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Abstract
Background

The COVID-19 pandemic is impressively challenging the healthcare system. Several prognostic models have been
validated but few of them are implemented in daily practice. The objective of the study was to validate a machine-
learning risk prediction model using easy-to-obtain parameters, potentially available at home, to help identifying
patients with COVID-19 who are at higher risk of death.

Methods

The training cohort included all patients admitted to Fondazione Policlinico Gemelli with COVID-19 from March 5,
2020 to November 5, 2020. Afterwards, the model was tested on all patients admitted to the same hospital with
COVID-19 from November 6, 2020 to February 5 2021. The primary outcome was in-hospital mortality.

The out-of-sample performance of the model was estimated from the training set in terms of Area under the
Receiving Operator Curve (AUROC) and classi�cation matrix statistics by averaging the results of 5-fold cross
validation repeated 3-times and comparing the results with those obtained on the test set. An explanation analysis
of the model, based on the SHapley Additive exPlanations (SHAP), is also presented. To assess the subsequent time
evolution, the change in paO2/FiO2 (P/F) at 48 hours after the baseline measurement was plotted against its
baseline value.

Results

Among the 921 patients included in the training cohort, 120 died (13%). Variables selected for the model were age,
platelet count, SpO2, blood urea nitrogen (BUN), hemoglobin, C-reactive protein, neutrophil count, and sodium. The
results of the 5-fold cross-validation repeated 3-times gave AUROC of 0.87, and statistics of the classi�cation matrix
to the Youden index as follows: sensitivity 0.840, speci�city 0.774, negative predictive value 0.971. Then, the model
was tested on a new population (n=1463) in which the mortality rate was 22.6 %. The test model showed AUROC
0.818, sensitivity 0.813, speci�city 0.650, negative predictive value 0.922. Considering the �rst quartile of the
predicted risk score (low-risk score group), the mortality rate was 1.6%, 17.8% in the second and third quartile (high-
risk score group) and 53.5% in the fourth quartile (very high-risk score group). The three risk score groups showed
good discrimination for the P/F value at admission, and a positive correlation was found for the low-risk class to
P/F at 48 hours after admission (adjusted R-squared= 0.48).

Conclusions

We developed a predictive model of death for people with SARS-CoV-2 infection by including only easy-to-obtain
variables (abnormal blood count, BUN, C-reactive protein, sodium and lower SpO2). It demonstrated good accuracy
and high power of discrimination. The simplicity of the model makes the risk prediction applicable for patients at
home, in the Emergency Department, or during hospitalization.

Introduction
A rapid spread of SARS-CoV-2, the agent of coronavirus disease 2019 (COVID-19), has been observed �rst in China
since early January 2020 and then in Italy since the last days of February 20201. At this time, the number of COVID-
19 cases and related deaths continue to increase. Patients hospitalized with COVID-19 had a relevant rate of clinical
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deterioration. A �rst large study on more than 1000 patients with COVID-19 in China reported the need for transfer to
an intensive care unit (ICU) in 5% of patients admitted with COVID-19, 2.3% mechanical ventilation; 1.4% died2. Other
studies have reported a rate around 5% of people admitted as critically ill3,4. Mortality rates in persons with COVID-
19 range from < 1–15%5,6. This implies a staggering challenge for the healthcare system. Unfortunately, treatment
options are currently scarce, and as hospital resources are shrinking, systems to target respiratory support and other
hospital resources to the highest-risk population, such as the ICU, is a priority. Several predictive models of adverse
clinical outcomes in people with COVID-197–13 as well as a systematic review14 have been published. Having a
clinical algorithm to predict patients who can bene�t most from available resources is a valuable aid for decision
making and capacity allocation. However, few models have tested the predictive value of simple and readily
available parameters. The objective of this study was to generate and validate a machine-learning risk prediction
model using parameters that are also potentially available at home to help identify patients with COVID-19 who are
at higher risk of death.

Materials And Methods

Study population
The study cohort included all patients admitted to Fondazione Policlinico Gemelli with COVID-19 from March 5,
2020 to February 5, 2021. The diagnosis of SARS-CoV-2 infection was considered when the reverse transcription
polymerase chain reaction (PCR) of the SARS-CoV-2 assay was detected from nasopharyngeal swab For each
patient, time 0 was considered the date of hospitalization for SARS-CoV-2 infection.

Data collection
Patient data included demographics, comorbidities, vital signs, and laboratory characteristics, as well as exposure
history, medical history, symptoms at onset, treatment, and outcome data on admission and during hospitalization.
Pre-existing conditions collected were diabetes, hypertension, chronic heart disease, chronic respiratory disease,
chronic kidney disease, mild to severe liver disease, pancreatitis, neurological impairment, connective tissue disease,
transplantation, HIV infection, and malignancy. Vital signs included heart rate, respiratory rate, oxygen saturation by
pulse oximetry (SpO2), temperature, body weight, and body mass index (BMI). Laboratory parameters included
hematologic variables (white blood cells [WBC], neutrophils, lymphocytes, and eosinophils, platelet count,
hematocrit), blood urea nitrogen (BUN); creatinine; total bilirubin; creatine kinase; glucose; sodium; potassium; C-
reactive protein; procalcitonine, D-dimer; ferritin; lactate dehydrogenase (LDH); arterial blood oxygen partial pressure
(paO2) and inspired oxygen fraction (FiO2), paO2/FiO2 ratio (P/F). SpO2 was grouped into three categories
according to the interquartile range: SpO2 less than 94% (�rst quartile), SpO2 between 94% and 97.0% (second and
third quartile), SpO2 greater than 97.0% (fourth quartile). All data were extracted from the electronic medical records
of all patients. To obtain structural information from unstructured texts (such as clinical diary, radiology reports
etc.), Natural Language Processing (NLP) algorithms were applied, based on text mining procedures such as:
sentence/word tokenization; rule-based approach supported by annotations de�ned by the clinical SMEs, and using
semantic / syntactic corrections where necessary.

Outcome
The primary outcome was in-hospital mortality.

Predictors
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Candidate predictors were included when previously shown to be related to mortality in COVID-19 patients or other
respiratory diseases (such as bacterial pneumonia) or possibly related because of clinical plausibility.

Statistical analysis
To capture the risk of death associated with early hospitalization, we developed a predictive model including only
laboratory variables and oxygen saturation at the time of SARS-Cov2 infection. The rationale behind this choice was
to provide a tool for early risk assessment. The variables for the model are routinely collected, available within a very
short time after presentation, and the literature has reported their association with an increased likelihood of death;
moreover, they could also be available at home through home services. In this way, an estimate of risk can be
obtained at the time of hospital admission, and actions on the management of critical versus non-critical patients
can be readily taken by hospital staff from the patient’s initial clinical status as well as its evolution in a relatively
short time frame. A binary logistic regression was applied to express the risk of death in analytical terms, and
possibly use it in risk assessment tools based on model coe�cients alone.

Candidate predictors were selected through a combination of prior domain knowledge and a data-driven approach:
for example, cut-off values to classify SpO2 and sodium were heuristically de�ned by the interquartile range,
con�rmed by a-priori medical knowledge. Overall feature selection was conducted iteratively based on their added
contribution to the model in terms of information criterion to minimize model redundancy. The model was trained on
the �rst 8 months of data (March 5, 2020 – November 5, 2020), and tested on the next 3 months of data (November
6, 2020 – February 5 2021). The out-of-sample performance of the model was estimated from the training set in
terms of area under the receiving operator curve (AUROC) and classi�cation matrix statistics by averaging the
results of the 5-fold cross validation repeated 3-times and comparing the results with those obtained on the test set.
Finally, an analysis of lift and gain graphs is presented to identify segments of outcome probability where the model
proves particularly useful compared to having no model at all. A model explanation analysis, based on the SHapley
Additive exPlanations (SHAP) framework, is also presented to derive information about the contribution of individual
variables to the model beyond that obtained from simple logistic regression coe�cients.

Baseline laboratory variables for each patient were included by taking the �rst value after the date-time of hospital
admission; only variables with less than 20% missing values were retained for further analysis. This set of variables,
along with age and sex, and study outcome, were given as input to a routine of 100-iteration of AIC-based stepwise
selection on 80% subsets of the randomly partitioned training data, and characteristics selected at least 50 times
were considered to train the �nal logistic regression model. A level of 0.05 was considered signi�cant for statistical
testing. Statistical analysis was done with R version 3.6. Data were stored in SAS Viya V.03.05 and accessed
through R with SWAT library version 1.5.0.

According to TRIPOD guidelines15, the study should be considered a TRIPOD 2b because it involves a chronological
division between training and testing data from a single institution. All methods were performed in accordance with
the relevant guidelines and regulations.

Ethical aspects
This study was approved by Ethics Committee of the Fondazione Policlinico Gemelli (IRB 3447). A waiver of consent
was approved by Ethics Committee of the Fondazione Policlinico Gemelli.

Results
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The eligible training cohort included a total of 1126 patients with con�rmed COVID-19 admitted from 5 March, 2020,
to 5 November, 2020. In this cohort, the in-hospital mortality rate was 13.0%. Characteristics of the study population
are shown in Table 1.

Table 1. Characteristics of patients included in the training and testing subsets.

SD: standard deviation; IQR = interquartile range; BMI: Body mass index; P/F = paO2/FiO2 ratio

Survivors differed from nonsurvivors for being younger, having few preexisting medical conditions (speci�cally,
lower rates of diabetes, hypertension, cardiovascular diseases, chronic respiratory diseases, renal failure, solid
tumors, and arteriopathy), more cough and diarrhea at onset but less dyspnea, a longer time from symptoms onset
to hospitalization, a higher P/F, albumin and hemoglobin value, a higher platelet count, lower WBC and lymphocyte
count, a lower creatinine, BUN, C-reactive protein, and D-dimer.

From an initial dataset of 1126 patient records, a total of 921 complete records were included. After the feature
selection phase, the selected variables were age (relative selection frequency [RSF] 100%), platelet count (RSF 97%),
SpO2 (RSF 80%), BUN (RSF 72%), hemoglobin (RSF 71%), C-reactive protein (RSF 68%), neutrophil count (RSF 60%),
and sodium (RSF 58%). These variables were used to �t the logistic regression model. The estimated coe�cients of
the logistic model are shown in Table 2, along with p-values.
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Table 2
Logistic regression model at the start of hospitalization for SARS-

CoV-2 infection
Variable Coe�cient P-value

Intercept -8.022163 3.34e-09 ****

Age (continuous) 0.090299 9.32e-15 ****

Hemoglobin (continous) -0.124580 0.03666 *

Blood urea nitrogen (continuous) 0.016342 0.00956 **

Platelet count (continuous) -0.004924 0.00057 ***

C-reactive protein (continuous) 0.003086 0.04838 *

Neutrophils (continuous) 0.092127 0.00203 **

Sodium < = 136 mmol/l 0.015663 0.95494

Sodium > = 141 mmol/l 0.720771 0.01388 *

SpO2 94.4–97.0% 0.501530 0.15757

SpO2 < = 94.3% 1.060584 0.00521 **

Each variable in the model is associated with a distribution of importance values among all instances of the dataset
(patients), ordered by the value of the variable from low to high. It emerges, for example, that a lower value of
platelet count is associated with a higher risk of death, whereas higher values of BUN, C-reactive protein, neutrophils
and age are associated with a higher risk of death. The sodium variable was subdivided according to the
interquartile range: in this three-category version of the variable (low, normal, high), it can be seen that the ”low
sodium” group ( < = 136 mmol/l) does not impact death for this cohort of patients, whereas the ”high sodium” class
( > = 141 mmol/l) does. Similarly, SpO2 < 94% has a greater impact in the model than the variable representing SpO2
values between 94 and 97. Figure 1 is a representation of the importance of the variables in the model based on the
SHAP framework.

Figure 1. SHAP (SHapley Additive exPlanations) framework for the features in the logistic model.

The overall statistical signi�cance of the model according to chi-squared residual deviance test was con�rmed with
a p-value zero. The 5-fold cross-validation repeated 3-times resulted in an AUROC of 0.87, and the statistics of the
classi�cation matrix at the Youden index as follows: sensitivity 0.840, speci�city 0.774, negative predictive value
0.971. The model was then tested on the cohort of patients admitted between November 6, 2020, and February 5,
2021, (n = 1463), recording the model variable of interest and the clinical outcome. In this cohort of patients, the
mortality rate was 22.6 %. The model test results in terms of AUROC statistics and confounding matrix are AUROC
0.818, sensitivity 0.813, speci�city 0.650, negative predictive value 0.922 (Table 3 and Fig. 2).



Page 8/15

Table 3
Classi�cation matrix and statistics at training set Youden classi�cation threshold on training (cross-validation) and

test data.
Dataset AUROC Sensitivity Speci�city PPV NPV TN FN TP FP

Training set (cross
validation)

0.870 0.840 0.766 0.341 0.971 639 19 100 193

Testing set 0.818 0.813 0.650 0.405 0.922 734 62 270 397

AUROC: Area under the Receiver Operating Characteristics; PPV: positive predictive value; NPV: negative
predictive value; TN: true negative; FN: false negative; TP: true positive; FP: false positive

 

To get a quanti�cation of how the model performs in different segments of probability outputs compared to a
random classi�er, a gain and lift curve analysis is shown (Fig. 3).

 

Moreover, the lift plot on the testing data in Fig. 3 shows that for the �rst decile of predictions, the model performs
more than 3 times better than random guessing based on prevalence only. Speci�cally, when considering the �rst
quartile of the predicted risk score on the test set, it contains 6 death events out of 366 total predictions in that risk
group. Similarly, the highest 25% of risk scores on the test set contain 196 actual death events, which is more than
50% of the population classi�ed in that risk group (Table 4).

Table 4
Risk groups as de�ned from gains and lift chart analysis on the test data by applying the thresholds de�ned on the

trained data.
Risk Group Number of

patients
Lower
Threshold

Higher
Threshold

Death
Prevalence

Mild Risk (< 25th percentile) 366 0.000 0.019 1.6%

High Risk (25–75 th percentile) 731 0.019 0.270 17.8%

Very High Risk (> 75th
percentile)

366 0.270 1.000 53.5%

Evolution of respiratory condition by initial risk group
In addition to having an instrument capable of distinguish between low-risk, high-risk and very high-risk cases with a
fair degree of accuracy, we evaluated the evolution of the different groups of patients in the �rst few hours after
hospital admission. Considering the cohort of patients used for model training and taking the �rst available value of
P/F within 24 hours of hospital admission, the three model-de�ned risk groups had a mean value of P/F of 301, 273,
273 for low-risk, high-risk and very high-risk, respectively. A t-test between the low-risk group versus the other two
categories showed a statistically signi�cant difference. To assess the subsequent time course, the change in P/F at
48 hours after the baseline measurement can be plotted against its baseline value (Fig. 4).

 

A positive correlation, with an adjusted R-squared of 0.48, was found for the low-risk class whereas for the high-risk
and very high-risk risk classes the R-squared for this simple linear model is 0.14 and zero, respectively.
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Adoption in clinical practice
The risk of death score for each patient with SARS-CoV-2 infection was made available to clinicians along with real-
time predictions directly on the Electronic Health Record (Fig. 5).

 

Discussion
Given the high rate of patients with complications of SARS-CoV-2 infection, prioritization of patients who need
higher levels of care or immediate medical attention is critical. In the present study on a total of 2384 patients
hospitalized with COVID-19, of whom 18.9% died, we presented an arti�cial intelligence-driven clinical algorithm to
predict risk of death. The algorithm showed that abnormal blood counts (hemoglobin, platelets, neutrophils), high
levels of BUN, C-reactive protein, sodium and lower SpO2 were associated with an increased risk of death. From the
model, we were able to identify three risk level groups: low-risk, with a prevalence of death of 1.6%, high-risk, with a
prevalence of death of 17.8%, and very high-risk with a prevalence of death of 53.5%. Our model includes only easy-
to-obtain variables: its simplicity makes the risk prediction applicable for different purposes for patients at home, in
the Emergency Department, or during the hospitalization. For example, when the calculated individual risk of death
is low, the physician may choose to monitor the patient at home, whereas high risk estimates suggest more
aggressive monitoring or resource allocation or may be useful in anticipating organizational needs in terms of
intensive, sub-intensive, and rehabilitation rooms and staff allocation. Safely discharging patients from the
Emergency Department is of a great bene�t in saving beds for other critically ill patients. Such a parsimonious
model is exploitable even in medically resource-limited settings.

The discriminatory performance of the model is very high and testing of the model on a new cohort of the very
newly diagnosed patients con�rmed its validation. The model also demonstrated good accuracy in predicting
respiratory evolution when P/F at baseline and at 48 hours were considered.

The two major strengths of the present study are the parsimonious inclusion of simple and easy-to-obtain variables,
also available in primary care settings, and the immediate translation of a mathematical model into an
comprehensible and implementable number in EHR for clinical decision making in daily practice. Some published
studies provide a computational tool for easy use in a variety of settings10,11. Unfortunately, such a calculator
requires data entry that is cumbersome in a busy clinical practice. Real-time processing of the model directly from
the EHR provides an immediate and seamless calculation, a score that can be used to support clinical decision
making and support prioritization, especially when the healthcare system is overloaded.

Other predictive models have been published previously, many of which report age, hematologic measures, C-
reactive protein and spO2 as the main variables explaining the predictive model7,8. Our results con�rm and extend
those of other large cohort studies7–13 demonstrating the predictive value of renal function and, in particular, of
blood urea nitrogen for mortality14,16. In addition, we share 4 of 9 variables from a machine-learning-based study
with the largest included population14.

The model of the present study shares some variables among those included in CURB-65, a well-validated and
widely used score for predicting mortality in persons with community-acquired pneumonia17, with an AUROC of 0.72
(0.71–0.73) in patients with COVID-1914. Age and BUN are included in both CURB-65 and our predictive model.
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whereas respiratory function was described by respiratory rate in CURB-65 and SpO2 in our model. The variables in
the present model also share many parameters with other risk scores used to predict mortality in patients with
sepsis, such as the widely used SOFA score18, probably re�ecting a clinical presentation of COVID-19 very close to
sepsis. These �ndings may help highlight the complex pathogenesis of the SARS-CoV-2 infection.

Only a few published models implement machine learning techniques for statistical analysis. Machine learning
methods can synthesize data from thousands of patients to generate tailored predictions for each new patient in
real time. In addition, model explanations were made available to physicians along with real-time predictions.

The present study includes several limitations: the scalability and the interoperability of the entire data architecture
must be demonstrated in other centers and clinical settings. Moreover, the impact of clinical implementation of this
predictive model in daily clinical life has not yet been demonstrated. Studies demonstrating changes in clinical
management based on model prediction are strongly warranted.

Currently, containing the COVID-19 epidemic is an urgent global priority. Dealing with a severe pandemic disease
such as COVID-19 is also very challenging because rapidly changing variables (vaccination, new SARS-CoV-2
variants, saturation of hospital capacity) alter the risk of death over time19. Our predictive model, which includes
parsimonious and easy-to-obtain variables, is pragmatic and effective in identifying individuals at particularly high
risk for a poorer hospital course. Computational infrastructure could enhance this process, and data repository,
updated in real time, can continuously inform the planning of diagnostic and treatment strategies. Finally, an
integrated system that gives a measure of the risk of death for any patient admitted at any time could be of
particular value. Predictive models can help provide appropriate care and optimize the use of limited resources, such
as during a pandemic.

Finally, sharing large amounts of data among centers around the world can be a formidable response to the
tremendous challenge of the COVID-19 pandemic.
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Figures

Figure 1

SHAP (SHapley Additive exPlanations) framework for the features in the logistic model.
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Figure 2

Receiver operator characteristics (ROC) on training set (left) and testing set (right)

Figure 3

Cumulative gain and lift charts on testing data.
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Figure 4

Scatter plot of baseline P/F value and its variation at 48 hours for the three groups of risk class patients according
to the logistic regression model. The line of best linear �t is reported for ease of visualization.
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Figure 5

Example of the availability on HER of the risk score of death at admission for a patient with SARS-CoV-2 infection


