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Abstract
Objective – COVID-19 remains an emergency public health problem. We aimed to investigate the prognostic factors of Overall 
survival (OS), Progression-free survival (PFS) in patients with COVID-19 and develop two machine learning (ML) models to predict 
disease severity. Methods – A retrospective cohort study was performed including patients with a positive diagnostic for COVID-19 
in Mexico (January-November 2020). Cox regression analysis was used to investigate the prognostic factors of OS and PFS. Artificial 
neural network (ANN) and decision tree (TD) models were also developed to predict disease severity. Results – We included 95,839 
patients.  The medians OS and PFS were, 9.087 days (8.887-9,287) and 8.233 (8.036-8.430), respectively. Women aged >40 years, 
intubated patients and previous comorbidities were significantly associated with shorter OS and PFS times. The ANN and DT models 
were able to predict the severity of COVID-19, with an accuracy (area under the ROC curve) of 99.5% and 99.8%, respectively. The 
DT model showed better performance, because it showed less training time and less prediction error. Conclusion – In Mexico, elderly 
women that needed intubation and had comorbidities were associated with a worse prognosis of OS and PFS for COVID-19. The DT 
model could be used as a tool to predict the hospitalization of COVID-19 outpatients.

Descriptors: Coronavirus, comorbidities, Cox regression, Artificial neural network, Decision tree, severity

Resumo
Objetivo – COVID-19 continua sendo um problema emergencial de saúde pública. Nosso objetivo foi investigar os fatores prognósticos 
de sobrevida global (OS), sobrevida livre de progressão (PFS) em pacientes com COVID-19 e desenvolver dois modelos de aprendizado 
de máquina (ML) para prever a gravidade da doença. Métodos – Um estudo de coorte retrospectivo foi realizado incluindo pacientes com 
diagnóstico positivo para COVID-19 no México (janeiro a novembro de 2020). A análise de regressão de Cox foi usada para investigar 
os fatores prognósticos de OS e PFS. Rede neural artificial (RNA) e modelos de árvore de decisão (DT) também foram desenvolvidos 
para prever a gravidade da doença. Resultados – Incluímos 95.839 pacientes. As medianas de OS e PFS foram, 9,087 dias (8,887-
9,287) e 8,233 (8,036-8,430), respectivamente. Mulheres com idade> 40 anos, pacientes intubados e comorbidades anteriores foram 
significativamente associados a tempos de OS e PFS mais curtos. Os modelos ANN e DT foram capazes de predizer a severidade da 
COVID-19, com acurácia (área sob a curva ROC) de 99,5% e 99,8%, respectivamente. O modelo DT apresentou melhor desempenho, 
pois apresentou menor tempo de treinamento e menor erro de predição. Conclusão – No México, mulheres idosas que precisaram de 
intubação e tinham comorbidades foram associadas a um pior prognóstico de OS e PFS para COVID-19. O modelo DT pode ser usado 
como uma ferramenta para prever a hospitalização de pacientes ambulatoriais com COVID-19.

Descritores: Coronavírus, Comorbidades, Regressão de Cox, Rede neural artificial, Árvore de decisão, Gravidade

Introduction
The severe acute respiratory syndrome coronavirus 2 

(SARS-CoV-2), caused by coronavirus 2019 (COVID-19), 
was originally reported in China (December 2019), and 
now is considered a global threat. It has already caused 
2.1 million deaths worldwide, with more than 97.3 
million infected people1–3. 

The real-time PCR exam is the gold standard for 
the diagnosis of COVID-194. Patients with COVID-19 
present with fever and cough, and a minority have 
chest discomfort or difficulty breathing, diagnosed as 
pneumonia by chest X-rays or computed tomography 
(CT)5,6. Data suggest that advanced age and 
comorbidities play a vital role in the severity of the 
disease and on negative clinical outcomes3,5. Patients 
with previous cardiovascular metabolic comorbidities 

may have a worse pneumonia prognosis, as already 
demonstrated in previous studies assessing Severe 
Acute Respiratory Syndrome (SARS) and Middle East 
Respiratory Syndrome coronavirus (MERS) viruses5,7–9. 
In a trial evaluating 637 MERS-CoV patients, diabetes 
and hypertension were prevalent in about 50% of 
patients, and heart diseases were reported in 30% 
of cases9. Diabetes is already considered a risk 
factor for both mortality and morbidity in patients 
with SARS and COVID-198,10, and obesity has been 
associated as a significant risk for mortality in H1N1 
influenza cases. These data suggest the need for 
further monitoring and more tailored treatment for 
these patients11,12. 

The delay in the diagnosis of the disease, the lack 
of hospital beds caused by overcrowding of the units, 
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are also one of the main factors that contribute to the 
increase in the number of deaths from the disease13,14.

Mexico currently has 694,121 confirmed cases of 
the disease and more than 73,258 deaths1. In 2019, the 
country, that accounts for more than 60 cities, received 
more than 15 million visitors by air transport. This 
condition may have aggravated the spread of the virus, 
especially considering the high connectivity between 
regions and due to the high population density of most 
of the territories15. 

With the increase in the number of cases of 
COVID-19, especially in regions where healthcare 
resources are insufficient, individuals with comorbidities 
are susceptible to a worse prognosis. To date, little is 
known of the main risk factors for intensive care unit 
(UCI) admission and fatal outcomes associated with the 
infection in patients with further comorbidities living 
in underdeveloped countries3,11,12. Based on this, the 
present study has two objectives: the first objective 
was to investigate the factors that regulate (increase 
or decrease) the time from diagnosis to death from 
COVID-19 or other causes (overall survival) and the 
time from the beginning from treatment to disease 
progression (progression-free survival), using methods 
of survival analysis (Kaplan-Meier method, Cox 
Regression, Log rank test, Breslow test, Tarone-Ware 
test and Hazard ratio); The second objective of the study 
was to develop a machine learning model of artificial 
neural network (ANN) and decision tree (DT) to predict 
the severity of COVID-19.

Methods
Study design and data collection

A retrospective study was carried out involving 
patients with a positive diagnosis for COVID-19 in 
Mexico (Latin America). Patient data were collected 
in the open database of the Ministry of Health of the 
Government of Mexico that included patients registered 
from January 8 to November 4, 202016. Patients with a 
negative diagnosis for the disease were excluded from 
the study. The study did not require an ethics committee 
to be carried out.

Statistical analysis
Categorical variables as presented as frequency. 

Continuous variables that did not have a normal 
distribution by the Kolmogorov-Smirnov test are 
presented as medians and interquartile ranges (IQR), 
and those that showed normal distributions are 
presented as means and standard deviations (SD).

Survival analysis
Overall survival (OS) was considered to be the 

primary outcome. The OS time (registered in days) 
was estimated from the date of diagnosis of COVID-19 
until the patient’s death by the disease or by other 
causes and was classified as the dependent variable. 
Progression-free survival was considered to be the 

secondary outcome. The PFS time (also registered in 
days) was estimated from the date of the beginning 
of the treatment until the progression of the disease 
(hospitalization in an intensive or semi-intensive care 
unit) or the death of the patient and was classified as 
the dependent variable. 

The independent variables used for the analysis 
of OS and PFS were: patient sociodemographic 
characteristics (age, sex and location/state), type 
of admission (outpatient or inpatient), inpatient in 
ICU, need for intubation, presence of pneumonia, 
presence of comorbidities (i.e. diabetes chronic 
obstructive pulmonary disease (COPD), asthma, 
immunodepression, hypertension, cardiovascular 
disease and obesity chronic kidney disease (CKD)).

The OS and PFS times were estimated using the 
Kaplan-Meier method. The statistical comparison 
of the Kaplan-Meier survival curves was performed 
using the Log Rank test (beginning of follow-up) , 
Breslow test (middle of follow-up) and Tarone-Ware 
(end of follow-up)17–19. The investigation of prognostic 
factors associated with the OS and PFS of COVID 
was performed using univariate and multivariate 
analysis of time-dependent covariate Cox regression. 
In order to minimize possible risks of bias in OS 
and PFS prognostic factors, a sensitivity analysis of 
the time-dependent covariate Cox regression model 
controlling for age was additionally performed, 
in which a high risk group model (patients with 
advanced age) and a low-risk group model (young 
patients) were constructed and prognostic factors 
were compared. Hazard ratios (HR) with 95% 
confidence intervals (CI) were used to quantify the 
size of the effect of the time-dependent covariate 
Cox regression analyses. Statistical analyses were 
performed using SPSS® Software version 20, and 
p<0.05 was considered statistically significant.

Development of machine learning models: artificial 
neural network and decision tree

The independent variables used to build the 
artificial neural network and decision tree models 
were: patient sociodemographic characteristics (age, 
sex and location/state), type of admission (outpatient 
or inpatient), inpatient in ICU, need for intubation, 
presence of pneumonia, presence of comorbidities 
(i.e. diabetes chronic obstructive pulmonary disease 
(COPD), asthma, immunodepression, hypertension, 
cardiovascular disease and obesity chronic kidney 
disease (CKD)). 

The dependent variable was the severity of the disease 
(binary variable) in which patients were classified into: 
severe disease and non-severe disease. Patients with 
non-severe disease were considered, those patients 
who were treated on an outpatient basis, while patients 
with severe disease were considered, those hospitalized 
in an intensive or semi-intensive care unit. For the 
construction of the models, 70% of the samples for the 
training set (calibration) and 30% of the samples for 
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the test set were used and these samples were selected 
using the Kenran-Stone algorithm20.

The ANN and DT machine learning models were 
validated using the following parameters: specificity, 
sensitivity and accuracy, using ROC curves (receiver 
operator characteristic curve). In machine learning, a 
sample is considered to be true negative (TN), when it is 
correctly classified by the ML model as being negative, 
given that the person is free of disease; whereas, a 
sample is considered false negative (FN), when it is 
wrongly classified by the ML model as negative, given 
that the patient has the disease. True positive sample 
(TP) is that correctly classified by the model as positive, 
given that the person has the disease; whereas a false 
positive sample (PF) is one that is wrongly classified as 
positive, since the person is free from the disease21–23.

In machine learning models, sensitivity is the model’s 
ability to correctly classify true positive samples and is 
calculated using the formula in equation 1:

Sensitivity = TP/(TP+FN)  		    (1)

Specificity is the ability of an ML model to correctly 
classify true negative samples, and is calculated by the 
following equation 2:

Specificity =  TN/(TN+FP)                                            (2)

Accuracy is the ML model’s ability to correctly classify 
both samples (negative and positive), and express and 
model efficiency. Accuracy is obtained by integrating 
the area under the ROC curve or applying the formula 
in equation 3:

     	 Accuracy = (TP+TN)/(TP+TN+FN+FP)         (3)

Results
Patient characteristics

A total of 95,839 patients with a positive diagnosis 
of COVID-19 were included in the study during the 
evaluated period. The median age was 41 years (IQR, 
30-53 years) and more than half of the patients were 
men (50.8%, n = 48720). The data on the clinical 
characteristics of the patients are shown in table 1.

Survival analysis
In the present study, 27% (n = 25867) of the patients 

had disease progression, of which 3% (n= 3435) died. 
The median OS and PFS were, 9,087 days (8,887-9,287) 
and 8,233 (8,036-8,430), respectively. The Kaplan-
Meier curves of OS and PFS are shown in figure S1 
(supplementary material).

Young patients aged <40 years had significantly 
the highest OS (9.172 vs 8.412 days) and PFS (8.525 
vs 6.929) times when compared to other age group 
(log rank test, p = 0.001). Male patients had greater 
OS (9.302 vs 8.691 days) than females (Log Rank, 

p<0.001; Breslow, p<0.001 and Tarone-Ware; p<0.001) 
(Table S1).

Patients admitted to the hospital had shorter OS 
(10.247 vs 8.980 days) and PFS (10.247 vs 7.891 
days) times when compared to outpatients (Log 
Rank, p<0.001; Breslow, p<0.001 and Tarone-Ware; 
p<0.001). Moreover, intubated patients (OS = 8.7 days; 
PFS=7.964 days) and patients that did not attend the 
ICU (OS = 8.798 days) also survived less (p<0.0001). 
Patients presenting comorbidities had significantly 
(Log rank, p<0.005, Breslow, p<0.005 and Tarone-
Ware, p<0.005) shorter OS and PFS times compared 
to healthy individuals. OS and PFS rates among groups 
were not different for other clinical variables asthma 
and pneumonia (Table S1).

Prognostic factors of OS and PFS: multivariate 
and univariate analysis of Cox regression time-
dependent covariate

The multivariate analysis of Cox regression covariable 
time-dependent demonstrated that the factors that 
were associated with the worst OS prognosis were: 
patients aged > 40 years (HR = 1.189 ; CI95% [1.066-
1.325]; p = 0.002), Hospitalized (HR = 1.252; CI95% 
[1.107-1.415]; p = 0.000), diabetis (HR = 1.125; CI95% 
[1.045-1.211]; p = 0.002), COPD (HR = 1.192; CI95% 
[1.057-1.344]; p = 0.004), cardiovascular disease (HR 
= 1.131; CI95% [1.002-1.278]; p = 0.047). However, 
univariate analysis showed that female (HR = 1.093; 
CI95% [1.019-1.173]; p = 0.012), intubated patient 
(HR = 1.107; CI95% [1.021-1.201]; p = 0.014), 
hypertension (HR = 1,116; CI95% [1,042-1,195]; p 
= 0.002) and patient with CKD (HR = 1,481; CI95% 
[1,204-1,823]; p = 0.000) were also associated with the 
worst OS prognosis (Table 2).

The multivariate analysis showed that the factors 
that were associated with the worst prognosis for 
progression-free survival were: female (HR = 1.110; 
CI95% [1.038-1.188]; p = 0.002), >40 years (HR = 
1.385; CI95% [1.261-1.521]; p = 0.000), Intubated 
patient (HR = 1.193; CI95% [1.098-1.296]; p = 0.000), 
Diabetis (HR = 1.081; CI95% [1.008-1.160]; p = 
0.003), COPD (HR = 1.171; CI95% [1.044-1.313]; p = 
0.007) and cardiovascular disease (HR = 1.139; CI95% 
[1.015-1.278]; p = 0.027). However, univariate analysis 
showed that patient with CKD (HR = 1.093; CI95% 
[1.019-1.173]; p = 0.012) were also associated with the 
worst PFS prognosis (table 2).

Sensitivity analysis
The sensitivity analysis of Cox’s model was performed 

by controlling for age, in which high-risk patients (> 40 
years) and low-risk patients (<40 years) were grouped. 
The results of the sensitivity analysis for overall survival 
showed that no factor was associated with a worse OS 
prognosis in patients under the age of 40 years. For 
patients over 40, the results were similar to the global 
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Cox regression results shown in Table 2. This shows 
that advanced age over 40 years is the most important 
factor in the prognosis of OS (Table S2 in supplementary 
material)

In the global Cox regression model, asthma was 
not associated with the PFS prognosis, however the 
sensitivity analysis for PFS showed that asthma is 
a factor associated with the worst PFS prognosis in 
the group of patients younger than 40 years (HR = 
1.568; 95% CI [1.073-2,291]; p = 0.002) (Table S2 in 
supplementary material).

Machine learning models: general considerations
For the calibration (training) of the ML models (ANN 

and DT), 12933 samples from patients with non-severe 
disease and 12933 samples from patients with severe 
disease were used, totaling 25866 samples belonging 
to the training set. For model the prediction (test), 
12933 samples from patients with non-severe disease 
and 12933 from patients with severe disease were also 
used, totaling 25866 samples from the test set.

Characteristics Frequency (n) Percentage (%)

Age (years) <40 years
>40 years

45419
50420

47,4
52,6

Gender Female
Male

47119
48720

49,2
50,8

Type of patient Ambulatory
Hospitalized
Intubated patient
Patients with pneumonia
Diabetic patients
Patient with COPD
Patient with asthma
Immunodepressed patients
Hypertensive patients
Cardiovascular disease
Obese patient
Patient with CKD
Smoking patient
Other complications
ICU patient
Deaths

70268
25571
1934
17628
12878
2462
4328
2314
16716
2986
15597
2287
9311
4642
2180
3435

73,3
26,7
2,0
18,4
13,4
2,6
4,5
2,4
17,4
3,1
16,3
2,4
9,7
4,8
2,3
3,6

Tabela 1. �Sociodemographic and clinical characteristics of patients with COVID-19 

Note: COPD, chronic obstructive pulmonary disease; ICU, intensive care unit; CKD, chronic kidney disease

Figura 1. ROC curves of the accuracy of machine learning models. Artificial neural network model (A) and decision tree model (B). UAC1- Area 
under the curve of patients with severe disease. UAC2- Area under the curve of patients with non-severe disease
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Figura 2. Decision tree model for predicting COVID-19 severity
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Artificial neural network model
The ANN model developed was multilayer percetron. 

The input layer of the neural network was formed by 27 
neurons (categories of predictor variables), the hidden 
layer was formed by 8 neurons, and the output layer 
was formed by two neurons (outcome variables: severe 
or non-severe disease). The neurons activation functions 
of the hidden layer and the output layer were hyperbolic 
tamgent and softamx, respectively. The model’s error 
function was entropy-error.

For training the ANN model, 2 minutes and 13 
seconds were used. The calibration error was 4.1%. 
Of the 25,866 samples from patients with non-
severe disease, 25,836 were correctly classified, and 
30  samples were wrongly classified (false positive 
samples) representing a specificity (percentage of 
correctness) of 99.8%. Of the 25,866 samples from 
patients with severe disease, 25676 samples were 
correctly classified by the ANN model as being samples 
from patients with severe disease, and 191 samples 
were wrongly classified (false negative samples), 
representing a sensitivity (percentage of correctness) 
of 99.2%. The accuracy of the model was calculated 
using the ROC curve, where the area under the curve 
(UAC) calculated for the prediction of negative samples 
and positive samples were both 99.5%, both for the 
severe disease group and for the group of non-severe 
disease, which proves the good efficiency of the model 
in predicting severity (figure 1A).

The type of patient (inpatient or outpatient), the 
patient’s age, having pneumonia, were the three 
main most impacting variables in predicting severity 
by the ANN model, in which they had a normalized 
importance of 100%, 59.9% and 18.7%, respectively.

Decision tree model
For training the DT model, 1 minutes and 49 seconds 

were used. The calibration error was 2.3%. The DT 
model was built using seven (7) nodes, four (4) terminal 
nodes and three (3) depths. The DT model showed 
that the severity of COVID-19 was associated with: (i) 
outpatients (p <0.001, chi-squared = 50563.395; df=1) 
older than 40 years (p<0.001; chi-squared= 23751.718, 
df=1); (ii) or outpatients under 40 years of age suffering 
from diabetes (p<0.001, chi-squared=127.175, df=1), 
as can be seen in figure 2.

Among 25,866 patients with severe disease, 25,840 
patients were correctly classified, representing a 
sensitivity (percentage of correctness) of the model 
of 99.8%. All 25867 samples of patients with non-
severe disease were correctly classified representing a 
100% correctness percentage (specificity). The model’s 
accuracy (calculated using equation 3) was 99%. The 
area under the ROC curve was 99.8% for both classes 
(severe disease and non-severe disease), which proves 
the good performance of the model (figure 1b).

Discussion
In this study we applied independent models of 

Cox regression and machine learning (artificial neural 
networks and decision tree) to predict the prognosis of 
patients with COVID-19.

There is an increasing tendency to apply machine 
learning models to predict Covid-19 prognosis, and 
several studies are available in the literature24–26. 
Although the existence of several machine learning 
models (for example, principal component analysis, 
artificial neural networks, decision tree, random forest), 

Overall survival (OS) Progression free survival (PFS)

Covariates Univariate Multivariate Univariate Multivariate

HR 95CI p HR 95CI p HR 95CI p HR 95CI p

Female
>40 years
Hospitalized
Intubated patient
Pneumonia patient
Diabetes patients
COPD
Asthma
Patients with ID
Hipertension
Patient with CD
Obese patient
Patient with CKD
Smoking patient
ICU patient

1.1
1.1
1.2
1.1
0.9
1.2
1.2
0.9
1.1
1.1
1.2
1.0
1.5
1.1
1.3

1.0-1.2
1.0-1.2
1.1-1.4
1.0-1.2
0.8-1.0
1.1-1.2
1.1-1.4
0.8-1.2
0.9-1.3
1.0-1.2
1.1-1.4
0.9-1.1
1.2-1.8
0.9-1.2
1.2-1.4

0.012
0.042
0.002
0.014
0.310
0.000
0.001
0.697
0.276
0.002
0.001
0.847
0.000
0.062
0.000

1.1
1.2
1.2
0.9
1.0
1.1
1.2
1.1
1.0
0.9
1.1
1.0
0.7
1.1
1.3

0.9-1.1
1.1-1.3
1.1-1.4
0.8-1.1
0.9-1.1
1.0-1.2
1.1-1.3
0.9-1.4
0.9-1.1
0.8-1.0
1.0-1.3
0.9-1.3
0.3-1.9
0.9-1.2
1.2-1.5

0.105
0.002
0.000
0.495
0.586
0.002
0.004
0.281
0.975
0.100
0.047
0.926
0.512
0.154
0.000

1.1
1.3

1.2
1.0
1.1
1.2
1.1
1.0
1.1
1.2
0.9
1.3
1.0
…..

1.1-1.2
1.2-1.4

1.1-1.3
0.9-1.1
1.0-1.2
1.1-1.3
0.9-1.3
0.9-1.2
0.9-1.1
1.1-1.3
0.9-1.0
1.1-1.5
0.9-1.2

…..

0.000
0.000

0.000
0.323
0.023
0.002
0.269
0.543
0.096
0.002
0.242
0.005
0.145
…..

1.1
1.4

1.2
1.0
1.1
1.1
1.0

1.0
1.1
0.9
1.2
1.1
…..

1.0-1.2
1.2-1.5

1.0-1.3
0.9-1.1
1.0-1.2
1.0-1.3
0.9-1.2

0.9-1.1
1.0-1.3
0.8-1.0
1.0-1.5
0.9-1.2

…..

0.002
0.000

0.000
0.586
0.030
0.007
0.824

0.277
0.027
0.154
0.118
0.158
…..

Tabela 2. Results of the univariate and multivariate analysis of Cox regression covariable time dependent on the prognostic factors 
associated with overall survival and progression free-survivall of COVID-19 between January to November 2020 in Mexico

Note: HR, hazard ratio; CI, confidence interval; COPD, chronic obstructive pulmonary disease; ICU, intensive care unit; CKD = chronic 
kidney disease
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the performance of these models depends on the 
available sample size. The larger the sample size, the 
more robust the machine learning model27–30. As an 
example, it is artificial neural networks multilayer or 
artificial neural networks deep learning that require a 
very large sample size for your training29–31.

In the case of COVID-19, several studies have 
been conducted using a small sample size, which 
compromises the performance of the models32,33.

For example, Hu (2020) used machine learning 
to predict the severity of COVID-19 using only 183 
patients (115 survivors and 68 deaths), whose sensitivity 
and specificity were 83.9% and 79.4%, respectively34. 
The values of sensitivity and specificity of study Hu 
(2020), are lower than those found in our study, which 
were both 99%; the reason for this difference can be 
explained by the fact that our study used a large sample 
size (n = 25,867) than Hu’s study (n = 183), which 
makes our models more robust.

A study conducted by Xu (2021), who also developed 
several machine learning models to predict the severity 
of COVID-19, the best model (decision tree) showed an 
accuracy similar to that found in our study, which was 
99%35. Despite this similarity, there is a difference in 
the sample size used for the development of the models 
(n = 659 patients in the study by Xu and 25,867 patients 
in our study), which obviously also compromises the 
performance of the models.

In this study, the majority of patients infected with 
COVID-19 in Mexico had a mean age of 41 years and 
were men. We confirmed the association of increased 
age with higher rates of death by COVID-19. Previous 
studies evaluating monkeys inoculated with SARS-
CoV demonstrated that older animals had a stronger 
response to virus infection than younger adults, with 
an increase in the expression of genes associated 
with inflammation, while the expression of type I 
interferon-b was reduced36,37. Moreover, COVID-19 
is associated with exacerbated release of cytokines 
by the overactivated immune system, as in SARS and 
MERS. Aberrant and excessive immune responses lead 
to long-term lung function and structure damage in 
patients released from the ICU38,39. Recent prospective 
and retrospective human cohort studies conducted in 
China (Wuhan) and the United States (New York and 
Michigan) have also found an association between 
advanced age and increased mortality and a worse 
prognosis of the disease5,36,40–42.

We also found that some pre-existing clinical 
conditions including pneumonia, diabetes, 
hypertension, cardiovascular disease and CKD were 
associated with shorter DSS in Mexico. In other studies, 
these comorbidities were also prevalent in patients 
admitted to the ICU, with rates varying from 17.1% to 
18.6% for hypertension, 1.9% for chronic obstructive 
pulmonary disease, 3% for chronic kidney disease, 9.7-
11.9% for diabetes and 14.4-16.4% for cardiovascular 
disease3,5,12,43. These data suggest that these specific 
clinical conditions are important risk factors for poor 

prognosis in COVID-19. In a recent systematic review 
of epidemiological data, the authors found a 36.8% 
rate of patients with comorbidities (mean age of 51.97 
years; majority males) with the most significant being 
hypertension, cardiovascular disease and diabetes3. In a 
study by Guo et al. (2020)., 80% of patients hospitalized 
in the United States for COVID-19 were 65 years of age 
or older; around one third (28.0%) had some coronary 
event, and were almost twice as likely to die compared 
to those patients without a cardiovascular events7. A 
study conducted in China found that diabetes was 
associated with a three-fold increase in the risk of death 
in patients with COVID-1910. 

Other studies also stress that obesity may be a reason 
for the increase in mortality among infected patients, 
given its association with higher hospitalization rates 
and need for mechanical ventilation11,44. Obesity 
is related to a decrease in the volume of expiratory 
reserve, functional capacity and compliance of 
the respiratory system. In addition, in patients with 
increased abdominal obesity, lung function is further 
compromised. There is also an increase in inflammatory 
cytokines, which may contribute to the increase 
in obesity-associated morbidity in COVID-1911,45. 
Although the effects of COVID-19 in these patients 
are still not well-established, caution in their care is 
needed. Previous experience with H1N1 influenza in 
California in 2009 showed that 58% of patients who 
were hospitalized or died due to the infection were 
obese (BMI ≥ 30), of which 67% were severely obese 
(BMI ≥ 40). Most people (66%) also had underlying 
diseases, such as chronic lung disease, including 
asthma, heart problems or diabetes11,44. In that same 
year, of all patients hospitalized in New Mexico for 
H1N1 that needed mechanical ventilation, around 56% 
were obese11,45.

Concomitant respiratory diseases play an important 
role in patients diagnosed with COVID-19, because 
these conditions contribute to enhance the severity 
of the respiratory symptoms. Death rates in these 
patients that may reach 6.3%, which is three times 
higher compared to healthy patients (rates around 
2.3%)46. A study demonstrated that patients previously 
diagnosed with pneumonia are more likely to die 
due COVID-1947. In our analyses, we did not find 
a clear association between COPD or asthma and 
patient survival. However, in Mexico, the rate of 
individuals with these comorbidities was low (around 
3%), which may explain this situation. Studies have 
shown that asthmatic patients have a type 2immune 
response, with the accumulation of eosinophils and 
involvement of type 2 cytokines (e.g. IL-4, IL-13), 
which may have protective effects against COVID-19 
infection. Asthma treatment also involves the use 
of corticosteroids, monoclonal anti-IgE antibody 
and allergic immunotherapy, which are drugs that 
significantly contribute to the prevention of SARS-
VOC-2 infection, improve immune defense or reduce 
inflammation48.
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The great limitation of our study is the fact that we 
have given retrospectives, which may not reflect the real 
scenario. Prospective studies are needed.

In Mexico, elderly women patients that were 
admitted to a hospital, needed intubation and 
had comorbidities (e.g. diabetes, pneumonia or 
hypertension) were associated with a worst prognosis 
for OS and PFS of COVID-19. The ANN and DT models 
were able to predict the severity of COVID-19, both 
models with an accuracy greater than 80%, which is 
the minimum recommended in most machine learning 
models. The results of survival analysis highlight the 
need for more tailored treatments towards other 
diseases besides the viral infection. Patients should be 
monitored according to their healthcare limitations. 
The Machine Learning models developed could be 
used as a tool to support the clinical team in making 
decisions regarding the need for hospitalization of 
outpatients with COVID-19.
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