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As of August 23, 2020, a cumulative total of over 23 million
cases of coronavirus disease 2019 (COVID-19) infections
and 800,000 related deaths has been reported [1].
Although most infected people present with mild-tomoderate symptoms, about one-third require hospitalization [2] (Last accessed 27 Aug 2020). Identiﬁcation of valid
prognostic factors for patients with COVID-19 might be
helpful in the early diagnosis of “high-risk” individuals [3].
Some demographic and clinical variables – notably age,
male sex, smoking or comorbidities such as cardiovascular
disease, obesity or diabetes – have been associated with a
worse prognosis [4]. By contrast, while some potential
blood biomarkers (e.g., lactate dehydrogenase [LDH],
C-reactive protein, coagulation parameters or lymphopenia) are emerging [4, 5], the evidence remains scarce and
validation using advanced analyses in different cohorts is
needed. The use of artiﬁcial intelligence (e.g., artiﬁcial
neural network [ANN]) as a form of predictive analysis
could help in this regard, and its combination with standard observation at triage might help to correctly identify
those patients at a higher risk [6]. We have studied the
prognostic value (in terms of survival) of potential “early”
routine biochemistry and hematological biomarkers in
patients with COVID-19.
This is a retrospective study of all admitted patients
diagnosed with COVID-19 (by polymerase chain reaction)
in a large public Hospital of Madrid, Spain (Hospital 12 de
Octubre) from February 28 to March 30. The protocol
was approved by the Ethics Committee of the aforementioned institution (reference #20/222) and adhered to the
Declaration of Helsinki. The predictive value (i.e., odds of
dying in the hospital versus discharge) of routine serum
biochemistry (Cobas 8000 platform; Roche Diagnostics,
Risch-Rotkreuz, Switzerland) and hematological parameters (DxH 900 hematology analyzer, Beckman Coulter,
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Brea, CA) was tested in blood samples obtained at hospital
admission.
Statistical analyses were performed in three stages.
First, classical inference analyses (unpaired Student’s and
chi-square tests) and univariate logistic regression were
used to assess differences between groups (survivors vs.
non-survivors) and the association of each variable with
the odds of COVID-19-related mortality, respectively. Secondly, we developed ANN models for the prediction of
COVID-19 mortality using the hyperbolic tangent function
as the activation function and with normalization of
covariates through feature scaling. In the third stage,
subjects were randomly divided into a training or testing
set (7:3 ratio) to evaluate the performance of the ANN
model [7]. We calculated the accuracy, sensitivity, speciﬁcity, and area under the receiver operating curve (AUC) of
the ANN model. All analyses were performed using SPSS
24.0 (SPSS Inc., Chicago, IL) and STATA 13 (StataCorp LP.,

College Station, TX). The signiﬁcance level was set at 0.05
for the univariate model and was Bonferroni-corrected for
inference analyses (i.e., dividing 0.05 by the number of
comparisons [thus, threshold p-value=0.05/35=0.0014]).
We studied 1,369 patients (1,090 survivors [median
time before discharge, 40 days] and 279 non-survivors
[median time before death, 6 days]). The ANN model in
the training phase yielded 85% of correct predictions
(speciﬁcity, 92%; sensitivity, 56%). According to the
quality of classiﬁcation [7], a ﬁnal three-layer ANN
model (36 input + bias units; 8 units in the hidden layer
and 2 output units) was constructed for all patients. In
the testing phase the model correctly deﬁned 88% of the
sample.
Together with a more advanced age, higher levels of
serum lactate dehydrogenase (LDH) and lower levels of
glomerular filtration rate (GFR), albumin and hemoglobin
were the main predictors of mortality by sensitivity

Table : Results by group.
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Potassium, mmol/L
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ANN results: Sensitivity
analysis of the input variables
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Table : (continued)
Survivors
(n=,)

ALP, U/L
MCV, fL
Sodium, mmol/L
Hematocrit, %

 ± 
 ± 
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 ± 
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(n=)
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ANN results: Sensitivity
analysis of the input variables
Importance
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Significant Bonferroni-corrected p-values for between-group comparisons (<.) and significant associations with the risk of not surviving
are in bold. ALP, alkaline phosphatase; ALT, alanine transaminase; ANN, artificial neural network; aPTT, activated partial thromboplastin time;
AST, aspartate aminotransferase; CI, confidence interval; CRP, c-reactive protein; GFR, glomerular filtration rate; GGT, gammaglutamyltransferase; LDH, lactate dehydrogenase; MCH; mean corpuscular hemogloblin; MCV, mean corpuscular volume; MDW, monocyte
volume distribution width; OR, odds ratio; RBC, red blood cell count; RDW, red blood cell distribution width.

Figure 1: Results of receiver operating characteristic (ROC) curves of
the artificial neural network model.

analysis (Table 1). The speciﬁcity, sensitivity, and AUC of
the ANN model was 95%, 61% and 0.91 (95% conﬁdence
interval 0.71–0.96, p<0.001), respectively (Figure 1).
Our study provides useful information on which
routine laboratory variables determined at an early stage
can predict a fatal outcome in patients with COVID-19.
These findings are consistent with prior research conducted in smaller cohorts. For instance, Chen et al. also
reported that higher levels of LDH and creatinine (the latter
reﬂective of a lower GFR), leukocyte counts and aspartate
aminotransferase were associated with higher mortality
risk in a cohort of 274 patients with COVID-19 [8]. In line
with our ﬁndings, Zhou et al. also observed that higher
LDH and aspartate aminotransferase levels, as well as the
presence of leukocytosis – which had a relatively large
importance in our model (38.3%) – were associated with a

greater mortality risk [9]. However, these variables were
not entered in their multivariate analysis. Less evidence is
available on the predictive role of hemoglobin, which had
high (44.1%) relative importance in our model but did not
differ between deceased and surviving patients in the
aforementioned study. In this regard, Zhou et al. also
observed a greater prevalence of anemia in non-survivors
(26%) compared to survivors (11%) [9], which would support our ﬁndings.
An important result of our study was that lower levels
of albumin predicted a fatal outcome (with a high [72%]
relative importance in the ANN model). This result is in
agreement with the abovementioned Chen et al. study [8],
as well as with recent ﬁndings in patients with COVID19-associated nephritis [10] and with a study indicating
that higher serum albumin might be associated with
improved respiratory function [11]. There is in fact preclinical evidence that albumin can potentially downregulate the expression of angiotensin-converting enzyme
2 (ACE2) [12] – the host receptor for COVID-19 – and albumin has been proposed as an outcome of future COVID-19
therapy trials [13].
While considering all the preanalytical, analytical and
postanalytical issues that can affect interpretation [14], the
present ﬁndings support the predictive role of some routine
laboratory parameters (particularly LDH, GFR, albumin,
and hemoglobin) for the early identiﬁcation of “high-risk”
patients with COVID-19. It must be however noted that in
order to improve predictive accuracy these parameters
should be considered in combination with a thorough examination of patients’ symptoms and clinical history
(notably, comorbidities).
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