76

Here, data from 152 patients of a French hospital to construct a predictive model. 77

External validation was carried out with 132 patients from a different French hospital. 78

For the modeling, logistic regression was used, and internal validation was carried out 79

from re-samplings. It stands out that up to 35% of the patients with COVID-19 80

hospitalized in a medical ward were transferred to the ICU or died on day 14. The 81

transfer rate to the ICU was also quantified at 11.6%. 82

Colombi and coauthors [15] proposed four models using logistic regression to 83

evaluate the relationship between clinical parameters and chest computed tomography 84

metrics versus patient outcomes in terms of whether they were admitted to the ICU. 85

One of the models only considered clinical data. At the same time, the remaining three 86

included a progressive addition of categories. For this research, they analyzed 236 87

patients from the emergency department of an Italian hospital. As a result, the model 88

showed a performance for models that incorporated clinical aspects, and in addition to 89

data from other categories, an Area Under the Curve (AUC-ROC) of 0.86 was obtained 90

(See Table 1). Schalekam et al. [16] proposed a risk model to predict admission to the 91

ICU or death, based on the analysis of data from 356 patients from two Dutch hospitals 92

and using logistics regression. The data considered in the model included clinical data, 93

chest radiographs, and laboratory results. The model had a performance measured in 94

the AUC-ROC of 0.77. 95

Chao et al. [17] used data from 295 patients from three hospitals located in the 96

United States, Iran, and Italy, related to demographic aspects, vital signs, and 97

laboratory findings of patients with diagnostic images of computed tomography of the 98

chest, to predict the need for intensive care units (ICU) by patients with positive 99

COVID-19, using deep learning techniques; the results obtained show an outstanding 100

performance in the prediction, obtaining an AUC-ROC of 0.884 and a sensitivity of 101

96.1%. 102

On the other hand, Schwab et al. [18] used data from 5644 patients from a hospital 103

in Brazil to evaluate the performance of clinical prediction models, which used 104

autonomous learning. The purpose was to predict the positive diagnosis of COVID-19 105

positive, or whether they will need hospitalization or intensive care. In this research, 106

techniques such as logistic regression, neural networks, support vector machines, 107

random forests, and increasing gradients were used. Specifically, relating to the 108

prediction of intensive care units, this research managed to obtain an AUC-ROC 109

performance of up to 0.98, the best performances are in the models that used logistic 110

regression and support vector machines (See Table 1). 111

Another investigation carried out by Wollenstein-Betech et al. [19] using open data 112

offered by the Mexican government on patients who presented tests for COVID-19, 113

developed personalized models for the prediction of hospitalization, mortality, the need 114

for an ICU, and the need for a ventilator for patients with a positive diagnosis for 115

SARS-CoV-2. In this research data from 91,000 patients were used, and the analyzed 116

information were demographic aspects, previous medical conditions, test results, 117

hospitalization, mortality and whether a patient has developed pneumonia or not. For 118

the development of the models, classification methods such as logistic regression and 119

support vector machines were used, as well as random forests and decision trees 120

powered by gradients. 121

Regarding the prediction of intensive care units, a precision of 80% with an AUC of 122

0.54 was obtained as a performance measure, in addition, the model also allowed us to 123

identify that among the most important conditions of said prediction are the 124

development of pneumonia (if available), cardiovascular disease, asthma, and COVID-19 125

test status. Having data on the development of pneumonia by the patient improves the 126
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performance of the model, increasing the precision to 82% and the AUC-ROC to 0.63 127

(See Table 1). 128

Another important contribution was made from the research of Mejía-Vilet [20], in 129

this work, data were taken from 569 patients from a Mexican hospital divided into two 130

cohorts, one for development and the other for validation, within said data aspects were 131

considered demographics, medical history, and laboratory tests, in addition to a series of 132

scores that offer clinical models on the behavior and evolution of the patient’s health, 133

based on these three prediction models were built using logistic regression analysis, the 134

first it was called ABC-GOALSc which considered only clinical variables, the second 135

ABC-GOALScl which considered clinical and laboratory variables and the third, 136

ABC-GOALSclx, considered clinical variables, laboratory and x-ray images. Of the 137

three previously mentioned models, the one that presented the best performance was 138

the so-called ABC-GOALSclx, achieving an AUC-ROC of 0.86 (See Table 1). 139

Cohen et al. [21] also included in their research a prediction on intensive care units, 140

in this work, a set of data on diagnostic chest images was used, which were obtained 141

from different sources and contained information from different countries and continents. 142

The training of the developed model was carried out through linear or logistic regression 143

with predetermined parameters of Sci-kit learn and considered six characteristics, the 144

performance of the model was measured with AUC-ROC and AUC-PRC (area under 145

the recovery curve precision), and the results are presented in (See Table 1). 146

In another case, Zhao et al. [22] used data from 641 patients from a hospital in the 147

United States, which contained information related to demographic medical records, 148

comorbidities, and laboratory tests, based on these data a logistic regression was used 149

for the construction of the model, the Performance precision was evaluated using 150

AUC-ROC, in which a value of 0.74 ([95% CI % 0.63–0.85], p = 0.001) was obtained. 151

Additionally, five significant variables were identified that predict admission to ICU, 152

which are presented in Table 1. Vaid et al. [23] based on data from 4098 patients from 153

five hospitals in the United States, developed a model for predicting mortality and the 154

need for a critical care unit (ICU), using the XGBoost classifier, the predictions were 155

established for 3, 5, 7, and 10 days. As a result, an AUC of 0.80 at 3 days, 0.79 at 5 156

days, 0.80 at 7 days, and 0.81 at 10 days was obtained. 157

In the research by Li et al. [24], the objective was to predict admission to the 158

intensive care unit (ICU) and hospital mortality in patients with COVID-19 from a risk 159

scoring system that used clinical variables, to achieve this they considered data from 160

5,766 patients suspected of being infected with COVID-19 in the period between 161

February and May 2020 in the United States. Based on the aforementioned data, a deep 162

neural network (DNN) prediction model was constructed, which showed the following 163

performance data: AUC-ROC = 0.780 (95% CI [0.760–0.785]), sensitivity = 0.760, 164

specificity = 0.709 and F1-score = 0.551 in the prediction of ICU admission. 165

Cheng et al. [25] used data from 1987 patients registered in a hospital in the United 166

States, diagnosed with COVID-19 between February and April 2020, these data 167

considered demographic information, clinical evaluations, and laboratory results. The 168

main objective of the study was to predict admission to the ICU within 24 hours from 169

the moment of prediction, for which a Random Forest (RF) model was used. As a 170

result, an AUC-ROC of 0.95 was obtained. 171

Dan et al. [26] used data from 733 patients diagnosed with COVID-19, 909 variables 172

in three categories: demographic, clinical and course examinations, and laboratory 173

indicators, with this dataset, used a support vector machine (SVM) models to predict 174

ICU admission. The results show an accuracy score was 0.83 and an AUC-ROC score 175

was 0.84. Also analyzed, the model considered ten clinical variables separately and the 176

AUC-ROC was between 0.95 (oxygen saturation) and 0.83 (lymphocyte absolute value). 177

Podder et al. [27] using models of random forest, XGBoost, logistic regression, Naïve 178
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Bayes, Light Gradient Boosting Machine (LGBM), Multi-Layer Perceptron (MLP) and 179

extra trees predicted ICU requirement. The authors used data from 5644 samples and 180

11 attributes. This dataset was imbalanced as 90.10% samples were for negative cases 181

representing people without COVID-19. As a result, COVID-19 detection can be 182

predicted with an AUC-ROC of 91% using a stacking ensemble with Naïve Bayes, 183

LGBM, and logistic regression; another stacking and voting show AUC-ROC scores 184

between 0.89 and 0.91; regarding individual models MLP, LGBM and Naïve Bayes 185

achieved an AUC-ROC score of 0.9. 186

Subudhi et al. [28] compared the performance of 18 machine learning algorithms to 187

predict ICU admission, the algorithms belonged to 9 broad categories: ensemble, 188

Gaussian process, linear, Naive Bayes Machine-based, tree-based, nearest neighbor, 189

support vector neural network models and discriminant analysis. The data set to train 190

the model used in this investigation included 1,144 patients, and the validation data set 191

included 334 patients. The results show that all ensemble-based models had a mean 192

precision-recall area under the curve (AUC-PR) score of more than 0.77, the best score 193

for AUC-ROC were for the AdaBoost Classifier, Random Forest Classifier, and Bagging 194

Classifier, which got a value of 0.8. 195

Jamshidi et al. [29] used data from 263 adult patients with COVID-19 infection, who 196

were admitted to ICUs at different hospitals to make an early prediction of mortality 197

using machine learning. The models used were Logistic regression and random forest, as 198

a result, the random forest model shows superior performance on both training and 199

validation sets and predicts patient outcomes with a 0.7 sensitivity and 0.75 specificity. 200

Lorenzen et al. [30] used Random Forest models to predict ICU admission and 201

ventilator use for all patients with a positive COVID-19 test. The sample of patients 202

was 34012 patients who tested positive for COVID-19. The results show a prediction for 203

a 5-day risk of ICU admission with an AUC-ROC of 0.986 and a 5-day risk of use of 204

ventilation with an AUC-ROC of 0.995. 205

Finally, Heo et al. [31] who retrospectively analyzed the data of 5193 patients from 206

one hundred Korean hospitals, said the data included seven variables and corresponded 207

to the period between January and June 2020. In this work, two logistic regression 208

models were used to predict admission to nursing units. intensive care, each of them, 209

was differentiated by its predictors. The results showed that the two models had similar 210

behavior, while the one that exclusively included clinical variables achieved an 211

AUC-ROC of 0.884; the model that considered radiological and laboratory variables 212

obtained an AUC-ROC of 0.880. 213

Table 1. Summary of the state-of-the-art.
Author Algorithm and methodology AUC-ROC Dataset Size

Logistic regression with clinical parameters and % V-WAL
< 73%

0.83
(0.78,0.88)

Colombi et al.
(2020) [15] Logistic regression with clinical parameters and % S-WAL

< 71% and AT area>262 cm2

0.86
(0.80,0.90) 236 patients

Logistic regression with clinical parameters and % VOL-
WAL < 2.9 L% and AT area>262 cm2

0.86
(0.81,0.90)

Support Vector Machines 0.98 (0.95,1)
Logistic regression 0.98 (0.93,1)

Schwab et al.
(2020) [18] Neural networks 0.97

(0.94,0.99) 5644 patients

Random Forest 0.97 (0.92,1)
Continued on next page
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Table 1 – continued from previous page
Author Algorithm and methodology AUC-ROC Dataset Size

XGBoost 0.67
(0.53,0.98)

Support Vector Machines - Before knowing if the patient
has developed pneumonia

0.538

Logistic regression - Before knowing if the patient has de-
veloped pneumonia

0.548

Wollenstein-
Betech et al.
(2020) [19]

Random Forest - Before knowing if the patient has developed
pneumonia

0.541

XGBoost - Before knowing if the patient has developed
pneumonia

0.554 91000 patients

Support Vector Machines - After knowing if a patient has
developed pneumonia or not

0.623

Logistic regression - After knowing if a patient has developed
pneumonia or not

0.633

Random Forest - After knowing if a patient has developed
pneumonia or not

0.630

XGBoost - After knowing if a patient has developed pneu-
monia or not

0.639

Logistic regression - ABC-GOALSc (Validation cohort) 0.77 (0.71,
0.86)

Mejía-Vilet et
al. (2020) [20] Logistic regression - ABC-GOALScl (Validation cohort) 0.87 (0.83,

0.92) 569 patients

Logistic regression - ABC-GOALSclx (Validation cohort) 0.86 (0.81,
0.90)

Cohen et al.
(2020) [21] Logistic regression 0.81 (0.70,

0.90) 369 patients

Zhao et al.
(2020) [22] Logistic regression 0.74 641 patients

XGBoost at 3 days 0.8
Vaid et al.
(2020) [23] XGBoost at 5 days 0.79 4098 patients

XGBoost at 7 days 0.8
XGBoost at 10 days 0.81

Dan et al.
(2020) [32] Support Vector Machines (SVM) Lasso models 0.95 733 patients

Cheng et al.
(2020) [25] Random Forest

0,74 ([95%,
CI

[0.63–0.85], p
= 0.001)

1987 patients

Li et al.
(2020) [24] Deep Neural Network (DNN)

0,780 (95%
CI

[0,760–0,785])
5766 patients

Heo et al.
(2021) [31] Logistic regression models (Models with clinical variables) 0.884 5193 patients

(Model with clinical, radiological and laboratory variables) 0.880
Random Forest (RF) 0.99
Multilayer perceptron (MLP) 0.95
Light Gradient Boosted Machine (LGBM) 0.88

Continued on next page
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Table 1 – continued from previous page
Author Algorithm and methodology AUC-ROC Dataset Size

Naive Bayes (NB) 0.64
Extra Trees Classifier 0.91

Podder &
Mondal

(2020) [27]
Stacking 1 (RF, XGB, LR) 0.97 5644 patients

Stacking 2 (NB, LGBM, LR) 0.88
Voting 1 (Extra trees, RF, LGBM) Hard 0.99
Voting 1 (Extra trees, RF, LGBM) Soft 0.99
Voting 2 (MLP, NB, LGBM) Hard 0.85
Voting 2 (MLP, NB, LGBM) Soft 0.84

Related works with models for prediction of ICU admission using different machine 214

learning algorithms and strategies, AUC-ROC score, and size of the dataset. 215

3 Research Methodology 216

Public available data gathered from the National Institute of Health of Colombia1 were 217

used to train different machine learning models for the prediction of whether a patient 218

is readmitted or not to ICU. The data with the information from all hospitals are stored 219

and updated daily in two steps at the INS’s website. First, the data corresponding to 220

the patient’s health situation on a given day k is saved in an individual file named 221

according to that date. This file summarizes the patients’ information, with their 222

current status and locations. On the following day (k + 1), the file with the previous 223

day’s information is copied, and the new copy is named with the new date. The status 224

and location of the patients are updated according to their current situation; for 225

example, if a patient on day k was at the hospital, and the next day (k + 1) is moved to 226

ICU, the status and location will change in the newly created file. Information 227

regarding new patients is appended to this new file as well (See Fig 1). Therefore, the 228

original dataset was a number of 210 files, corresponding to the number of days between 229

8 March 2020 to 14 October 2020. It is worth mentioning that patient data is available 230

since March 14, 2020, however, the format and available features consigned in these files 231

are different, so we don’t include them in the present study. 232

The file’s data are fetched from the web page of the INS and preprocessed to obtain 233

a clean, unique dataset for training different machine learning models. We have used a 234

random split of 70% for training and 30% for testing. Later, five-fold cross-validation 235

with a random grid search was applied to optimize the parameters, considering a set of 236

metrics for assessing the best model. The diagram in Fig 2 displays the general 237

workflow used in this paper. 238

3.1 Data preprocessing 239

The data used in this paper was the set of historical files because not the last compiled. 240

We used the data in this manner because in this way it is possible to track the change in 241

status of each patient since it is added to the registry. The final dataset was composed 242

of several CSV files with information from 18 March 2020 to 14 October 2020. It 243

contains information from 930159 patients, but after a check of missing values and 244

preprocessing, the final size was 843019 patients, where the final information for each 245

one is presented in each row of data. The data preprocessing step included several 246

1Instituto Nacional de Salud (INS) (https://www.ins.gov.co/)
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Fig 1. Scheme of updating data. General representation of the daily updating of
the data in the public database. A new recorded dataset was generated every day upon
updating the existing status of the patients and by appending the information about
newly added patients.

Fig 2. Machine learning pipeline. Diagram representing the complete steps
performed in this work. First, the data is preprocessed and then divided for training
and testing. Posteriorly, four different machine learning models in combination with
four techniques for dealing with imbalanced data are adjusted, including a search of
optimal parameters. The final performance of each model is evaluated using five
different metrics.

operations, such as removing records without information or inconsistent values. The 247

final dataset contains features such as the case-ID (caso), notification date (fecha de 248

notificación), department (departamento)2, municipality (municipio), age (edad), 249

2Political organization of Colombia.
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sex (sexo), contagion source (fuente de contagio), symptom onset date (fecha de 250

inicio de sintomas), date of death (fecha de muerte), date of diagnosis (fecha de 251

diagnostico), date of recovery (fecha de recuperacion), and last, several columns with 252

information related to the location (ubicación) and the status (estado). These values 253

might appear differently at each day following the changes in the condition of the 254

patient. The feature location had values as recovered (recuperado), deceased (fallecido), 255

hospital (hospital), hospital_uci (hospital_uci), NaN and home (casa), originally those 256

values were different and there were additional values due to misspelling. For the 257

feature status, a combination of similar terms was found; therefore we decided to join 258

them into a single feature3. In general, bad spelling was found across several files, 259

therefore manually constructed dictionaries were used to create a homogeneous dataset. 260

Given the foregoing, the dataset was preprocessed in every feature to obtain the 261

count of days for every value in location and status, i.e., columns were introduced with 262

numerical values informing the number of days in each condition then dictionaries were 263

created to unify the values per feature. These features correspond to date values, then 264

they were changed into the ordinal number of the day in the year. This allowed 265

obtaining the number of days that a given patient was infected. The relative count was 266

done with respect mainly to the notification date value. Symptom onset date, date of 267

death, date of diagnosis, or date of recovery, were used (in that order) for some cases 268

when the information about the notification date was not available. In other cases, the 269

estimation of days that a person was infected, was obtained by taking the difference 270

between the date of recovery or date of death with notification date or symptom onset 271

date, or date of diagnosis. 272

Afterward, the preprocessing operations described above a final dataset was created, 273

including a set of the original features, with other new features created with the values 274

of location/status. These new features included the number of days a patient was at the 275

house, at the hospital, and at the ICU. The final dataset contains four additional 276

variables. The first one is a variable that includes the days a patient is infected but 277

without clinical support (days in-home care), and the second one counts the days the 278

patient is infected but with clinical support but no intensive care (days in-hospital 279

care), the third one considers the days the patient is in ICU (days in ICU) and the 280

last one is a feature indicating whether a patient was or not in the ICU (ICU binary), 281

this is the feature to predict. Features such as municipality were omitted to owe to refer 282

a geographical location that is covered by the department. Table 2 presents the features 283

included in the original data along with the obtained via preprocessing. Groups 1, 2, 3, 284

and 4 show the features that originally were in the data, group 5 show features obtained 285

from features in groups 3 and 4, and finally, the feature in group 2 was not used due to 286

this feature had only values: related, imported and in the study but, just a few cases 287

were imported and most of them were related which means that most of the people were 288

infected in contact with domestic people. Features in groups 1 and 5 were considered in 289

the model. 290

3.2 Statistical description of the dataset 291

Foremost, class 0 represents people who have not been in ICU and class 1 people who 292

have; hence there are 836123 people in class 0 which is 99.18%, and 6896 in class 1 293

which is 0.82% (See Table 3). Additionally, Fig. 3 shows the distribution of the 294

quantitative features such as Age, Days in-home, Days in-hospital care, and Days in 295

ICU, also the distribution of ICU cases in each department, which is to stand out as the 296

general trend of the data. 297

3In Spanish, the term estado has two meanings: status and state. This was a source of confusion in
the original dataset, and the reason why location and status appear as a combined feature.
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Table 2. Original and derived features of the dataset.
Group Features Type Classes

Age Quantitative Integer (0-100)
Department Qualitative 36 Departments

1 Sex Qualitative Male, Female
Ethnic group Qualitative 5 (Unknown, Indigenous, Black, Romani, and other)
Asymptomatic Qualitative Yes, No

2 Contagion sources Qualitative Imported, Related, In study
Symptom onset date Qualitative Date (DD/MM/YY)

3 Date of death Qualitative Date (DD/MM/YY)
Date of diagnosis Qualitative Date (DD/MM/YY)
Date of recovery Qualitative Date (DD/MM/YY)

4 Location / Qualitative Recovered, Deceased
Status Hospital, Hospital_UCI, Home, NaN

Days in-Home care Quantitative Integer (0-101)
5 Days in-Hospital care Quantitative Integer (0-126)

Days in ICU Objective Integer (0-142)
ICU Binary Qualitative Yes, No

The information shows the original characteristics of the data together with features obtained from those.

Table 3. Description of the dataset used in this work.
Parameter Age Days in-home Days in-hospital care Days in ICU

Count 843019 (6896) 843019 (6896) 843019 (6896) 843019 (6896)
Mean 39.5 (60.19) 25.1 (14.8) 1.07 (5.85) 0.12 (14.43)
STD 18 (17.25) 7.78 (10.72) 6.51 (10.13) 2.13 (18.72)
Min 0 (0) 0 (0) 0 (0) 0 (1)
25% 27 (51) 21 (8) 0 (0) 0 (2)
50% 37 (62) 25 (13) 0 (0) 0 (8)
75% 51 (72) 29 (19) 0 (9) 0 (18)
Max 115 (100) 211 (101) 149 (126) 142 (142)

Statistical description of the dataset used in this work. In parentheses and bold, the statistical
parameters of the data corresponding to patients who required ICU.

Table 3 shows some descriptive parameters of the quantitative features of the 298

dataset, though despite that, the feature days in ICU are considered among the 299

descriptive analysis, it was not used to train the models. Moreover, the evident 300

imbalance in data suggests that additional strategies should be considered in the 301

training of the machine learning models. Table 3 also shows the same descriptive 302

parameters just for patients who required ICU, in parentheses and bold. 303

The chart (a) in Fig 3 displays the distribution per age of infected people, 304

considering the distribution of those who survive, and those who did not, furthermore, 305

inserted at the top-left of (a) the chart shows a constant increase in the percentage of 306

the mortality rate of people as a function of the age. The chart (b) in Fig. 3 shows the 307

distributions of the quantitative features Days in-home (top-left-side) i.e., the 308

distribution of days that people infected have been treated in the home, Days 309

in-hospital care (top-right-side) i.e., the distribution of days that people were in hospital 310

care and Days in ICU, i.e., the distribution of days that people required ICU. 311
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(a) (b)

(c)
Fig 3. Distribution of people infected by quantitative variables and
department (a) Upper-Left. The increasing mortality rate by age. Main chart. The
distribution of people infected by age, considering survivors (blue) and not survivors
(orange). (b) Upper-Left. Distribution of people infected according to the recovery days
in-home. Upper-Right. Distribution of people infected according to recovery days
in-hospital care. Main chart. Distribution of people infected according to recovery days
in ICU. (c) Distribution of people infected by Departments, considering Departments as
an administrative unit in Colombia.

3.3 Modeling 312

The final dataset was used to train four different machine learning models: logistic 313

regression, random forest, extreme learning machine (ELM), and extreme gradient 314

boosting (XGBoost). The aim was to predict whether a patient would be readmitted to 315

ICU after being diagnosed positive for COVID-19. The data was highly imbalanced; 316

therefore, several cutting-edge methodologies for dealing with imbalanced data were 317
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Table 4. Compilation of the best obtained results.
Score Logistic Regression1 Random Forest2 XGBoost3 ELM4

AUC-ROC 0.88 0.94 0.94 0.85
Precision (Class 1) 0.04 0.08 0.07 0.07
Recall (Class 1) 0.81 0.84 0.85 0.79
f1-score (Class 1) 0.08 0.14 0.14 0.12

Accuracy 0.85 0.92 0.91 0.91
1 Logistic Regression cross validation with parameter class_weight in balanced.
2 Random Forest with the parameter class_weight equal to balanced.
3 Extreme Gradient Boosting with a parameter scale_pos_weight equal to 100.
4 Extreme Learning Machine with random oversampler as a balancing class method.

Summary of the best AUC scores for the different machine learning methods and imbalance techniques.

tested for each trained model: near-miss, random-over-sampler, Smote-Tomek, and 318

balanced bagging classifier. In some cases, built-in options included in some classifiers 319

for handling imbalanced data were tested. 70% of the data were used for training and 320

30% for testing. All calculations were performed with five-fold cross-validation and 321

randomized grid-search using the python libraries scikit-learn [33] and scikit-elm [34] for 322

the models, and the imbalanced-learn library for handling the imbalanced data [35]. To 323

check the performance of all models, the AUC-ROC is used. 324

The first method, and baseline for our results, was a logistic regression model with 325

cross-validation considering the hyperparameter class_weight as balanced. The second 326

technique used was the random forest model with the class_weight parameter set to 327

balanced. In the third technique, XGBoost models were trained, including the 328

hyperparameter scale_pos_weight. The ELM model was trained with only the four 329

imbalance techniques. 330

The main performance metric observed was AUC-ROC, but measures such as 331

precision, recall, and even accuracy were necessary due to in some cases despite the 332

AUC-ROC, the accuracy could display a good performance, on the other side, a 333

measure as recall could be indicating not a good performance in the minority class. 334

Logistic regression was tested in different settings, five-fold cross-validation taking 335

class weight balanced to cover the imbalance in data, and near-miss, random over 336

sampler, and balance bagging classifier were also tested. The trained models produce 337

similar results regarding performance. Although the technique near-miss produced the 338

worst performance compared to the rest, its value in recall was similar. In A logistic 339

regression model without considering the imbalance, the accuracy is 0.99, but the recall 340

in class 1 is 0. 341

The random forest models were tested with randomized search and five-fold 342

cross-validation using the hyperparameter class weight balanced, whose performance 343

was equivalent to that of logistic regression models. Therefore, models with an 344

equivalent recall were chosen. Thirdly, the extreme boosting models also were tested 345

with randomized search cross-validation considering the hyperparameter 346

scale_pos_weight due to the imbalance in data. 347

Results and Discussion 348

Afterward, the best were chosen based on the best performance measures to run the 349

models using the strategies for imbalance classes, even those embedded into them. The 350

logistic regression, random forest, and extreme gradient boosting models ran with 50 351

iterations, and the extreme learning models with 100 iterations. However, both random 352

forest and XGBoost show better performance than logistic regression and extreme 353
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learning machines; even so, the performing measures of these are according to 354

state-of-the-art and the input variables proposed. 355

Fig 4. Performance metrics. Summary of the performance metrics obtained for the
best machine learning algorithms after testing different balancing methods.

Table 4 sums up the results obtained, showing general measures as AUC-ROC and 356

Accuracy, and measures for each class as precision, recall, and f1-score. In contrast, the 357

general measures show a good performance, but the values by class do not display a 358

good prediction, as [36] said, in an imbalanced dataset, precision-recall is more 359

informative than the AUC-ROC, even so, contributes to getting a general idea about of 360

the performance of the models. However, these are still a better indicator insomuch as 361
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looking at the best model to predict people admitted in ICUs. 362

One of the relevant problems identified in the performance indicators is the low 363

value for precision; according to this, there are many false positives, that is, patients 364

who were not admitted to ICUs as admitted patients, this result overestimates the 365

number of people who will need intensive care equipment and healthcare personal which 366

could be costly in economic terms and additionally creating panic scenarios. The above 367

would depict a logistic situation that is difficult to handle due to any healthcare system 368

would not be equipped to care for this proportion, despite that, the recall value provides 369

a good performance predicting people as they need an ICU, and they need it, the true 370

positives, this will assure that most people who need an ICU will have, but, as we saw, 371

with an over-estimating the number of cases. 372

The results previously exposed set some concerns about the performance of the 373

proposed models, however, the AUC-ROC values in comparative terms in [37] and [18] 374

whose AUC-ROC was 0.98 in both cases and the best AUC-ROC proposed in this paper 375

is 0.94 for Random Forest and XGBoost, where the AUC-ROC value appears as the 376

most crucial indicator even whether the dataset is imbalanced, although as [38] pointed 377

out recall and precision are essential in imbalanced datasets, nevertheless, it insists that 378

AUC-ROC as the most important metric, the performance of the models is similarly 379

despite [37] considers variables as age, Body Mass Index (BMI), sex, 380

smoker/non-smoker status and diagnoses, temporal data included time and date of 381

COVID-19 PCR tests, hospital, and ICU admissions (due to COVID-19), use of 382

mechanical ventilation, medications ministered, laboratory tests performed and vital 383

signs, which is a considerable difference regarding the information used in this work, 384

even considering the research in [32] where 909 variables were considering, and the 385

AUC-ROC reported was 0.95, thus most of the studies reported AUC-ROC values in the 386

same scale, but there were a generalized use of information often not public as medical 387

information recorded daily in hospitals, information from medical record and 388

information about comorbidities of patients. 389

With the information previously exposed, the role of the AUC-ROC metric is 390

understandable as regards the performance of the model, but as it stands out in [38] 391

sensitivity and specificity contribute to improving the performance per class since in 392

practice, these could imply resources, thus, whether measures as recall and precision 393

enhance, the overall performance increase and with these the reliability of the model. 394

Finally, it is important to notice that the use of open datasets presents a challenge 395

concerning obtaining the best information possible such as in the preprocessing in the 396

development of the models, for instance, the possibility to obtain the days that a 397

patient’s stay in the home, hospital care or ICU, suggests that even the model could be 398

updated daily to obtain a new prediction which in practice would allow making 399

decisions on time. 400

Conclusions 401

In this paper, we presented the results on the modeling of Intensive Care Units (UCIs) 402

occupancy of COVID-19 patients using machine learning methods trained with open 403

data. Our findings showed that openly available data without compromising personal 404

information could be used to make predictions with high scores. 405

Preprocessing is an integral part of data analysis, insomuch as, being openly 406

accessible data, the information contained is limited, which leads to designing strategies 407

to extract implicit information. In this case, identifying failures in capturing data 408

suggests cleaning operations and minimizing errors. 409

As highlighted, the datasets used in the different proposals in state-of-the-art 410

consider datasets with a set of medical variables that are usually not in open datasets. 411
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Therefore, a prior would be suitable to think that the more medical variables are 412

considered, the better the performance measures are obtained. Although it seems 413

evident, the results obtained with some demographic variables and how long the patients 414

were during the infection provide good results. Further studies could include data from 415

the other COVID-19 waves, as well as data from other countries for comparison. 416

Considering the current situation of the pandemic, especially the vaccination, that in 417

itself modified the virus behavior into the population, is not comparable with the results 418

obtained in this study, insomuch as this was accomplished before the development of 419

vaccines and this is not considering changes induced in the population dynamics. 420
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