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Abstract

The emergence or mutation of aggressive viruses represents a latent threat to human health
that could lead to new pandemics, so it is important to constantly monitor and analyze
the behavior of the diseases they can cause. In this sense, the purpose of this work was
to generate models to predict the behavior of recoveries and deaths from COVID-19 in
Mexico in the post-pandemic era, applying machine learning techniques to data related
to this disease, published by the Mexican government. Models based on artificial neural
networks, logistic regression, and classification algorithms were generated and validated,
yielding high rates of correct classification, accuracy, and recall, so that they could be used
to make predictions about future cases of patients infected with the SARS-CoV-2 virus.
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1. Introduction

This study was motivated by the enormous threat that represented and still represents
the COVID-19 disease, even though it has been significantly controlled with the help of
vaccines. Therefore, it is worth characterizing its current behavior in society to predict
survival and death rates of SARS-CoV-2-infected people in the post-pandemic era. In this
sense, this work focused on generating prediction models in the Mexican context, using
machine learning techniques that included artificial neural networks, logistic regression
models, and classification algorithms.

Since the beginning of the pandemic, various related works have been carried out,
some of them, as reviews, highlighting Artificial Intelligence, Deep Learning, and Machine
Learning, among other technologies, as important alternatives to analyze the behavior of
pandemics and reduce their damage [1-4]. Other studies use ML and/or DL techniques
in diverse contexts to analyze data related to COVID-19. Podder & Mondal [5] carried
out a study to predict COVID-19 and intensive care unit requirement using a Brazilian
dataset and the Random Forest, XGBoost, and Logistic Regression classifiers; they reported
high accuracy and recall levels in their results. Zhan et al. [6] proposed a ML model for
COVID-19 prediction based on the Broad Learning System and compared the model’s
forecasting results with the results of several classifier-based models to show that their
model had the best performance. Purwandari et al. [7] carried out research to predict
recovered and death cases from COVID-19 in Malaysia using artificial neural networks;
they used the Multi-Layer Perceptron, Auto Regressive, and Extreme Learning Machine
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models, concluding that the best results for the next 7 days were obtained through the MLP
model, but the ELM model performed better on the test data. Yenurkar & Mal [8] proposed
a deep learning algorithm to detect positive cases of COVID-19 patients, mortality rate, and
recovery rate using real-world datasets. As part of the prediction process, they hybridized
two deep learning procedures, ResNet and GoogleNet models. According to the authors,
their proposal achieved higher accuracy than other algorithms, such as Linear Regression,
Multinomial Naive Bayes, Random Forest, Stochastic Gradient Boosting, Decision Tree,
and Bagging. Villavicencio et al. [9] used several machine learning algorithms to analyze
and predict the presence of COVID-19 in people using a Kaggle dataset [10] and the WEKA
machine learning tool [11]. They used J48 Decision Tree, Random Forest, Support Vector
Machine, K-Nearest Neighbors, and Naive Bayes algorithms, reporting Support Vector
Machine as the algorithm with the best results. Aledhari et al. [12] used an LSTM-RNN
model with ANN Regression to predict future COVID-19 cases in the USA context. They
used a dataset downloaded from the website “Our World in Data” [13] to analyze COVID-
19 cases and another dataset downloaded from the Apple Mobility Index web page [14] to
analyze the social distancing issue, and claimed that their model had achieved comparable
results, but that it could be improved for better results. Parbat & Chakraborty [15] proposed
a support vector regression model to predict the number of deaths and recovered cases, as
well as the cumulative number of confirmed cases and the number of daily cases, using a
Kaggle dataset [10] for India. They reported a prediction accuracy of over 97%, except for
the number of daily cases, for which the model yielded an accuracy of 87%. Lakshmanarao
et al. [16] proposed machine learning regressors for COVID-19 predictions. They applied
linear regression, polynomial regression, Decision Tree, and Random Forest algorithms on
a Kaggle dataset [10] for India and reported an R-squared value of 0.99 with the Decision
Tree and Random Forest algorithms. Zgheib et al. [17] proposed an ANN model to predict
whether a person had caught COVID-19 or not. They used a dataset of patients tested
for COVID-19 at a hospital in Dubai for training their model and achieved an accuracy of
97.6% with an average error of 0.01.

In the Mexican context, Galvan-Tejada et al. [18] proposed two online visualization
tools to analyze demographic data and comorbidities related to SARS-CoV-2. Mancilla-
Galindo et al. [19] proposed a multivariate prediction model of death in Mexican patients
with COVID-19; they developed a scoring system based on a Cox regression model using
the predictors age, sex, diabetes, chronic obstructive pulmonary disease, hypertension,
immunosuppression, obesity, and chronic kidney disease. Gomez-Cravioto et al. [20]
carried out a study for projecting COVID-19 infections and deaths in Mexico using machine
learning techniques. They used the linear, polynomial, and logistic regression models to
describe the growth of COVID-19 incidents in Mexico, and machine learning and time series
techniques to identify feature importance and perform forecasting for infected cases and
deaths. According to the authors, the logistic growth model fitted the pandemic’s behavior
best, and the long short-term memory network could be exploited for predicting daily cases.
Ascencio-Montiel et al. [21] analyzed confirmed COVID-19 cases in five infection waves
in Mexico using the Mexican Online Epidemiological Surveillance System and logistic
regression models to assess the association of demographic factors, comorbidities, waves,
and vaccination with the risk of severe disease and in-hospital death. Almustafa [22]
applied various ML algorithms to a COVID-19 Mexican patients dataset referred to as
Covid109MDP to select the best classification algorithm for dead and survival cases. He
reported that the best classification accuracy, of 94.41%, was achieved with the J48 classifier,
which, according to the author, can predict a surviving case with 94.88% accuracy. Thus,
taking all these studies as a background, our proposal is presented below.
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2. Materials and Methods

For carrying out this study, we used the official data on SARS-CoV-2 virus infections
and COVID-19 deaths provided by the Government of Mexico through the Epidemiology
Department [23], specifically, the data corresponding to the post-pandemic era between
January 2024 and April 2025. These data were preprocessed so that they could be exploited
using machine learning techniques: artificial neural networks, logistic regression models,
and classification algorithms. Figure 1 shows a time series analysis for these data.
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Figure 1. COVID-19 time series analysis from 2024-01 to 2025-04 in Mexico.

Three clear waves are observed in the daily series: (1) the highest peak of the period,
January-February 2024, (2) a medium rebound, July-August 2024, then declines towards
October-November, and (3) a new increase, December—March 2025. The sharp drop at the
end of the series is due to incomplete data caused by delayed reporting.

The 7-Day Moving Average shows the same three waves, but smoothed out. The
winter season (January—February) and mid-year (July-August) show the most pronounced
increases, which can be interpreted as a sign of seasonality.

2.1. Artificial Neural Networks

Figure 2 shows the process based on artificial neural networks to exploit Mexico’s
COVID-19 dataset, in which the first step is the data preprocessing.
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Figure 2. Artificial neural network-based process applied to Mexico’s COVID-19 dataset.

Data preprocessing consisted of (1) integrating the whole data from different periods
(weeks and months), since the data are published periodically, (2) cleaning the integrated
data of irrelevant information, as is the case of non-significant features and those people
not confirmed as SARS-CoV-2 positives, and (3) transforming the clean data into a suitable
format for processing through artificial neural networks. These stages were carried out with
the help of Microsoft Power Bl version- 2.141.1754.0 [24] for data integration, RStudio ver-
sion: 4.3.1. [25] for a significant feature analysis and Microsoft Excelel version 16.101.3 [26]
for data transformation.

The response variable in this work was the so-called ALIVE_DEAD variable, which
stores the information about the survival/death of SARS-CoV-2-infected patients. Since
the number of survival cases was significantly larger than the number of death cases, it
was necessary to balance the data in terms of the response variable through an under-
sampling process, so that the bias of constantly predicting the predominant value (alive)
could be minimized.

The next step was the feature splitting, that is, the separation of data into two sets:
one dataset corresponding to the response variable and another dataset corresponding to
the significant variables, most of them comorbidity variables. In this way, we proceeded
to generate and evaluate neural network models by testing different parameters and
hyperparameters to improve the network’s accuracy in predicting patient survival/death
and, thus, to find the best prediction model. This model generation and evaluation stage is
shown in the dash-line box at the top of Figure 2. It is worth mentioning that the under-
sampling, the feature splitting, and the neural network generation subprocesses were
programmed in the Python languagen-version-3.13.7.A [27].

2.1.1. Significant Features

As mentioned above, RStudio [25] was used to identify the most significant features
with respect to the response variable ALIVE_DEAD. Thus, of the 42 original features, only
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the 16 features shown in Figure 3 were significant, some of them with a high degree of
significance (INTUBED, COPD, AGE, and PNEUMONIA) and others with lesser signif-
icance (MEXICAN_STATE, SMOKING, and DIABETES); nonetheless, all these features
were considered in our study. It is important to mention that, based on data behavior, a
strong relationship was observed between these features and the recoveries/deaths from
COVID-19. For example, an elderly intubated patient with pneumonia or other comor-
bidities had a high probability of dying, while a young, non-intubated patient had a high
probability of surviving. Thus, each significant feature was present in some behavioral
pattern related to recovery or death of patients.

Relation: COVID19_MEXICO 2024-2025 Attributes: 17
Instances: 440361 Sum of weights: 440361
Attributes
All None Invert Pattern
No. Name
1 SEX
2| |MEXICAN_STATE
3| | PATIENT_TYPE
4 [ ALIVE_DEAD
51 |INTUBED INTUBED
COPD
6 |PNEUMONIA AGE |
PNEUMONIA | ———
7 AGE HYPERTENSION | —
IMMUNOSUPPRESSION | |—
8| |PREGNANT PATIENT TYPE | [—o
ASTHMA | (o
9 | DIABETES CHRONIC_KIDNEY_DISEASE | |-
SEX | fe
10/ COPD OBESITY | fo
CARDIOVASCULAR_DISEASE | fo
11 |ASTHMA Srecnans | o
12| | IMMUNOSUPPRESSION MEXICAN_STATE | o
SMOKING | P
13| 'HYPERTENSION DIABETES | p
T T T T T
14| | CARDIOVASCULAR_DISEASE 0 20 40 60 80 100
15 |OBESITY Importance
16| | CHRONIC_KIDNEY_DISEASE
17 || SMOKING

Figure 3. Significant features related to the ALIVE_DEAD response variable.

The resulting set of 17 variables (16 significant features and 1 response variable) was
imported into the WEKA machine learning tool [11], whose purpose at this stage was only
to verify data consistency. Thus, as shown in Figure 3, the number of SARS-CoV-2 infected
patients was 440,361 during the period from January 2024 to April 2025, which coincided
with the number of preprocessed data.

2.1.2. Data Balancing, Training Data, and Test Data

The total number of SARS-CoV-2-infected patients was composed of 436386 surviving
patients and 3975 patients who died from COVID-19, so it was necessary to execute an
under-sampling process to adjust the number of surviving patients to 3975 for carrying out
our study with balanced data.

To generate and evaluate machine learning models in a further stage, 5565 training
data and 2385 testing data were taken from the set of 7950 balanced data, corresponding
to 70% and 30% of this dataset, respectively, which was the most suitable percentage for
training and testing.
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2.1.3. Artificial Neural Network Generation and Evaluation

After generating artificial neural network models with different hyperparameters
(number of hidden layers, number of neurons per layer, activation functions, optimizers,
learning rates, and loss functions), the most suitable parameterization was found, which is
shown in Figure 4.

Hidden Layer

(relu)
Hidden Layer

~(</ a%

Layer

_' ‘ ‘ (Sigmoid)
: X "\

Figure 4. Neural network final parameterization.

The input layer includes 16 neurons corresponding to the 16 significant variables, while
the output layer, with a single neuron, corresponds to the response variable ALIVE_DEAD;
this output layer operates with the Sigmoid activation function, commonly used for binary
classification (in our case, alive or dead). In addition, the neural network model includes
two hidden layers, with 100 and 200 neurons, both operating with the ReLU activation
function, the SGD optimizer, a learning rate of 0.01, and the MSE loss function. Thus,
by training and testing the neural network model using different hyperparameters, the
optimal number of hidden layers and neurons per layer was identified in terms of accuracy
and loss.

2.2. Logistic Regression Models

As in the previous technique, these models were run on preprocessed and balanced
data using 70% for training and 30% for testing, and the same significant features, yielding
results like the optimal results of the neural network in terms of testing accuracy, but with
less accurate predictions on the “Alive” class, resulting on a slight overprediction on this
class and a significant loss of the “Dead” class actual values, as will be shown later.

2.3. Classification Algorithms

Classification algorithms were also applied to preprocessed and balanced data for
generating and evaluating classification models using different classifiers and parameters.
Thus, as explained later, the best results were obtained with the C4.5, Random Forest, Naive
Bayes, Bayes Net, and Random Tree classifiers, achieving results close to those obtained
using neural networks, particularly with the C4.5 classifier, which yielded a significant
correct classification percentage supported by a consistent validation test.
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3. Results

The results obtained from the three classification approaches applied to Mexico’s
COVID-19 dataset are presented below.

3.1. Artificial Neural Network Results

An artificial neural network model evaluation report is presented in Table 1, showing
only the evaluation of the best and worst classification models found among the different
neural network models that were generated. As can be seen, when running the trained
models on the test data, in the case of the best classification model, all test metrics resulted
in a value of 0.93, including the confusion matrix results, which indicated that 2219 patients
were correctly classified out of 2385, representing a correct classification of 93%. In the case
of the worst classification model, the accuracy and recall metrics resulted in a value of 0.86,
the same as the correct classification provided by the confusion matrix.

Table 1. Artificial neural network model evaluation report.

Best Neural Network Model

Precision Recall f1-Score Confusion Matrix
0 0.93 0.93 0.93 1125 79
1 0.93 0.93 0.93 87 1094
0 1
accuracy 0.93
macro avg 0.93 0.93 0.93
weighted avg 0.93 0.93 0.93
Worst Neural Network Model
Precision Recall f1-Score Confusion Matrix
0 0.94 0.86 0.89 1436 242
1 0.72 0.86 0.78 96 611
0 1
accuracy 0.86
macro avg 0.83 0.86 0.84
weighted avg 0.87 0.86 0.86

Analyzing Table 1 in more detail, regarding the best classification model, it can be said
that the model performance is balanced, since the value of the metrics precision, recall,
and fl-score is the same (0.93) for both classes (0 = Alive, 1 = Dead). In the confusion
matrix, 79 false positives and 87 false negatives are observed for the “Dead” class, that
is, 79 cases were predicted as “Dead” with their actual value being “Alive”, and 87 cases
were predicted as “Alive” with their actual value being “Dead”, so it can be stated that the
model has a meaningful performance, making few errors in both classes. Regarding the
weakest model, in principle, the metrics are significantly disparate, showing an imbalance
in the model performance. In addition, a much higher number of false positives (242) than
false negatives (96) is observed for the “Dead” class in the confusion matrix, indicating that
the model tends to overpredict this class.

As a complement to this information, Figure 5 shows the accuracy and loss graphs for
the best and worst classification models. By comparing the graphs, it can be observed that
there is a 7% difference in accuracy and a 3.9% difference in loss between the models. In
the case of the best model, achieved using 200 epochs, the train and validation curves are
almost overlapped, with no signs of overfitting, which shows that the model is well-tuned
and stable. At this point, it is important to mention that the first neural network models
generated had an overfitting problem, which was solved by using the dropout technique to
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adjust some hyperparameters: the number of layers and neurons per layer was reduced to

increase accuracy and reduce loss of the models.

Accuracy = 0.93
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Figure 5. Neural network accuracy and loss graphs.

3.2. Logistic Regression Model Results
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Table 2 presents an evaluation report of the best logistic regression model generated.

As can be seen, the accuracy of this model is also 0.93, which can be considered significant,

considering that the classes are balanced. Furthermore, the macro/weighted f1 value close

to 0.93 indicates that performance is consistent across both classes. Nonetheless, the model
tends to slightly overpredict the “Alive” class, which can be observed from the 124 false
positives and 51 false negatives for this class in the confusion matrix. In other words, the

model prediction has an approximate loss of 10% of the “Dead” class actual values.

Table 2. Logistic regression model evaluation report.

Precision Recall f1-Score Confusion Matrix
0 0.90 0.96 0.93 1142 51
1 0.95 0.90 0.92 124 1068
0 1
accuracy 0.93
macro avg 0.93 0.93 0.93
weighted avg 0.93 0.93 0.93

3.3. Results of Classification Algorithms

An evaluation report of classification-algorithm-based models is presented in Table 3,

which shows the five best classification models found using different classifiers and param-

eters. The models and their evaluation were generated with the WEKA machine learning
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tool [11] using, as mentioned above, 70% for training and 30% for testing of the balanced

data, and a 10-fold cross-validation.

Table 3. Evaluation report of classification algorithm-based models.

Classifier Classification Report Confusion Matrix
Correctly classified instances 2205 92.45% Dead Alive
Incorrectly classified instances 180 7.55% Dead 1087 99
Kappa statistic 0.849 Alive 81 1118
J48 (C4.5
algorithm) Class TP rate FPrate  Precision Recall F-Measure MCC ROC area PRC area
Dead 0.917 0.068 0.931 0.917 0.924 0.849 0.949 0.932
Alive 0.932 0.083 0.919 0.932 0.925 0.849 0.949 0.928
0.925 0.076 0.925 0.925 0.925 0.849 0.949 0.930
Correctly classified instances 2199 92.20% Dead Alive
Incorrectly classified instances 186 7.80% Dead 1096 90
Kappa statistic 0.844 Alive 96 1103
Random
Forest Class TP rate FP rate Precision Recall F-Measure MCC ROC area  PRC area
Dead 0.924 0.080 0.919 0.924 0.922 0.844 0.965 0.960
Alive 0.920 0.076 0.925 0.920 0.922 0.844 0.965 0.956
0.922 0.078 0.922 0.922 0.922 0.844 0.965 0.958
Correctly classified instances 2195 92.03% Dead Alive
Incorrectly classified instances 190 7.97% Dead 1096 90
Kappa statistic 0.8407 Alive 100 1099
Naive Bayes Class TP rate FPrate  Precision Recall F-Measure MCC ROC area  PRC area
Dead 0.924 0.083 0.916 0.924 0.920 0.841 0.964 0.965
Alive 0.917 0.076 0.924 0.917 0.920 0.841 0.964 0.944
0.920 0.080 0.920 0.920 0.920 0.841 0.964 0.954
Correctly classified instances 2190 91.82% Dead Alive
Incorrectly classified instances 195 8.18% Dead 1083 103
Kappa statistic 0.8365 Alive 92 1107
Bayes Net Class TP rate FPrate  Precision Recall F-Measure MCC ROC area  PRC area
Dead 0.913 0.077 0.922 0.913 0.917 0.837 0.969 0.966
Alive 0.923 0.087 0.915 0.923 0.919 0.837 0.969 0.967
0.918 0.082 0.918 0.918 0.918 0.837 0.969 0.966
Correctly classified instances 2141 89.77% Dead Alive
Incorrectly classified instances 244 10.23% Dead 1065 121
Kappa statistic 0.7954 Alive 123 1076
Random Tree Class TP rate FP rate Precision Recall F-Measure MCC ROC area  PRC area
Dead 0.898 0.103 0.896 0.898 0.897 0.795 0.905 0.871
Alive 0.897 0.102 0.899 0.897 0.898 0.795 0.905 0.865
0.898 0.102 0.898 0.898 0.898 0.795 0.905 0.868

It is important to note that all five models had a significant correct classification per-
centage and a relatively high Kappa statistic, metrics directly associated with the accuracy
and consistency of the validation test, respectively. Additionally, the TP rate, FP rate,
precision, recall, and F-measure metrics reinforce the robustness of the models, particularly
of the model generated through the J48 classifier, the best of the five models, with a 92.45%
accuracy and a 0.849 Kappa value.

3.4. Comparison of Results

It is worth comparing these results with the results of related studies, especially with
those conducted in the Mexican context. Table 4 presents a comparative summary of the
most relevant studies found, which includes works based on diverse machine learning
techniques that use different evaluation metrics. First, it is important to mention that all the
works considered in the summary [19-22] were carried out based on data corresponding to
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the pandemic period, at different times and with different datasets, while our work was
developed based on post-pandemic data, that is, after all SARS-CoV-2 infection waves, so
that the behavior patterns of the data in both periods do not necessarily have to be similar.

Table 4. Comparison of studies in the Mexican context.

Authors Proposal in the Mexican Context Reported Metrics Period

Classification algorithms to
Almustafa (2021) [22] predict survival and death cases
from COVID-19.

94.41% accuracy in

. . Pandemic era
survival/death classification

Logistic regression models to

assess the association of Hospital case fatality rate for
. . demographic factors, five infection waves: 45.1%, .
Ascencio-Montiel et al. (2022) [21] Comorbigitigs waves, and 50.8%, 43.6%, 34.7% Pandemic era
vaccination with the risk of death 17.7% (95% CI)

from COVID-19.

Regression models to describe the
growth of COVID-19 incidents
Gomez-Cravioto et al. (2021) [20] and LSTM neural network to
perform forecasting for daily
cases and fatalities.

Multivariate prediction model of =~ From 1.05 HR to 1.86 HR for
Mancilla-Galindo et al. (2020) [19]  death in patients with COVID-19 regression coefficients Pandemic era
based on Cox regression model. (95% CI, p value < 0.0001)

275.35 RMSE in predicting
daily incidents and
31.91 RMSE in predicting
daily fatalities

Pandemic era

Classification models to predict
recoveries and deaths from
COVID-19 based on ANN,

logistic regression models and
classification algorithms.

Luna-Ramirez et al. (2025)
[this article]

93% accuracy and 5.6% loss in

icti : Post-pandemic era
predicting recoveries/deaths ost-pandemic €

The study most like ours is the one carried out by Almustafa [22], which makes use
of classification algorithms, but not neural networks or regression models. In fact, both
works agree on the J48 algorithm as the best classifier, with a slight difference in accuracy
(94.41% vs. 92.45%). The other studies make use of other techniques, some of which
could be considered in an improved version of this work, for example, using LSTM and
convolutional neural networks if convenient.

4. Discussion

The classification models generated from Mexico’s COVID-19 dataset using machine
learning techniques, with ALIVE_DEAD as the classification variable and the other 16 sig-
nificant features as dependent variables, yielded meaningful results. First, neural network
models achieved the best results in this research, with an accuracy of 0.93 and a loss of 0.056,
using 200 epochs. These results were achieved not only through hyperparameter tuning,
but also through data normalization to stabilize training and improve its convergence, as
well as to avoid problems with numerical calculations and improve model generalization.
Thus, it can be stated that the 0.93 value obtained for all metrics of the best neural network
model, achieved for both classes (0—Alive and 1—Dead), is good enough to correctly
classify new unknown data and, therefore, predict future cases.

To overcome the non-linear relationships among data and the complexity of their be-
havioral patterns, different activation functions were used for the hidden layers, obtaining
the best results with ReLU, whose main help was to reduce the vanishing gradient prob-
lem [28,29] by ensuring that the gradients do not vanish or explode during training. For
the output layer, the Sigmoid function was used due to its binary classification nature [30],
which also deals with non-linearity, allowing for complex patterns to be learned from data.
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In the case of optimizing functions, the SGD optimizer was used to identify the direction in
which a function has the steepest rate of change [31,32], thus allowing for minimizing the
difference between predicted and actual values.

Regarding the other ML techniques used in this work, the logistic regression model
yielded practically the same accuracy as the neural network model, but with a higher loss,
while the C4.5 classifier yielded a classification rate close to the rate of these two models, so
that the corresponding classification tree and main rules that it contains could be used to
predict survival and death cases.

5. Conclusions and Future Work

The work conducted in this research, as well as the studies referenced in this article,
demonstrates the usefulness of machine learning techniques for analyzing data related to
viral diseases, in this case, the COVID-19 disease caused by the SARS-CoV-2 virus. Using
this type of technique, it is possible to identify behavior patterns in disease transmission, as
well as in recoveries and deaths. Such patterns can be identified using classification models
generated around a variable of interest, whose value usually depends on a set of features
that significantly influence its behavior.

Thus, in this research, various classification models were generated to analyze the
behavior of recoveries and deaths from COVID-19 in Mexican society in the post-pandemic
era using ANN, logistic regression models, and classification algorithms. The variable of
interest was ALIVE_DEAD, which stores information on the recovery or death of patients
and whose value depended mainly on a set of comorbidities. The best models found had a
considerably high rate of correct classification, accuracy, and recall.

Nonetheless, as future work, model robustness and predictive results could be im-
proved using a deep learning strategy in conjunction with the progress achieved through
machine learning techniques. Such a strategy could include LSTM and convolutional
neural networks to achieve a higher accuracy.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
CI Confidence Interval

COPD  Chronic Obstructive Pulmonary Disease
DL Deep Learning

ELM Extreme Learning Machine
FP False Positive

HR Hazard Ratio

LSTM  Long-Short Term Memory
ML Machine Learning

MLP Multi-Layer Perceptron
MSE Mean Squared Error

ReLU  Rectified Linear Unit

RMSE  Root Mean Squared Error
RNN Recurrent Neural Network
SGD Stochastic Gradient Descent

TP True Positive
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