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Abstract
The COVID-19 pandemic, which began in late 2019, has become a global public health problem, resulting in large
numbers of infections and deaths. One of the greatest challenges in dealing with the disease is to identify those people
who are most at risk of becoming infected, seriously ill and dying from the virus so that they can be isolated in a
targeted manner to reduce mortality rates. This article proposes using machine learning, speci�cally neural networks,
and random forests, to build two complementary models that identify the probability that a person has of dying
because of COVID-19. The models are trained with the demographic information and medical history of two population
groups: 43,000 people who died from COVID-19 in Colombia during 2020, and a random sample of 43,000 people who
became ill with COVID-19 during the same period but later recovered. After training the neural network classi�cation
model, evaluation metrics were applied that yielded an 88% accuracy value. However, transparency is a major
requirement for the explicability of the COVID-19 prognosis. Therefore, a complementary random forest model was
trained that identi�ed the most signi�cant predictors of mortality by COVID-19.

Introduction
Arti�cial intelligence has recently been used in medicine for the detection and treatment of diseases. One of the most
successful �elds of arti�cial intelligence application in disease detection has been machine learning. Machine learning
consists of the use of computer algorithms to train mathematical and statistical models from large volumes of data
that can include diagnostic images, laboratory tests and medical records. Through this training, the models can identify
patterns in the data, which can then be applied to analyze new datasets. For example, a machine learning model can be
trained with a large set of patient cell images that tell the algorithm which images belong to cancer patients, and which
do not. After training the model, it is expected that it will be able to identify whether the patient has cancer1. Some
machine learning algorithms, such as SVM, random forest (RF) and neural networks (NN)2–4, have been successfully
used in the diagnosis of diseases such as diabetes5,6, Alzheimer's7, heart disease8, cancer9,10, liver cirrhosis11 and
chronic kidney disease12-14, among others15-19.

The COVID-19 pandemic, which originated in late 2019 in China, caused by a coronavirus similar to that which causes
the common cold and severe acute respiratory syndrome (SARS), has become a major public health problem and has
infected more than 184 million people worldwide, causing more than 3.9 million deaths by the �rst half of 202120. The
general isolation measures taken by governments worldwide have not been su�cient to contain the advance of the
disease and have had a negative impact on the local and global economy. Figure 1 graphically presents the growth in
the number of daily cases of COVID-19 worldwide20. One of the great challenges in dealing with the disease is to
identify the people who are most at risk of becoming infected, seriously ill and dying from the virus to isolate them
selectively and thus reduce mortality rates.

This article proposes the use of machine learning, speci�cally neural networks, to build a model that identi�es the
probability that a person has of dying from COVID-19. The demographic information and disease diagnosis history of
the individuals, coded according to the International Classi�cation of Diseases (ICD) are input into the model. In
previous works21, neuronal networks capable of predicting the risk of presenting pathologies such as chronic kidney
disease have been presented, taking a similar set of data22-25. These models obtain accuracy values greater than 95%.
Other works related to the use of machine learning in the diagnosis of COVID-19 propose models for the detection of
new cases26,27, the use of neural networks for case detection by chest X-rays28-30, the use of models to identify
factors that in�uence patient mortality31,32, and to identify other environmental factors that may affect the spread of
the epidemic33. These works demonstrate that neural networks obtain the highest accuracy compared to other machine
learning approaches.
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However, despite the tremendous performance of neural networks, they work as black-box systems, and their
effectiveness is limited by their inability to explain their predictions to experts. The problem of explainability in arti�cial
intelligence is not new34, but the rise of machine learning as a very successful classi�cation technique has created the
necessity to understand how these systems make a prediction to increase user reliability and trust35. Therefore, this
paper proposes an alternative prediction model using random forests that enables the identi�cation of the most
signi�cant predictors of mortality by COVID-19. The choice of random forests to complement the neural network model
is based on recent works that demonstrate its higher accuracy over other explainable machine learning algorithms
applied to the prediction of COVID-19 and their ability to identify relevant features compared to other available feature
selection techniques36,37.

Results
In this section, the evaluation of two previously trained machine learning models is carried out. For this, a set of
classi�er evaluation metrics derived from the confusion matrix technique is applied.

Neural network evaluation
The objective of metrics for evaluating classi�cation algorithms is to identify the predictive ability of the model. To
achieve this goal, the classes predicted by the algorithm for each example in a test set are compared with the actual
value of the class, and thus, it is identi�ed whether the model correctly classi�ed the data. A widely used technique is
the confusion matrix, in which the examples classi�ed correctly and incorrectly are counted, grouping them into true
positives, true negatives, false positives and false negatives38.

Figure 2 graphically shows the confusion matrix for the �nal neural network model. The x-axis corresponds to the real
values, and the y-axis corresponds to the values predicted by the model. Position (1,1) corresponds to the number of
true positives, position (0,0) to the true negatives, position (0,1) to the false positives, and position (1,0) to the false
negatives. As seen in the graph, the network correctly classi�es 88% of the cases and failed in 12%. Of this percentage
of errors, most correspond to false positives; that is, the model predicts that the person will die when he or she recovers.

From the confusion matrix, the set of metrics presented in Table 1 can be obtained. These metrics con�rm the predictive
ability of the classi�er obtained through the accuracy metric and a tendency of the model to more accurately predict the
positive examples with respect to the negative examples. This can be observed by considering that the sensitivity value,
which measures the proportion of correctly classi�ed positive examples, is higher than the speci�city value, which
measures the proportion of correctly classi�ed negative examples.
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Table 1
Neural network

evaluation metrics.
Metric Value

Sensibility 89%

Speci�city 87%

Precision 87%

Recall 89%

F-Measure 88%

Accuracy 88%

AUC 95%

For binary classi�cation algorithms, a metric known as the area under the curve (AUC) can be used39. This metric is
used to determine the balance between detecting true positives and avoiding false positives. To do this, it shows the
detection ratio of true positives on the y-axis and the ratio of false positives on the x-axis. Figure 3 shows the ROC curve
obtained along with its AUC value.

Comparison with the random forest model
Table 2 presents a comparison of the main metrics obtained after applying the neural network and random forest
models. The table shows that the best classi�er is the neural network with an accuracy value of 88%.
 

Table 2
Model comparison metrics.

Metric Neural Network Random Forest

Sensibility 89% 87%

Speci�city 87% 86%

Precision 87% 86%

Recall 89% 87%

F-Measure 88% 86%

Accuracy 88% 87%

AUC 95% 87%

The sensitivity metric, which measures the proportion of positive examples correctly classi�ed, shows a better
performance of the neural network against the random forest. The same situation occurs for speci�city, where the
neural network obtains a higher value than the random forest model. The precision metric indicates the proportion of
examples that are truly positive, and the recall metric measures how complete the results are and is similar to the
sensitivity of the model. The value of the F-measure corresponds to a balance between precision and recall and
simpli�es the performance of a classi�cation algorithm in a single metric. Finally, the area under the curve (AUC) of the
neural network model again exceeds that of the random forest because of its tendency to correctly identify true
positives and avoid false positives.

Discussion
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The neural network and the model trained with the random forest were able to identify patients at risk of dying from
COVID-19, with accuracy values of 88% and 87%, respectively. This demonstrates the predictive capacity of both models
and their effectiveness in identifying patterns in large datasets, as well as their application in the early detection of
diseases and other health risk conditions. Future work will include implementing the model to predict the total
population of Colombia to identify the people with the highest level of risk within the health system and to take the
necessary measures for their protection. A web application that, applying the trained model, allows people to consult
their individual risk level is also planned.

Signi�cant predictors
A very important feature of random forest is that although it is a black-box model, it is possible to know the importance
that the algorithm gives to each input variable. Importance measures the impact that each variable has on the �nal
model prediction. In the case of the model trained with demographic and health care data, the distribution of values
indicated in Table 3 was obtained. In this table are the 10 variables with the greatest importance for the model. The age
variable was �rst, followed by a set of diagnoses, including hypertension (I10), diabetes mellitus (E10.9, E11.9 and
E10.8), obesity (E66.9 and E66.0), chronic obstructive pulmonary disease (J44.9) and chronic renal disease (N18.9).
These diagnoses coincide with the medical theory that points to these variables as the main risk factors for death from
COVID-1940. Other diagnoses, such as prostate hyperplasia (N40), may be associated with aging, considering that the
main risk factor is the age of the patients. Although some studies have shown that mortality in men may be different
than in women41,42, for the trained model, the sex variable has a lower degree of importance than factors associated
with age and pre-existing diseases.

Table 3
Importance of variables.

Variable Description Relevance

Age Patient age in years 0.273151

I10 Essential (primary) hypertension 0.094111

E10.9 Type 1 diabetes mellitus without complications 0.027660

E66.9 Obesity, unspeci�ed 0.022811

J44.9 Chronic obstructive pulmonary disease, unspeci�ed 0.022095

N40 Benign prostatic hyperplasia 0.010785

E11.9 Type 2 diabetes mellitus without complications 0.010263

E66.0 Obesity due to excess calories 0.007944

N18.9 Chronic kidney disease, unspeci�ed 0.007802

E10.8 Type 1 diabetes mellitus with unspeci�ed complications 0.007176

Methods
This section describes the techniques used following the CRISP-DM methodology to perform data capture and
treatment, training and optimization of the machine learning models built to predict the risk of death by COVID-19. The
CRISP-DM methodology is considered a standard for the data analysis project life cycle and includes descriptions of the
basic project phases, the tasks required in each phase and the relationships between the tasks. Among its advantages
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over other methodologies is its �exibility, since it can be easily adapted to any data exploitation project, such as
automatic learning43. A general overview of this methodology is presented in Fig. 4.

Data collection
The dataset required for creating the machine learning models was obtained from the SEGCOVID and RIPS databases
of the Colombian Ministry of Health and Social Protection. SEGCOVID is a web application that records the follow-up of
suspected and con�rmed cases of COVID-1944. The RIPS database (Registro Individual de Prestación de Servicios de
Salud) contains information on medical care provided to all members of the health system in Colombia since 200945.
Two samples were taken from the population: one corresponding to 43,000 people who died in Colombia from COVID-
19 during 2020 and the other a group of 43,000 people who fell ill from COVID-19 during the same period but
subsequently recovered. The next step was to integrate the two groups of people in the same table called "Patients",
adding for each record the �elds: ID or unique anonymized identi�er of the person, sex, age, ethnicity, place of residence,
and the label "Dead" which indicates with a "1" if the person belongs to the group of deceased patients or with a "0" if he
or she belongs to the group of recovered patients. Figure 5 shows some example data taken from the “Patients” table.
The total number of records in this table was 86,000.

Finally, the "Diagnoses" table was created, in which all the diagnoses identi�ed in the RIPS database were added for
each person in the "Patients" table, as well as the number of medical treatments provided for this diagnosis. This set of
diagnoses included the diseases detected in these individuals up to December 31, 2020. This table has 1,076,718
records, corresponding to 86,000 persons and 8,111 diagnoses of diseases. Figure 6 shows some example data taken
from the “Diagnoses” table.

Ethical Statement
The database is privately owned by the government of Colombia. However, for experimentation it is stated that all
methods have been carried out in accordance with the relevant guidelines and regulations. The Colombian committee
of scienti�c medicine approved the present research. The information used for the construction of the machine learning
models was obtained from the databases of the Ministry of Health and Social Protection of the Republic of Colombia.
The authors are authorized to access this information, as well as to generate statistics and analytical models based on
it. To guarantee the privacy of personal information, the data have been anonymized and no authorization from
patients is required for their statistical and scienti�c use. The use of public information is an activity that the Colombian
state entities put at the service of citizens, to encourage the use and exploitation of the same. In this sense, in Colombia,
as a general rule enshrined in the Constitution, all citizens have access to public information, except in cases
established by law as exceptions; these are the following: documents subject to reserve according to the Constitution
and/or the Law; documents related to defense or national security; criminal investigations that have not passed the
stage of instruction, and those related to personal data whose disclosure may violate the rights of privacy and intimacy
of individuals, without prejudice to other exceptions that a law may establish. This con�rms that all research was
conducted in accordance with relevant and legal guidelines/regulations. The identity of the present research with
human participants has been concealed by data protection law, but all experiments have been validated in accordance
with the Declaration of Helsinki.

Data analysis
The distribution of the main demographic features for the group of recovered patients and for the group of deceased
patients is presented below. The sex variable shows a distribution of 48.5% of women and 51.5% of men in the group of
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recovered patients; and a distribution of 47.23% of women and 52.77% of men in the group of deceased patients. This
result shows a higher number of males in both groups, although it is slightly higher in the deceased group than in the
recovered group. Figure 7 shows the distribution of patients by sex for each data set.

The age variable shows a greater number of patients who died after 50 years of age, especially in the 60 to 90 years age
group. On the contrary, the group of recovered persons is concentrated especially in those under 50 years of age. This
indicates that as age increases, so does the probability of patient death, this variable being one of the main risk factors
for COVID-19 mortality. Figure 8 shows the distribution of patient age for each data set.

The last variable analyzed for the "Persons" table is the patient's department of residence. From the maps it can be seen
that there are more cases in Bogota, the central region, Antioquia and the Atlantic coast, although the distribution is
similar for the two population groups. Figure 9 shows the distribution of persons by department for each data set.

Data cleaning and preparation
This process transforms the dataset obtained from the database and generates a new model with which to train and
test the neural network. This transformation includes feature selection operations, table joins, row-to-column
transformation, categorical variable handling, null value treatment and other cleaning operations required to obtain the
�nal dataset.

From the initial exploration of the data, several variables were considered to make up the dataset; however, they were
not included due to the lack of data, as in the case of the results of laboratory tests and family history, or due to data
quality problems, as in the case of variables related to people's weight and height. Finally, the following variables were
identi�ed with which the model was trained:

Sex: categorical variable with two domain values: "F" (female) and "M" (male).

Age: numerical variable with integer values between 0 and 130, which stores the age of the patient.

Ethnicity: categorical variable with 4 domain values: "INDIGENOUS", "AFROCOLOMBIAN", "OTHER ETHNICITIES"
and "NONE".

Department: categorical variable with 32 domain values corresponding to the Colombia department code, which
represents the geographical location of the patient.

Diagnoses: categorical variable with the ICD codes of the 8,111 diseases identi�ed in the "Diagnoses" table. For
each diagnosis, the number of treatments reported in the RIPS by each person is stored. If the person does not have
the diagnosis, the number of treatments provided will be equal to 0.

Deceased: numerical variable that contains two values: 1 if the person died, and 0 otherwise. This variable is used
as a label for each element of the data set.

To create the data model required for training the neural network, it was necessary to have all the patient's information
in the same record. For this reason, it was necessary to perform a transformation from rows to columns so that all of a
patient’s pathologies were in the same row. Once the function was executed, a single dataframe was generated
containing a record for each of the 86,000 persons in the sample, with 8,112 columns corresponding to each possible
disease within the database, in addition to the person's unique identi�er. The �nal step was to �ll in the blank values
with zeros. This occurred in cases where the person did not have any of the diseases.

Categorical variables contain descriptions within a set of �nite elements that cannot be converted into numerical
values. This was the case with the variables sex, ethnicity and department in the "Patients" table. For these cases, it was
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necessary to create as many columns as possible domain values contained in each variable and �ll with values "1" or
"0" depending on the option that applied to each person.

A �nal step required for the creation of the �nal dataset consisted of joining the two tables worked on thus far: the
"Patients" and the "Diagnoses" tables. Each table contained only one record for each person, so the process consisted of
joining the rows in the "Patients" table with the rows in the "Diagnoses" table for the same person. Figure 10 graphically
shows the creation of the �nal dataset.

Training and test datasets
Once the data were cleaned and prepared, they were used to train the neural network. At this stage of the process, it was
necessary to separate the dataset into three subsets: training, validation, and testing. The training dataset was
composed of examples that allowed the model to learn from the characteristics and identify the patterns hidden in the
data. The validation set determined whether the model was learning correctly as it was being trained. This was
important considering that machine learning models can be over�tted. Before creating the datasets, three additional
operations were required. The �rst consisted of a review of the variables used for model training. The current set of
variables is composed of 8,152 variables obtained after applying data cleaning and preparation processes. As a result
of this review, it was identi�ed that the ID variable is not relevant for model training. Once the column was removed, the
resulting dataset was composed of 86,000 records and 8,151 variables. The following operation consists of separating
the data into two different structures that are known as dataframes within the Python language. The X dataframe
contains the characteristics or input variables of the model, and the Y dataframe contains the class or output variable
of the model. The third operation normalized the data. Each variable of the X dataframe contains a range of values
different from the other variables or characteristics. This can be a problem for training the model because variables with
higher values may have more weight than the others. To solve this, data normalization was performed so that all
variables were in a range of values between 0 and 1. Finally, the separation of the training and test datasets was
performed using the train_test_split function in the scikit-learn library. In this case, 30% of the data were used for testing,
and the remaining 70% of the examples were used to train the model. The validation dataset was obtained from the
training set during the construction of the neural network.

De�nition of the neural network topology
The topology or architecture of the network de�nes the number of layers, as well as the number of neurons per layer and
how they are connected. The network topology is directly related to the complexity of the tasks that can be learned by
it46. Generally, networks with a greater number of layers and neurons can identify more complex patterns, although they
consume a greater amount of computational resources, especially processing capacity and memory space. The
proposed neural network was composed of 5 layers according to the diagram in Figure 11. The input layer corresponds
to the characteristics or input variables of the network, composed of 8.150 nodes or neurons. The following 3 layers
correspond to the hidden layers of the model and contained 500, 100 and 50 neurons. The last layer corresponds to the
neuron that represents the only class of the binary classi�cation problem. The objective of the training was to obtain the
values corresponding to the optimal weights (W) for each layer of the network, as well as the bias values47.

Neural network model training
The initial model of the neural network was implemented using the Keras library48 and the TensorFlow framework49 in
Python. This library facilitates the creation and evaluation of classi�ers with neural networks. The sequential class
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allows the addition of new layers to the network, indicating the number of neurons for each layer, as well as the
activation function to be implemented. Once the model was de�ned, it was compiled using an optimization algorithm.
The use of the gradient descent algorithm is common, although in practice, a variation in this algorithm known as
stochastic gradient descent (SGD) was used, which was less computationally costly46. Although stochastic gradient
descent is an algorithm that works well in general, it has several problems that sometimes make it di�cult to train
neural networks. One of the algorithms that was created to solve these problems is Adam50. This algorithm combines
techniques taken from other methods, such as RMSProp51 and SGD, with momentum to improve the speed with which
it converges in the search for an optimal solution. Adam also reduces the probability that the algorithm stops in an
intermediate position and cannot advance in the search for a local or global minimum. For these reasons, Adam was
used to train the neural network proposed in this work.

One of the most critical elements for neural network training is the activation function. The activation function is the
mechanism by which arti�cial neurons process information, which is propagated through the network. The activation
function chosen for the neural network training was the ReLU function (recti�ed linear unit). This is the most widely
used activation unit in practice today52. Neural networks are models with great power of representation. The large
number of parameters and layers added to a neural network makes it easy for the network to learn the data it is training
with too well. Sometimes, the network may be able to perfectly memorize a set of training data, even classifying them
perfectly. However, when this is done, the model loses its ability to generalize, and when evaluated on a set of data not
seen during the training or testing, a low capacity for prediction can be observed46. This phenomenon is known as
over�tting and is a common phenomenon in machine learning: the algorithm models the training data too well while
losing the ability to generalize on unseen data. Regularization techniques attempt to solve this problem. Dropout is a
modern technique that has found great reception53. Dropout prevents the memorization of variables. In this model, the
dropout technique was applied to the output of each network layer, with a hyperparameter value equal to 0.5. After
training the neural network with 10 iterations or epochs, it was found that the model converged in the third iteration and
obtained an accuracy value of 88% in both the training and assessment datasets. Figure 12 shows the point of
convergence of the model, as well as possible over�tting that occurs if the model continues to be trained beyond the
third iteration.

Random forest model training
The following model was trained using the random forest algorithm54. This algorithm arises as a response to one of
the main drawbacks of decision trees, which is their low predictive capacity. The solution to this problem is the use of
an ensemble or combination of several decision trees. Ensembles of trees can be created using bagging or boosting
techniques. Random forest models are based on the combination of trees using bagging methods55. Bagging methods
allow training several trees separately, making predictions on the test data and then obtaining the �nal prediction by
measuring the mode of all predictions. The random forest model combines the bagging method with a random variable
selection technique to add diversity to decision trees. In this way, all trees are trained with a different set of variables,
and each variable has the opportunity to appear in more than one model.

The implementation of the random forest algorithm was carried out through the RandomForestClassi�er function
included in the scikit-learn library version 0.21. This function e�ciently trains classi�ers, indicating the number of trees
to be created, as well as other important hyperparameters to optimize the �nal model performance. Figure 13 shows a
summary of the parameters used to train the model with random forest.

Reproducibility 
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The source code required to reproduce the results presented in this paper, together with the training and testing sets, is
available at https://github.com/grvasquezm/Covid19Mortality
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Figure 1

Daily growth in the number of COVID-19 cases worldwide20.

Figure 2

Confusion matrix of the neural network model.

Figure 3

ROC/AUC curve.
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Figure 4

Phase diagram of the CRISP-DM methodology.

Figure 5

Patients table.

Figure 6

Diagnoses table.



Page 15/18

Figure 7

Sex distribution for the recovered group (A) and the deceased group (B).

Figure 8

Age distribution for the recovered group (A) and the deceased group (B).
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Figure 9

Map of patient’s distribution for the recovered group (A) and the deceased group (B).

Figure 10

Covid-19 dataset.
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Figure 11

Topology of the neural network with 5 layers.

Figure 12

Accuracy in the �nal neural network model.

Figure 13
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Training parameters of the random forest model.


