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Abstract

Background: The COVID-19 pandemic is probably the greatest health catastrophe of the modern era. Spain’s health care system
has been exposed to uncontrollable numbers of patients over a short period, causing the system to collapse. Given that diagnosis
is not immediate, and there is no effective treatment for COVI1D-19, other tools have had to be devel oped to identify patients at
the risk of severe disease complications and thus optimize material and human resources in health care. There are no tools to
identify patients who have aworse prognosis than others.

Objective: This study aimed to process a sample of electronic health records of patients with COVID-19 in order to develop a
machinelearning model to predict the severity of infection and mortality from among clinical laboratory parameters. Early patient
classification can help optimize material and human resources, and analysis of the most important features of the model could
provide more detailed insightsinto the disease.

Methods: After aninitial performance evaluation based on a comparison with several other well-known methods, the extreme
gradient boosting algorithm was selected as the predictive method for this study. In addition, Shapley Additive Explanations was
used to analyze the importance of the features of the resulting model.

Results: After data preprocessing, 1823 confirmed patientswith COVID-19 and 32 predictor features were selected. On bootstrap
validation, the extreme gradient boosting classifier yielded a value of 0.97 (95% CI 0.96-0.98) for the area under the receiver
operator characteristic curve, 0.86 (95% Cl 0.80-0.91) for the area under the precision-recall curve, 0.94 (95% CI 0.92-0.95) for
accuracy, 0.77 (95% Cl 0.72-0.83) for the F-score, 0.93 (95% CI 0.89-0.98) for sensitivity, and 0.91 (95% CI 0.86-0.96) for
specificity. The 4 most relevant features for model prediction were lactate dehydrogenase activity, C-reactive protein levels,
neutrophil counts, and urealevels.

Conclusions: Our predictive model yielded excellent results in the differentiating among patients who died of COVID-19,
primarily from among laboratory parameter values. Analysis of the resulting model identified a set of features with the most
significant impact on the prediction, thus relating them to a higher risk of mortality.

(J Med Internet Res 2021;23(4):€26211) doi: 10.2196/26211
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Introduction

The COVID-19 pandemic is one of the most prominent health
catastrophes of the modern era. This is not exclusive to the
health field, as the far-reaching economic and social
consequences of this crisis are still unquantifiable [1]. The
disease primarily affects the respiratory system, causing
respiratory failure, and in certain patients, results in severe
inflammatory syndrome. Thisis mediated by proinflammatory
cytokinesand can lead to marked systemic complications, which
may be fatal in many cases[2].

The lack of knowledge of this virus led the World Health
Organization, together with the US Center for Disease Control
and Prevention, to define a profile of high-risk patients; this
included factors such as age over 65 years, living in nursing
homes, and having at least one of the following health problems:
chronic lung disease, severe heart disease, obesity, diabetes,
kidney failure, liver disease, or animmunocompromised status.
The result has been a highly uneven response to the pandemic,
both with respect to treatment and the diagnostic and prognostic
criteriafor the disease [3].

The exponential increase in COVID-19 cases over a short
period, lack of experience and knowledge of the virus, and the
shortcomings in health resources and health care personnel
(many of whom wereinfected) have caused hospitalsto become
saturated, especially intensive care units, which have received
a very high number of patients every day, many of whom
required long stays. Pressure on the health care system after the
first wave of the pandemic led to asearch for different resources
in order to help understand and accurately predict how each
patient would react on interacting with the virus. The availability
of toolsto enable usto classify at-risk patientsis crucial because
microbiological diagnostics are slow, the PCR test takes more
than 4 hours, and emergency physicians do not usualy receive
the results for up to 24 hours after collecting the sample.
Furthermore, the treatments are based on vital support that is
not always effective, and potentially givesriseto alarge number
of adverse events; furthermore, drug availability is sometimes
limited. Developing tools that alow us to classify patients at
therisk of complications, such those with aprothrombotic status,
or an increase in the number of inflammation parametersin a
blood sample, would help aleviate the saturation of the health
system, optimize resources, and save time in resolving clinical
complications [4].

Hence, we developed amodel to predict the mortality risk from
the laboratory parameters obtained during patients’ hospital
stay [5]. With this model, we aimed to eval uate how laboratory
parameters are related to the risk of a more (or less) severe
disease, so that when a patient presents at the emergency
department at a hospital, the mortality risk can be predicted on
the basis of the blood parameters.

Methods

Data Description

This study is based on anonymized clinical data obtained from
aprivate hospital group in Spain (HM Hospitales), with centers
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primarily in the Autonomous Communities of Madrid and
Galiciaand in Barcelona. This group made its data available to
the scientific community for research purposes. Using these
electronic case histories, we accessed data on individuals
suspected with COVID-19 admitted to their centers between
March and June 2020. From all the data tables provided, we
selected the following: (1) amain table containing specific data
on hospitalization and patients (2547 records) and (2) a
laboratory data table with the results of the various tests
requested for each patient during hospitalization and those
presenting at the emergency department (584,136 records).

In the table, an “Outcome” feature is present, with 5 possible
values: “Death,” “Home,” “Transfer to hospital,” “ Transfer to
sociosanitary center” and “Voluntary discharge” This Outcome
feature is the aim of the predictive model developed in this
study.

Data Preprocessing

Before devel oping the model, and asaprior step in any machine
learning procedure, the information in the 2 tables was
preprocessed as follows:

1. Only those patients with a confirmed diagnosis of
COVID-19, and whose “Outcome” feature was either
“Home" or “Death,” were selected.

2. Datafrom both tables were combined in accordance with
the patient ID. Since the patients can present a variable
number of measurements for each laboratory parameter,
the mean value was cal culated and assigned to each of them.

3. Owing to the large number of missing values, we decided
tofilter records and featuresin order to handle datawithout
missing values. Some machine learning algorithms can
function by directly using data with missing values, and
imputation methods can also be used. In this study, for the
sake of uniformity and simplicity, the following procedure
was used: first, those features having missing values in
>10% of all recordswere eliminated; thereafter, only those
records that had value in al the remaining features were
selected.

4. Features such as “Sex” and “Outcome’ were properly
encoded as binary values. No other preprocessing such as
normalization or scalarization was applied to the data.

Machine L earning Techniques

A range of machine learning methods to obtain predictive
models have been developed, such as those based on logistic
regression, linear discriminant analys's, instance-based learning,
artificial neural networks, decision trees, and ensemblelearning.
This study applied the gradient boosting method to develop a
predictive model.

Gradient Boosting

Gradient boosting is a machine learning technique used to
resolve regression and classification problems and yields a
predictive model through an ensemble of weak prediction
models, usually decision trees. As in other boosting methods,
it builds the model incrementaly by incorporating weak
prediction models, but it optimizes an arbitrary differentiable
loss function. Finally, the prediction for anew caseis obtained
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by aggregating the predictions of all the individual decision
trees that constitute the model. By combining many trees,
nonlinearity and interactions between predictor features are
achieved [6].

Extreme gradient boosting (XGBoost) is a relatively new
gradient boosting implementation that has achieved excellent
resultsin many classification tasks. It is an open-source software
library that provides a gradient boosting framework designed
to be highly efficient and flexible [7]. It has aso been
successfully applied in medicine; for example, for the prediction
of diabetes risk [8], hypertension [9], drug responses [10], or
kidney injury [11].

Shapley Additive Explanations

A fundamental feature of studies performed with machine
learning techniques is the interpretability of the results. In
medicine, this feature is essential for health care professionals
to draw conclusions and take decisions based on the results
obtained from machine learning algorithms. Doshi-Velez and
Kim [12] defined interpretability asthe “ability to explain or to
present in understandable terms to a human.” This renders
interpretability in machine learning a favorable model
characteristic.

Recently, the Shapley Additive Explanations (SHAP) framework
has been applied to interpret derived machine learning models
[13]. SHAPisbased onthe gametheory [14] and hel psevaluate
feature contributions toward model prediction, identifying the
features that most prominently influence the prediction. SHAP
values are associated with each feature’s marginal contribution
when aggregated to the model. The XGBoost method has an
additional advantage when SHAP is used, in that being based
on decision treeswe can use TreeSHAP, afast variant of SHAP
for tree-based machine learning [15].

Mode Training and Evaluation

In order to obtain a mortality predictive model (*“Outcome”
feature), agradient boosting model wastrained using previously
described data. Input features were “Age,” “Sex,” and each of
thelaboratory val ues (mean val ues) in accordance with the data
preprocessing described above. For this, the X GBoost model
was devel oped using the existing implementation for Python.
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To initially assess the performance of the XGBoost algorithm
in relation to other models in the literature, a comparison was
made with 8 representative classifiers in machine learning:
decision tree, K-nearest neighbors, linear discriminant analysis,
logistic regression, multilayer perceptron, Gaussian naive Bayes,
random forest, and support vector machines. For this, the
corresponding implementation in the Python Scikit-learn library
[16] was used. The metrics analyzed were the area under the
receiver operator characteristic curve (AUROC), the areaunder
the precision-recall curve (AUPRC), accuracy, and F-score (F1).
To assess a value for these metrics, bootstrap validation was
used.

For each classifier, the most relevant model parameters
(hyperparameters) were adjusted by selecting the best values
after an iterative tuning procedure, and leaving the rest with
their default values. Hyperparameter values were identified
using hyperopt, aPython library for distributed hyperparameter
optimization [17]; the metric and the agorithm used in the
optimization were AUROC and the 3-structured Parzen
estimator. To estimate the AUROC value, k-fold stratified
cross-validation (k=10) was employed. Thus, each tuning cycle
involved 10 training-test executions using different
nonoverlapping test data (each with 10% of the total records).
Through cross-validation, the variance of the estimates can be
reduced, and the estimation of the generalization performance
was improved [18].

Oncetheresultswere analyzed, suitable behavior was confirmed
in most of the metrics obtained using XGBoost. To further
improve its performance, the fina model parameters were
adjusted using amore exhaustive tuning procedure. Among the
variety of parameters availablein X GBoost, the ones considered
more relevant were selected for tuning. The 6 selected
parameters influence the number of gradient boosted trees and
their structure (n_estimators, max_depth, and
min_child_weight), and the learning process (learning_rate,
subsample, and colsample_bytree).

Following this parameter tuning phase, the final model was
assessed through bootstrapping. The performance metricswere
as follows: AUROC, AUPRC, accuracy, F1, Youden's index,
sensitivity, and specificity. Finally, the relative importance of
the features in the model was obtained using SHAP (Figure 1).
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Figure 1. Procedure for obtaining the model parameters, validation, and feature importance. AUC: area under the curve, SHAP: Shapley Additive

Explanations.
10-fold cross-validation
training-test (fold 0) }— .
Final
( . hyperparameters
training-test (fold 1) }—
P »  AUC | i
training-test (fold 9)  |— o Feature
_ Validation importance

(bootstrap) (SHAP)

Adjusted hyperparameters

Results

Study Population and Features

Following theinitial data preprocessing phase, the combination
of the datain the 2 tables produced a data set composed of 1823
records and 33 features. All the data correspond to patientswith

Table 1. Prevalencefor the“Age” “Sex,” and “Outcome” features.

a confirmed diagnosis of COVID-19. Tables 1 and 2 show
prevalence and clinical laboratory values, respectively. The
median age of al patients was 68 (IQR 57-79) years, and 1114
(61.1%) were male. The “Death” outcome had a prevalence of
approximately 14% in the resulting subset of patients after data
preprocessing.

Feature Patients, n (%)
Age (years)
0-25 7(0.4)
25-50 235 (12.9)
50-75 942 (51.7)
75-100 635 (34.8)
100-125 4(0.2)
Sex
Mae 1114 (61.1)
Female 709 (38.9)
Outcome
Home 1561 (85.6)
Death 262 (14.4)
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Table 2. Clinical laboratory values for the features in the data set.
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Feature (units) Median (IQR?) Reference value
Alanine transaminase (U/L) 31.7 (19.2-55.7) <40
Aspartate transaminase (U/L) 31.8 (22.2-47.3) <40
Anisocytosis coefficient (%) 13.0(11.9-14.1) 11.5-145
Basophils (%) 0.3(0.2-0.5) 01
Basophil count (10°¥/uL) 0.02 (0.01-0.03) 0-0.1
C-reactive protein (mg/L) 52.8 (24.1-94.0) <5
Creatinine (mg/dL) 0.8 (0.7-1.0) 0.6-1.0
D-Dimer (ng/mL) 885 (492-1883) <500
Eosinophils (%) 0.8 (0.2-1.6) 2-7
Eosinophil count (10'3/uL) 0.05(0.01-0.10) 0.1-06
Glucose (mg/dL) 110 (97-132) 70-105
Hematocrit (%) 39.5 (36.5-42.5) 40-54
Hemoglobin (g/dL) 13.3(12.1-14.3) 135-17.5
Lactate dehydrogenase (U/L) 507 (402-654) 120-230
L eukocyte count (10°3uL) 7.0 (5.5-9.2) 4.4-11.3
Lymphocytes (%) 18.4 (12.1-25.5) 20-48
Lymphocyte count (10'3/uL) 12(0.9-16) 12-34
Mean corpuscular hemoglobin (pg) 29.7 (28.6-30.8) 28-33
Mean corpuscular hemoglobin concentration (g/dL) 335(32.7-34.2) 33-36
Mean corpuscular volume (fL) 88.4 (85.5-91.5) 80-95
Mean platelet volume (fL) 10.3(9.7-11.0) 7.4-104
Monocytes (%) 8.1(6.0-10.5) 1-11
Monocyte count (10'3/uL) 0.6 (0.4-0.7) 0.1-1
Neutrophils (%) 71.0 (62.5-80.1) 40-75
Neutrophil count (10'3/uL) 49(36-7.1) 1575
Platelet count (10°3uL) 250 (195-317) 150-450
Potassium (mmol/L) 4.3 (4.0-4.6) 3551
Erythrocyte count (10’6/uL) 4.5(4.1-4.9) 4.1-59
Sodium (mmol/L) 138 (136-140) 135-145
Urea (mg/dL) 38 (29-54) 5-50

3 QR: Q1-Q3 values.

M odel Performance

Intheinitial evaluation of X GBoost's performance, acomparison
with several well-known classifiers was carried out. Table 3
shows the results of this comparison. XGBoost yiel ded the best
results for 3 measures and the second-best results for the F1.
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These results reaffirm the choice of XGBoost as the predictive
method for this study. Figure 2 displays the resulting receiver
operator characteristic and precision-recall curvesfor XGBoost,
and Multimedia Appendix 1 shows the corresponding ones for
the other methods.
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Table 3. Comparison of the outcomes of methods after bootstrap validation.
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Method AUROC? mean (95% Cl)

AUPRCP, mean (95% Cl)

Accuracy, mean (95% ClI)

F1°, mean (95% CI)

Decision tree 0.89 (0.84-0.92)
0.87 (0.85-0.90)
0.96 (0.94-0.97)
0.96 (0.94-0.98)
0.95 (0.93-0.97)
0.94 (0.91-0.96)
0.96 (0.95-0.98)
0.91 (0.88-0.94)

0.97 (0.96-0.98)

K-nearest neighbors

Linear discriminant analysis
Logit

Multilayer perceptron

Naive Bayes

Random forest

Support vector machines

XGBoost

0.67 (0.58-0.74)
0.55 (0.46-0.64)
0.85 (0.80-0.90)
0.84 (0.79-0.89)
0.79 (0.71-0.86)
0.74 (0.66-0.82)
0.84 (0.76-0.90)
0.62 (0.53-0.71)
0.85 (0.79-0.91)

0.89 (0.85-0.92)
0.88 (0.86-0.90)
0.94 (0.92-0.95)
0.94 (0.92-0.95)
0.93 (0.91-0.94)
0.91 (0.89-0.92)
0.93 (0.91-0.95)
0.87 (0.85-0.88)
0.94 (0.92-0.95)

0.60 (0.52-0.68)
0.41 (0.29-0.50)
0.75 (0.70-0.82)
0.76 (0.70-0.82)
0.73 (0.65-0.79)
0.68 (0.62-0.76)
0.73 (0.67-0.79)
0.21 (0.11-0.31)
0.76 (0.71-0.81)

8AUROC: area under the receiver operating characteristic curve.
BAUPRC: area under the precision-recall curve.
°F1: F-score.

Figure2. The receiver operator characteristic curve (left) and precision-recall curve (right) in the XGBoost model after bootstrap validation. AUROC:

area under the receiver operator characteristic curve, AUPRC: area under the precision-recall curve, XGBoost: extreme gradient boosting.
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In an attempt to improve XGBoost's performance, the fina
model parameters were adjusted through a more exhaustive
tuning procedure using the Python hyperopt library. Setting the
iterations (max_eval) a 8000 vyielded the

number of

Table 4. Final vaues of the tuned hyperparameters in the extreme gradient boosting model.
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hyperparameter values presented in Table 4. The remaining
hyperparameters retained their default values. The model used
110 decision trees, with a maximum depth of 3.

Hyperparameter Value
Number of gradient-boosted trees 110
Maximum tree depth 3
Minimum sum of instance weight needed in a child 5
Boosting learning rate 0.094
Subsample ratio of the training instances 0.928
Subsample ratio of columns 0.474
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With these hyperparameter values, bootstrap validation was
again used to obtain model resultsfor the performance metrics,
after 300 bootstrap iterations. Through this process, the values
obtained were 0.97 (95% CI 0.96- 0.98) for AUROC, 0.86 (95%
Cl 0.80- 0.91) for AUPRC, 0.94 (95% CI 0.92-0.95) for
accuracy, and 0.77 (95% CI 0.72- 0.83) for the F1. We observed
a dight improvement owing to more processing in the
hyperparameter search process (8000 vs 1000 iterations).
Furthermore, the associated sensitivity and specificity values
were calculated using the receiver operator characteristic curve
values to determine the cut-point that maximizes the Youden
index. These calculations yielded a value of 0.85 (95% ClI
0.80-0.90) for the Youden index, 0.93 (95% CI 0.89-0.98) for
sensitivity, and 0.91 (95% CI 0.86-0.96) for specificity.

Dominguez-Olmedo et al

Feature Importance

After applying the tuned X GBoost model to the total data set,
the SHAP values associated with this model were calculated.
Each feature's overall performance can be determined on the
basis of these SHAP values in accordance with their average
impact on model output. Figure 3 shows SHAP summary plots
for the 16 most important features. Based on the mean absolute
SHAP values, 5 features, including lactate dehydrogenase,
C-reactive protein, neutrophil (%), urea, and age, had a greater
average impact on model output. Among these, the feature's
highest values (red) are generally associated with ahigher SHAP
value and, by extension, to a greater likelihood of the “ Death”
outcome. In other cases, for example eosinophil (%) and alanine
aminotransferase, the feature’'s lowest values (blue) are
associated with a greater risk of the “Death” outcome.

Figure 3. SHAP summary plots for the 16 most important features in accordance with their mean absolute values. Beeswarm plot (left), where each
dot corresponds to an individual patient, showing the impact of the feature on the model’s prediction for that patient. The graph on the right shows the
average impact on model output. ALT: alanine transaminase, AST: aspartate transaminase, CRP: C-reactive protein, LDH: lactate dehydrogenase,
MCHC: mean corpuscular hemoglobin concentration, SHAP: Shapley Additive Explanations.
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Plots developed using SHAP values are displayed in Multimedia
Appendix 1; these highlight the relationship between these
features and the mortality risk. Every dot represents an
individual patient. Furthermore, Multimedia Appendix 1
contains boxplots that describe value distribution between
recovered and dead patients for the same features.

Discussion

Principal Findings

COVID-19 mortality is strongly linked to 2 events. There are
patients who develop a severe inflammatory syndrome, which
results in uncontrolled activation of the immune system and a
massive release of proinflammatory cytokines, which translates
into an increase in acute-phase reactants such as C-reactive
protein, interleukin-6, ferritin, cell destruction markers such as
lactate dehydrogenase, and an increasein proinflammatory cells
such as neutrophils. This severe inflammatory syndrome has
been described as a cause of mortality in most patients with
complications arising from a SARS-CoV-2 infection. In such

https://www.jmir.org/2021/4/e26211
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patients, lactate dehydrogenase is associated with an increase
in cell destruction, which resultsin areduction in lymphocytes,
rupture of the lung parenchyma due to inflammation, cell
damage, cell remodeling, and lung fibrosis [19,20]. Our study
dataare concurrent with thistrend, with lactate dehydrogenase,
C-reactive protein, and neutrophils having the greatest impact
on mortality among these patients. Another important
complication described in these patients is acute renal failure
[21]; our data show that the laboratory parameter that most
influencesmortality inrelation to renal function isurea, amarker
of renal function at the prerenal level, which indicates whether
rena filtering is effective. Urea levels tend to increase when
patients are dehydrated or experience excessive fluid loss [3].

From among clinical laboratory findings, it is essential to
establish a biochemica panel of acute-phase reactants that
facilitate the identification of patients susceptible to an acute
inflammatory syndrome. In this case, we propose lactate
dehydrogenase and C-reactive protein as the best candidates

JMed Internet Res 2021 | vol. 23 | iss. 4| €26211 | p. 7
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

according to the data obtained, to which interleukin-6 ferritin
should be added, at the very least.

Another complication that results in high mortality in these
patients is coagulation disorders. COVID-19 results in a
systemic hypercoagulation state, producing pulmonary
thromboembolisms, ischemic strokes, and other disorders, and
a markedly large number patients experience severe
complications. This complication can be assessed on the basis
of 2 laboratory parameters: D-Dimer and platelets. As a
degradation product of a previously formed clot, the increase
in this parameter will thus be proportional to the number of
previously formed clots. In the first step of the coagulation
process, a reduction in the number of platelets would indicate
that clots are being formed. Accordingly, a risk factor would
be an increase in D-dimer levels and areduction in the platel et
count [22].

Approximately 30% of patientswith COVID-19 complications
have hypercoagulation disorders; hence, it is important to be

Dominguez-Olmedo et al

able to predict these complications in order to establish
prophylactic anticoagulant treatment as early as possible in
patientsin whom thisblood disorder isidentified. Some studies
have compared the hypercoagulation status resulting from
COVID-19to that appearing in patients with an antiphospholipid
syndrome, who present with the same complications and in
whom the treatment is identical [23]. Of note, we have
established a strong rel ationship between coagul ation parameters
and mortality in the predictive model we developed in this study.

Figure 4 shows the most interesting parameters—from the
clinical point of view—and their relation to mortality. The 3
graphs have acommon relationship; that is, from acertain value,
the curve that relates the value of the variable to mortality
increases significantly. At this point, the medical intervention
could changetheclinical course of patientssince, asseeninthe
graph, very high valuesin these tests represent ahigher mortality
risk, while low levelsrelate to a more favorable prognosis.

Figure 4. Plots developed using SHAP values, displaying the relationship between laboratory values—including LDH, CRP, and D-Dimer—and
mortality risk. Every dot represents an individual patient. Higher values of these features indicate an increase in the mortality risk, and lower ones are
associated with a more favorable prognosis. CRP: C-reactive protein, LDH: lactate dehydrogenase, SHAP: Shapley Additive Explanations.
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At the beginning of the pandemic, one of the main risk factors
by which patients were classified was age; as expected, higher
morbidity and mortality rates prevail among older individuals.
In our predictive model, age ranks in fifth position, which is
important, but mortality is still more prominent among those
patients who develop a severe inflammatory syndrome.
Therefore, if we relate age as an independent variable to the
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main biochemical markers of severe inflammation, we can
estimate patient mortality on the basis of their ageand aclinical
laboratory value (Figure 5). On the other hand, Figure 6 shows
thedifferencein different clinical laboratory valuesfrom among
patients who die or are discharged from hospital. We observed
aclear difference between different laboratory values depending
on each group.

Figure5. Partia dependence plots representing the model output associated with age and other features (LDH, CRP, and urea). Red zones indicate a
greater influence on mortality risk. CRP: C-reactive protein, LDH: lactate dehydrogenase.
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Figure 6. Boxplots describing value distribution between recovered and dead patients on the basis of the laboratory values of LDH, CRP, Urea, and

D-Dimer. CRP: C-reactive protein, LDH: |actate dehydrogenase.

1600 4
300

1400
250

1200

1000

150
800

600 -
400 50

200

|

1

175 14000

150 12000

1
125 0000

8000

6000
75

50
25

4000 -

2000

R

Home Death Home Death

LDH CRP

It is not easy to establish strict criteriafor mortality in patients
with COVID-19, as they are influenced by other unquantified
variablesand environmental factors. The comorbiditiesin these
patients prior to them contracting COVID-19 are very important
when managing these patients and predicting complications
[24]. Patients with chronic pathol ogies such as hypertension or
diabetes have a higher number of complications and rate of
mortality than those who do not; however, the underlying reason
remains unclear. It has been hypothesized that these patients
have higher expression |evels of angiotensin-converting enzyme
2 receptors through which the virus penetrates the cells to
replicate; such patients are candidates for a stronger and more
severe disease. Furthermore, Fang et a [25] reported that
polymorphismsin the gene that encodes this receptor increases
the severity of the disease.

Carrasco-Sanchez et al [26] collected data from approximately
20,000 patients in Spain and reported that mortality can be
predicted among those patients who arrive at an emergency
department and are then found to have high blood glucose levels,
during their hospital stay, provided they are not in a critical
condition. Blood glucose is thus one of the most prominent
predictors of patient mortality, which is concurrent with our
hypothesis. Therefore, glycemic control among patients before
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and during their hospital stay is essential to increase their
survival.

Limitations

Clinically, this study hasaseries of limitations. First, this study
hasasmall patient cohort; previoussimilar studies haveincluded
a markedly larger patient cohort [21,26]. Second, we did not
record the comorbidities of these patients; therefore, we cannot
assesstheir rolein relation to other variables and their potential
to predict a patient's mortality. Finally, it is very important to
perform a battery of laboratory tests, which facilitates the
evaluation of aninflammatory syndrome with more parameters,
such as interleukin-6 and ferritin.

Conclusions

This study aimed to develop amodel to predict the mortality of
patients with COVID-19, which can assess mortality from
laboratory values with a high degree of accuracy. The use of
machinelearning techniques, in this case the X GBoost predictive
method, has yielded excellent results for several performance
metrics. The analysis of the resulting model enables us to
identify a set of features with a markedly high prediction
potential, which can be useful for improving care decisions and
increasing patient survival.

References

1.  Mahase E. Coronavirus covid-19 has killed more people than SARS and MERS combined, despite lower case fatality rate.
BMJ 2020 Feb 18;368:m641. [doi: 10.1136/bmj.m641] [Medline: 32071063]

2. Ranney ML, Griffeth V, Jha AK. Critical Supply Shortages - The Need for Ventilators and Personal Protective Equipment
during the Covid-19 Pandemic. N Engl JMed 2020 Apr 30;382(18):e41. [doi: 10.1056/NEJM p2006141] [Medline: 32212516]

3. Yanl, ZhangH, Goncaves J, Xiao Y, Wang M, Guo Y, et a. An interpretable mortality prediction model for COVID-19
patients. Nat Mach Intell 2020 May 14;2(5):283-288. [doi: 10.1038/s42256-020-0180-7]

https://www.jmir.org/2021/4/e26211

RenderX

JMed Internet Res 2021 | vol. 23 | iss. 4| €26211 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i4e26211_app1.docx&filename=347c5dd802c0e621e64798dc8c2d213f.docx
https://jmir.org/api/download?alt_name=jmir_v23i4e26211_app1.docx&filename=347c5dd802c0e621e64798dc8c2d213f.docx
http://dx.doi.org/10.1136/bmj.m641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32071063&dopt=Abstract
http://dx.doi.org/10.1056/NEJMp2006141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32212516&dopt=Abstract
http://dx.doi.org/10.1038/s42256-020-0180-7
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Dominguez-Olmedo et &

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Schwab P, DuMont Schiitte A, Dietz B, Bauer S. Clinical Predictive Models for COVID-19: Systematic Study. JMed
Internet Res 2020 Oct 06;22(10):€21439 [FREE Full text] [doi: 10.2196/21439] [Medline: 32976111]

Barda N, Riesel D, Akriv A, Levy J, Finkel U, Yona G, et al. Developing a COVID-19 mortality risk prediction model
when individual-level data are not available. Nat Commun 2020 Sep 07;11(1):4439 [FREE Full text] [doi:
10.1038/s41467-020-18297-9] [Medline: 32895375]

Friedman JH. Stochastic gradient boosting. Comput Data Stat Anal 2002 Feb;38(4):367-378. [doi:
10.1016/S0167-9473(01)00065-2]

Chen T, Guestrin CE. XGBoost: A Scalable Tree Boosting System. In: Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. New York, NY: Association for Computing Machinery; 2016 Aug
Presented at: KDD '16: The 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining;
August 2016; San Francisco, CA p. 785-794. [doi: 10.1145/2939672.2939785]

Wang L, Wang X, Chen A, Jin X, Che H. Prediction of Type 2 Diabetes Risk and Its Effect Evaluation Based on the
XGBoost Model. Healthcare (Basel) 2020 Jul 31;8(3):247 [FREE Full text] [doi: 10.3390/healthcare8030247] [Medline:
32751894]

Chang W, Liu Y, Xiao Y, Yuan X, Xu X, Zhang S, et a. A Machine-L earning-Based Prediction Method for Hypertension
Outcomes Based on Medical Data. Diagnostics (Basel) 2019 Nov 07;9(4):178 [FREE Full text] [doi:
10.3390/diagnostics9040178] [Medline: 31703364]

Mo X, Chen X, Li H, Li J, Zeng F, Chen Y, et a. Early and Accurate Prediction of Clinical Response to Methotrexate
Treatment in Juvenile Idiopathic Arthritis Using Machine Learning. Front Pharmacol 2019;10:1155 [FREE Full text] [doi:
10.3389/fphar.2019.01155] [Medline: 31649533]

Hsu C, LiuC, Tain Y, Kuo C, Lin Y. Machine Learning Model for Risk Prediction of Community-Acquired Acute Kidney
Injury Hospitalization From Electronic Health Records: Development and Validation Study. J Med Internet Res 2020 Aug
04;22(8):€16903 [FREE Full text] [doi: 10.2196/16903] [Medline: 32749223]

Doshi-Velez F, Kim B. Towards A Rigorous Science of Interpretable Machine Learning. arXiv. Preprint posted online
February 28, 2017. [FREE Full text]

Lundberg S, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From Local Explanationsto Global Understanding
with Explainable Al for Trees. Nat Mach Intell 2020 Jan;2(1):56-67 [FREE Full text] [doi: 10.1038/s42256-019-0138-9]
[Medline: 32607472]

Kuhn HW, Tucker AW, editors. Contributions to the Theory of Games (AM-28), Volume I1. Princeton, NJ: Princeton
University Press; 1953.

Lundberg S, Erion G, Lee S. Consistent Individualized Feature Attribution for Tree Ensembles. arXiv. Preprint posted
online February 12, 2018.

Pedregosa F, Varogquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et a. Scikit-learn: Machine Learning in Python.
JMach Learn Res 2011;12:2825-2830 [FREE Full text]

BergstraJ, Yamins D, Cox D. Making a science of model search: hyperparameter optimization in hundreds of dimensions
for vision architectures. In: Proceedings of the 30th International Conference on International Conference on Machine
Learning - Volume 28. 2013 Presented at: The 30th International Conference on International Conference on Machine
Learning; June 16-21, 2013; Atlanta, GA p. 1-115-1-123.

Arlot S, Celisse A. A survey of cross-validation procedures for model selection. Statist Surv 2010 Jan 1;4:40-79. [doi:
10.1214/09-SS054]

Drent M, Cobben N, Henderson R, Wouters E, van Dieijen-Visser M. Usefulness of |actate dehydrogenase and itsisoenzymes
asindicators of lung damage or inflammation. Eur Respir J 1996 Aug;9(8):1736-1742 [FREE Full text] [doi:
10.1183/09031936.96.09081736] [Medline: 8866602]

Henry BM, de OliveiraMHS, Benoit S, Plebani M, Lippi G. Hematol ogic, biochemical and immune biomarker abnormalities
associated with severe illness and mortality in coronavirus disease 2019 (COVID-19): a meta-analysis. Clin Chem Lab
Med 2020 Jun 25;58(7):1021-1028. [doi: 10.1515/cclm-2020-0369] [Medline: 32286245]

Vaid A, Somani S, Russak AJ, De Freitas JK, Chaudhry FF, Paranjpe |, et al. Machine Learning to Predict Mortality and
Critical Eventsin a Cohort of Patients With COVID-19 in New York City: Model Development and Validation. JMed
Internet Res 2020 Nov 06;22(11):€24018 [FREE Full text] [doi: 10.2196/24018] [Medline: 33027032]

Klok F, Kruip M, van der Meer N, Arbous M, GommersD, Kant K, et a. Incidence of thrombotic complicationsin critically
ill ICU patientswith COVID-19. Thromb Res 2020 Jul;191:145-147 [FREE Full text] [doi: 10.1016/j.thromres.2020.04.013]
[Medline: 32291094]

Zhang Y, Xiao M, Zhang S, Xia P, Cao W, Jiang W, et a. Coagulopathy and Antiphospholipid Antibodiesin Patients with
Covid-19. N Engl JMed 2020 Apr 23;382(17):e38 [FREE Full text] [doi: 10.1056/NEJM c2007575] [Medline: 32268022]
KimN, HaE, Moon JS, LeeY, Choi EY. Acute Hyperglycemic Criseswith Coronavirus Disease-19: Case Reports. Diabetes
Metab J 2020 Apr;44(2):349-353 [FREE Full text] [doi: 10.4093/dmj.2020.0091] [Medline: 32347027]

Fang L, Karakiulakis G, Roth M. Are patients with hypertension and diabetes mellitus at increased risk for COVID-19
infection? Lancet Respir Med 2020 Apr;8(4):e21 [FREE Full text] [doi: 10.1016/S2213-2600(20)30116-8] [Medline:
32171062]

https://www.jmir.org/2021/4/e26211 JMed Internet Res 2021 | vol. 23 | iss. 4 | €26211 | p. 10

(page number not for citation purposes)


https://www.jmir.org/2020/10/e21439/
http://dx.doi.org/10.2196/21439
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32976111&dopt=Abstract
https://doi.org/10.1038/s41467-020-18297-9
http://dx.doi.org/10.1038/s41467-020-18297-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32895375&dopt=Abstract
http://dx.doi.org/10.1016/S0167-9473(01)00065-2
http://dx.doi.org/10.1145/2939672.2939785
https://www.mdpi.com/resolver?pii=healthcare8030247
http://dx.doi.org/10.3390/healthcare8030247
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32751894&dopt=Abstract
https://www.mdpi.com/resolver?pii=diagnostics9040178
http://dx.doi.org/10.3390/diagnostics9040178
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31703364&dopt=Abstract
https://doi.org/10.3389/fphar.2019.01155
http://dx.doi.org/10.3389/fphar.2019.01155
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31649533&dopt=Abstract
https://www.jmir.org/2020/8/e16903/
http://dx.doi.org/10.2196/16903
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32749223&dopt=Abstract
http://arxiv.org/abs/1702.08608
http://europepmc.org/abstract/MED/32607472
http://dx.doi.org/10.1038/s42256-019-0138-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32607472&dopt=Abstract
https://www.jmlr.org/papers/volume12/pedregosa11a/pedregosa11a.pdf
http://dx.doi.org/10.1214/09-SS054
http://erj.ersjournals.com/cgi/pmidlookup?view=long&pmid=8866602
http://dx.doi.org/10.1183/09031936.96.09081736
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8866602&dopt=Abstract
http://dx.doi.org/10.1515/cclm-2020-0369
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32286245&dopt=Abstract
https://www.jmir.org/2020/11/e24018/
http://dx.doi.org/10.2196/24018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33027032&dopt=Abstract
http://europepmc.org/abstract/MED/32291094
http://dx.doi.org/10.1016/j.thromres.2020.04.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32291094&dopt=Abstract
http://europepmc.org/abstract/MED/32268022
http://dx.doi.org/10.1056/NEJMc2007575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32268022&dopt=Abstract
https://e-dmj.org/DOIx.php?id=10.4093/dmj.2020.0091
http://dx.doi.org/10.4093/dmj.2020.0091
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32347027&dopt=Abstract
http://europepmc.org/abstract/MED/32171062
http://dx.doi.org/10.1016/S2213-2600(20)30116-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32171062&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Dominguez-Olmedo et &

26. Carrasco-Sanchez FJ, Lopez-CarmonaMD, Martinez-Marcos FJ, Pérez-Belmonte LM, Hidalgo-Jiménez A, Buonaiuto V,
SEMI-COVID-19 Network. Admission hyperglycaemiaas apredictor of mortality in patients hospitalized with COVID-19
regardless of diabetes status: data from the Spanish SEMI-COVID-19 Registry. Ann Med 2021 Dec;53(1):103-116 [FREE
Full text] [doi: 10.1080/07853890.2020.1836566] [Medline: 33063540]

Abbreviations

AUPRC: areaunder the precision-recall curve

AUROC: areaunder the receiving operator characteristic curve
SHAP: Shapley Additive Explanations

XGBoost: Extreme Gradient Boosting

Edited by C Basch; submitted 07.12.20; peer-reviewed by V Rivas Santos, W WU; comments to author 23.12.20; revised version
received 29.12.20; accepted 08.03.21; published 14.04.21

Please cite as:

Dominguez-Olmedo JL, Gragera-Martinez A, Mata J, Pachon Alvarez V

Machine Learning Applied to Clinical Laboratory Data in Spain for COVID-19 Outcome Prediction: Model Development and
Validation

J Med Internet Res 2021;23(4):e26211

URL: https://mwww.jmir.org/2021/4/e26211

doi: 10.2196/26211

PMID: 33793407

©Juan L Dominguez-Olmedo, Alvaro Gragera-Martinez, Jacinto Mata, Victoria Pachon Alvarez. Originally published in the
Journal of Medical Internet Research (http://www.jmir.org), 14.04.2021. Thisisan open-access article distributed under theterms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medica Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/,
aswell asthis copyright and license information must be included.

https://www.jmir.org/2021/4/e26211 JMed Internet Res 2021 | vol. 23 | iss. 4 | €26211 | p. 11
(page number not for citation purposes)

RenderX


http://europepmc.org/abstract/MED/33063540
http://europepmc.org/abstract/MED/33063540
http://dx.doi.org/10.1080/07853890.2020.1836566
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33063540&dopt=Abstract
https://www.jmir.org/2021/4/e26211
http://dx.doi.org/10.2196/26211
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33793407&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

