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A B S T R A C T   

The aim of this study is to investigate the course of the acute period of COVID-19 and devise a 
prognostic scale for patients hospitalized. 
Materials and methods: The ACTIV registry encompassed both male and female patients aged 18 
years and above, who were diagnosed with COVID-19 and subsequently hospitalized. Between 
June 2020 and March 2021, a total of 9364 patients were enrolled across 26 medical centers in 
seven countries. Data collected during the patients’ hospital stay were subjected to multivariate 
analysis within the R computational environment. A predictive mathematical model, utilizing the 
“Random Forest" machine learning algorithm, was established to assess the risk of reaching the 
endpoint (defined as in-hospital death from any cause). This model was constructed using a 
training subsample (70% of patients), and subsequently tested using a control subsample (30% of 
patients). 
Results: Out of the 9364 hospitalized COVID-19 patients, 545 (5.8%) died. Multivariate analysis 
resulted in the selection of eleven variables for the final model: minimum oxygen saturation, 
glomerular filtration rate, age, hemoglobin level, lymphocyte percentage, white blood cell count, 
platelet count, aspartate aminotransferase, glucose, heart rate, and respiratory rate. Receiver 
operating characteristic analysis yielded an area under the curve of 89.2%, a sensitivity of 86.2%, 
and a specificity of 76.0%. Utilizing the final model, a predictive equation and nomogram (termed 
the ACTIV scale) were devised for estimating in-hospital mortality amongst COVID-19 patients. 
Conclusion: The ACTIV scale provides a valuable tool for practicing clinicians to predict the risk of 
in-hospital death in patients hospitalized with COVID-19.   
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1. Introduction 

The COVID-19 pandemic spread worldwide, resulting in billions of patients requiring hospitalization, with high mortality rates, 
especially among vulnerable subgroups. Despite new viral mutations with higher transmission rates and antibody evasion capacity but 
lower symptom severity, some cohorts of initially multimorbid patients remain at higher risk for hospitalization and death during 
hospital stay. 

In the last two years, a number of risk scales for the new infection have been developed or adopted, but most of them still lack real 
clinical evidence or have low specificity or sensitivity. 

This work addresses the needs of the medical community involved in the management of hospitalized COVID-19 patients. A 
multivariate analysis of a large international database of hospitalized patients with confirmed SARS-CoV-2 infection resulted in a 
highly sensitive prognostic scale for the acute phase of COVID-19 infection. The scale has been tested on various strains of SARS-CoV-2 
and although the covid-19 pandemic is over, new mutations of the virus cannot be ruled out, so the scale can be used worldwide in 
decision-making. The aim of this study is to investigate the course of the acute period of COVID-19 and devise a prognostic scale for 
patients hospitalized. 

2. Materials and methods 

The study received ethical approval from the Ethics Committee of the Pirogov Russian National Research Medical University of the 
Ministry of Health of the Russian Federation and was registered in the ClinicalTrials.gov database as “Analysis of Chronic Non- 
infectious Diseases Dynamics After COVID-19 Infection in Adult Patients (ACTIV)”, NCT04492384 and ACTIV 2, NCT04709120. 
More information about the registry can be found on the Eurasian Association of Internal Medicine’s website: https://ACTIV.euat.ru. 
The register was organized and controlled by 3 committees: organizational, supervisory and endpoint analysis and individual regis-
tration cards (IRC) committees. The IRCs and document flow are electronic only. 

The ACTIV registry encompassed hospitalized male and female patients aged 18 years or older diagnosed with COVID-19. The 
diagnosis was confirmed either by a positive smear test (PCR), significant immunoglobulin M titer to the SARS-CoV-2 virus, or 
characteristic computed tomography findings. All data were anonymized. Between June 29, 2020, and March 30, 2021, a total of 9364 
patients were enrolled in the ACTIV registry from 26 medical centers in seven countries, including the Republic of Armenia, the 
Republic of Belarus, the Republic of Kazakhstan, the Kyrgyz Republic, the Republic of Moldova, Russian Federation, and the Republic 
of Uzbekistan [1]. Data were collected by the researchers’ physicians, who were the attending physicians of these patients, throughout 
their hospital stay using electronic forms of medical histories (CRFs). Each CRF was monitored by clinical research associates, with 
diagnoses based on the International Classification of Diseases 10 criteria. 

Abbreviations 

ACS acute coronary syndrome 
AF atrial fibrillation 
AST aspartate aminotransferase 
AUC area under the curve 
CAD coronary artery disease 
CHF chronic heart failure 
COPD chronic obstructive pulmonary disease 
CKD chronic kidney disease 
CRF electronic case report forms 
CRP C-reactive protein 
CT computed tomography 
FC functional classes 
GFR glomerular filtration rate 
HR heart rate 
ICU intensive care unit 
NYHA New York Heart Association 
OR odds ratio 
RR respiratory rate 
ROC receiver operating characteristic 
SpO2 blood oxygen saturation 
T2DM type 2 diabetes mellitus 
WBC white blood cell  
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2.1. Statistical analysis 

Descriptive statistics for quantitative variables were calculated after testing for normal distribution using the Shapiro-Wilk or 
Kolmogorov-Smirnov tests. If the distribution did not significantly deviate from normal, the mean value and standard deviation (M ±
σ) were used to describe central tendency and dispersion. Conversely, if the distribution significantly deviated from normal, the 
median and quartiles (Me [Q1; Q3]) were employed. 

The odds ratio (OR) and its 95% confidence interval were calculated using the univariate binary logit regression method. Multi-
variate analysis was conducted in the R environment [2]. 

During the first stage of the analysis, a mathematical model was constructed using the machine learning algorithm, Random 
Forrester [3], to predict the risk of reaching the endpoint (death in the hospital from any cause). The model resulted in erroneous 
classification in only 0.09% of cases in the control sample (“out-of-bag sample”). 

The importance of each variable incorporated in the analysis was assessed by the mean decrease in the Gini index during the 
implementation of the Random Forest algorithm, utilizing permutation tests. The patient’s clinical status at the time of hospitalization 
significantly influences the short-term prognosis of patients with COVID-19, and this status can diverge considerably among patients 
presenting with the same comorbidities. To enhance the precision of the prognostic model, a subsequent stage of multivariate analysis 
was performed, which included all patient characteristics: gender, age, comorbidities, degree of multimorbidity, and laboratory and 
instrumental examination data associated with an increased risk of mortality, based on the outcomes of the univariate analysis. To 
refine the model, the second stage of multivariate analysis incorporated all patient characteristics. Eleven variables were selected 
(minimum SpO2, GFR, age, hemoglobin level, percentage of lymphocyte count, WBC count, platelet count, AST level, glucose, HR, RR) 
by implementing the “random forest" algorithm alongside permutation tests. These variables exhibited the most significant influence 
on the variability of the dependent variable (hospital mortality from any cause). 

For the second stage, the registry sample was randomly divided into two subsamples: a training subsample (70% of observations) 
and a control subsample (30% of observations). A logit model was constructed using the training subsample, with hospital death as the 
dependent variable and the variables selected during the first stage as predictors. 

The area under the curve (AUC), along with the model’s sensitivity and specificity, were estimated through receiver operating 
characteristic (ROC) analysis using both the training and control subsamples. A nomogram for the final multivariate model was created 
using the Regression Modeling Strategies library [4,5]. A variable’s effect on prognosis was considered statistically significant if the 
p-value was less than 0.05. 

3. Results 

3.1. Baseline characteristics of patients 

Among the 9364 hospitalized patients with COVID-19, 53% were women. The mean age was 59.0 [48.0; 68.0] years (Supple-
mentary Table 1). Patients’ conditions were assessed based on the extent of lung tissue damage on computed tomography (CT) scans, 
graded on a scale of 1–4, with each grade representing a 25% increment of damage. Patients were distributed as follows: 7.4% had 
grade 4 (over 75% damage), 38.9% had grade 3 (50–75% damage), 33.7% had grade 2 (25–50% damage), 15.7% had grade 1 (under 
25% damage), and 4.4% were at grade 0. The majority of patients (69%) had comorbidities, with 11.6% having four or more con-
current conditions, 32.3% having 2–3, and 25.1% having only one concurrent disease (Supplementary Table 2). The most common 
diagnoses were hypertension (56.6% of patients), obesity (34.8%), and coronary artery disease (CAD) (23.0%) (Supplementary 
Table 1). 

The most common comorbidity combinations were hypertension with obesity (22.8%); hypertension, CAD, and chronic heart 
failure (CHF) (10.8%); and hypertension, CAD, obesity, and CHF (3.3%) (Supplementary Table 2). 

Of the patients, 48% developed complications (Supplementary Table 3), which increased the risk of death. The most frequent 
complications included cytokine storm – 3312 (36.0%), bacterial pneumonia - 1165 (12.7%), and acute kidney injury - 1090 (11.8%). 
Less common complications included sepsis - 92 (1.0%) patients, myocarditis - 76 (0.8%) patients, pulmonary embolism - 52 (0.6%), 
stroke - 47 (0.5%), acute coronary syndrome (ACS) – 40 (0.4%), deep vein thrombosis - 28 (0.3%) patients. Thrombotic complications 
were diagnosed in 167 (1.8%) patients. 

Out of the 9364 hospitalized patients with COVID-19, 545 (5.8%) died. The primary causes of death were acute respiratory distress 
syndrome - 165 (30.3%), acute heart failure - 115 (21.1%), multiple organ failure - 71 (13.0%), septic shock - 71 (13.0%), ACS - 40 
(7.34%), pulmonary embolism - 26 (4.77%), stroke - 25 (4.59%), fatal heart rhythm disturbances − 11 (2.02%), acute renal failure - 6 
(1.10%), disseminated intravascular coagulation syndrome - 6 (1.10%), and myocarditis - 1 (0.18%). 

3.2. Development of a nomogram 

A comparative analysis was conducted between demographic, instrumental, and clinical data of surviving and deceased patients. 
The comparison results are tabulated in Supplementary Table 1 and Supplementary Table 2. Deceased patients were found to be 
significantly older than survivors (71.0 [63.0; 80.0] vs. 59.0 [47.0; 67.0] years, p < 0.001). A one-year increase in age corresponded to 
an 8% increase in death risk from the age of 40 (Supplementary Table 1). Deceased patients were also observed to have higher in-
cidences of grade 3 and 4 lung injury according to computed tomography (CT) findings, this association statistically significant with an 
increased risk of death. 
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Laboratory parameters from surviving and deceased COVID-19 patients showed that a decrease in blood oxygen saturation (SpO2), 
lymphocytes, platelets, total cholesterol, low density lipoprotein cholesterol levels, and glomerular filtration rate (GFR) increased the 
risk of death. Additionally, an increase in heart rate (HR), respiratory rate (RR), white blood cell (WBC) count, C-reactive protein 
(CRP), D-dimer, and aspartate aminotransferase (AST) levels, and glucose levels in both type 2 diabetes mellitus (T2DM) and non- 
T2DM patients were associated with increased mortality risk (Supplementary Table 4). 

Comparative analysis of surviving and deceased hospitalized patients with COVID-19 depending on the drugs prescribed before 
hospitalization for concomitant diseases showed that the use of the following drugs immediately before hospitalization was associated 
with a decrease in the risk of death: statin treatment for CAD, angiotensin receptor blocker for CAD, hypertension, CHF, ticagrelol/ 
prasugrel/clopidogrel for CAD, oral anticoagulants for atrial fibrillation (AF) (mainly direct oral anticoagulants), and oral glucose- 
lowering medications for T2DM (Supplementary Table 5). 

Considering the impact of comorbidities on death risk, the OR for a fatal outcome was highest for New York Heart Association 
(NYHA) class III-IV CHF, AF, and a history of stroke. Other factors associated with an increased risk of death (in descending order of 
significance) were CAD, chronic kidney disease (CKD), NYHA class I-II CHF, hypertension, anemia, chronic obstructive pulmonary 
disease (COPD), T2DM, cancer, and obesity (Supplementary Table 1). 

In comparison of the combinations of comorbidities in deceased and surviving patients, the combination of hypertension and CAD 
(15.2% of patients) was most associated with death risk (OR 4.19 [3.49; 5.03] p = 0.0001). Other significant combinations were 
hypertension + CAD + CHF (10.8% of patients, OR 4.45 [3.65; 5.40] p = 0.0001) and hypertension + CAD + CHF + T2DM (3.5% of 
patients, OR 4.91 [3.68; 6.48] p = 0.0001) (Supplementary Table 2). A univariate binary logistic regression demonstrated that various 
comorbidities, in numerous combinations, are associated with an increased risk of mortality in hospitalized patients, in addition to 
factors such as age and gender. The initial phase of the multivariate analysis elucidated the comorbidities that are most strongly 
correlated with an increased mortality risk. 

In the first stage of multivariate analysis, a comprehensive review of demographic characteristics, concurrent diseases, and the 
extent of comorbidity (Table 1) revealed a statistically significant association between increased risk of mortality and factors such as 
advanced age, male gender, a history of stroke, NYHA class III-IV CHF, AF, prior cancer, and T2DM. A predictive model was established 
using the entirety of the dataset that encapsulated all these variables. A ROC analysis was executed to ascertain the predictive prowess 
of the model, incorporating age, gender, and comorbidities, and exhibited a substantial predictive value for this model (Fig. 1A). The 
model, constructed using the training subset (comprising 70% of patients), displayed an area AUC of 81.03%, with sensitivity and 
specificity equating to 73.6% and 76.1% respectively at the optimal cut-off point (Youden point) with a linear predictor value of − 2.82. 
The model was subsequently evaluated using the control subset (consisting of 30% of the patients) (Fig. 1 B). The model derived from 
the control subset also demonstrated a substantial predictive value: the area under the curve was 81.0%, the sensitivity was 87.5%, and 
the specificity was 58.4%. Therefore, the multivariate analysis concluded that the presence of concurrent diseases such as T2DM, 
cancer, NYHA class III-IV CHF, and a history of stroke adversely influenced patient prognosis. 

Fig. 2 visually delineates the importance of each variable as measured by the mean decrease in the Gini index. A final logistic 
regression model was then constructed, utilizing the selected 11 variables. Hospital mortality served as the dependent variable within 
this model, with the selected 11 variables functioning as predictors (Table 2). A ROC analysis was subsequently conducted to evaluate 
the predictive efficacy of this final model. The model, established using the training subsample (comprising 70% of patients), displayed 

Table 1 
Analysis of multivariate model variables that included comorbidities and gender data to predict the risk of in-hospital mortality in patients with 
COVID-19.  

Variable Exp (β) 2.5 % 97.5 % p 

Hypertension 0.936 0.613 1.448 0.763 
History of CVA 2.189 1.469 3.229 0.000 
T2DM 1.410 1.022 1.939 0.035 
CKD 1.392 0.965 1.992 0.074 
CAD 1.217 0.831 1.778 0.311 
History of MI 0.936 0.627 1.388 0.744 
AF 1.858 1.305 2.632 0.001 
History of cancer 1.572 1.004 2.411 0.042 
COPD 1.087 0.648 1.762 0.744 
Asthma 0.960 0.466 1.809 0.906 
Obesity 1.110 0.799 1.542 0.533 
Age 1.059 1.046 1.073 0.000 
Men 1.587 1.229 2.052 0.000 
NYHA class I-II CHF 1.043 0.739 1.461 0.808 
NYHA class III-IV CHF 2.148 1.459 3.141 0.000 
1 condition 1.197 0.626 2.353 0.593 
2-3 conditions 1.368 0.612 3.108 0.449 
≥4 conditions 1.668 0.548 5.116 0.369 

AF, atrial fibrillation; CAD, coronary artery disease; CHF, chronic heart failure; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary 
disease; CVA, cerebrovascular accident; MI, myocardial infarction; NYHA, New York Heart Association; T2DM, type 2 diabetes mellitus. 
β, coefficient of the regression equation; Exp (β), exponent of the coefficient of the regression equation; p, level of statistical significance for the 
coefficient of the regression equation; margins of 95% confidence interval (the lower is 2.5% and the upper is 97.5%). 
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superior characteristics relative to the model generated in the first stage of multivariate analysis. The area under the curve was 89.2%, 
with its sensitivity and specificity measuring 86.2% and 76.0%, respectively, at the optimal cut-off point (Youden point) with a linear 
predictor value of − 2.95 (Fig. 3 A). 

Fig. 1. Analysis of multivariate model that included comorbidities and gender data to predict the risk of in-hospital mortality in patients with 
COVID-19. ROC analysis of multivariate model that included comorbidities and gender data to predict the risk of in-hospital mortality in patients 
with COVID-19. The model included the following variables: age, male gender, history of strike, NYHA class III-IV CHF, AF, history of cancer, T2DM. 
А – Model evaluation on the training subsample 
В - Model evaluation on the control subsample. 

Fig. 2. Ranking of variables by the average decrease in the Gini index. Importance of each included variable was based on the averaged value of 
Gini index. AF, atrial fibrillation; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BB, beta-blockers (administered before hospi-
talization); BMI, body mass index; CAD, coronary artery disease; CCB, calcium channel blockers (administered before hospitalization); CHF, chronic 
heart failure; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary disease; CRP, C-reactive protein; CT, computed tomography; CVA, 
cerebrovascular accident; GFR, glomerular filtration rate; HR, heart rate; MI, myocardial infarction; RR, respiratory rate; T2DM, type 2 diabetes 
mellitus; WBC, white blood cells. 
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The model was tested using the control subsample (30% of patients). The model based on the control subsample also had better 
characteristics than the model obtained at the 1st stage of the analysis: the area under the curve was 88.6%, the sensitivity was 82.3 %, 
and the specificity was 81.9% (Fig. 3 B). 

Therefore, according to the final multivariate model derived, predictors of an elevated mortality risk in hospitalized COVID-19 
patients include increasing age of the patient, HR, RR, increased WBC count, AST level, glucose level, and a reduction in the blood 
concentrations of lymphocytes, platelets, hemoglobin, as well as decreased GFR and SpO2 levels. 

The impact of elevated glucose levels on prognosis was separately investigated in patients with and without T2DM. For this, we 
independently evaluated the effect of hyperglycemia on patient prognosis as part of the multivariate analysis and found that the impact 
of glucose levels on patient prognosis does not rely on the presence of T2DM. 

A predictive equation for hospital mortality was devised based on the final model. This equation incorporates the 11 parameters 
incorporated into the model: 

LP (linear predictor value, logit odds ratio) = 4.3276783 - (0.1035048 * minimum SpO2, %) - (0.0171382 * GFR, ml/min/1.73 m2) 
+ (0.0594187 * age, years) – (0.0128326 * hemoglobin, g/l) – (0.0305012 * lymphocytes, %) + (0.0602048 * WBC, 109/L) – 
(0.0059304 * platelets, 109/L) + (0.0039620 * AST, U/L) + (0.0685963 * glucose, mmol/L) + (0.0129957 * HR, per minute) +
(0.0467970 * RR, per minute). 

A nomogram (ACTIV scale) was subsequently crafted utilizing this equation to forecast hospital mortality in COVID-19 patients in a 

Table 2 
Analysis of multivariate model to predict the risk of in-hospital mortality in patients with COVID-19.  

Variable Exp (β) 2.5 % 97.5 % p 

SрО2, % 0.902 0.879 0.924 0.000 
GFR, 0.983 0.977 0.989 0.000 
Age, years 1.061 1.047 1.076 0.000 
Hemoglobin, g/L 0.987 0.981 0.994 0.000 
Lymphocytes, % 0.970 0.958 0.982 0.000 
WBC, *109/L 1.062 1.035 1.090 0.000 
Platelets, *109/L 0.994 0.992 0.996 0.000 
AST, units/L 1.004 1.002 1.006 0.000 
Glucose, mmol/L 1.071 1.029 1.113 0.001 
HR/1 min 1.013 1.004 1.022 0.004 
RR/1 min 1.048 1.010 1.086 0.012 

AST, aspartate aminotransferase; GFR, glomerular filtration rate; Hb, hemoglobin; HR, heart rate; RR, respiratory rate; SpO2, blood oxygen satu-
ration; WBC, white blood cells. 
β, coefficient of the regression equation; Exp (β), exponent of the coefficient of the regression equation; p, level of statistical significance for the 
coefficient of the regression equation; margins of 95% confidence interval (the lower is 2.5% and the upper is 97.5%). 

Fig. 3. Analysis of the final multivariate model that included comorbidities and gender data, results of the laboratory and instrumental tests to 
predict the risk of in-hospital mortality in patients with COVID-19. ROC analysis of the final multivariate model that included comorbidities and 
gender data, results of the laboratory and instrumental tests to predict the risk of in-hospital mortality in patients with COVID-19. The model 
included the following variables: age, HR, RR, SpO2, hemoglobin level, WBC count, platelet count, % of lymphocytes, GFR, glucose and AST levels. 
А – Model evaluation on the training subsample 
В - Model evaluation on the control subsample. 
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real-world clinical setting (Fig. 4). The personalized application of the ACTIV scale entails several steps. Initially, each of the 11 
parameters utilized in the nomogram is scored individually (for instance, a 62-year-old patient, when plotted against the scale via a 
vertical line, corresponds to 46 points). To use the scale, draw a vertical line from each parameter to the SCORE line, sequentially, and 
summarize the points. After scoring each of the 11 parameters and aggregating them, mark this point on the “total scores" line at the 
bottom of the nomogram. From the point obtained on the “total scores" line, draw a vertical line downward to the “probability of 
death" line. For simplification, Supplementary Table 6 presents scores corresponding to specific parameter values. 

Therefore, a multivariate analysis incorporating all variables revealed that patient age, clinical criteria for disease severity (HR, RR, 
SpO2), and straightforward laboratory markers such as hemoglobin level, percentage of lymphocytes, WBC count, platelet count, AST 
level, glucose, and GFR have the strongest impact on short-term prognosis (hospital mortality). 

4. Discussion 

The ability to predict the risk of death in COVID-19 patients using a straightforward and readily available method is of paramount 
importance in real clinical practice. This ability enables the earliest possible identification of patients at greatest risk, based on 
objective criteria. At the onset of the pandemic, no specialized scales for predicting the infection’s course were available, and existing 
scales for sepsis patients (Systemic Inflammatory Response Syndrome (SIRS), Sequential [Sepsis-related] Organ Failure Assessment 
(SOFA), Quick Sequential [Sepsis-related] Organ Failure Assessment (qSOFA), Logistic Organ Dysfunction System (LODS) [6], as well 
as those for community-acquired pneumonia (CURB-65) [7] and viral pneumonia (MuLBSTA) [8], were used. Unfortunately, these 
models demonstrated insufficient predictive accuracy. The key objective of our study was to construct a multivariate model that 
predicts the risk of death for hospitalized COVID-19 patients with adequate sensitivity and specificity. 

The scales utilized in the early phase of the pandemic failed to meet the criteria of high specificity and sensitivity. The SOFA and 
qSOFA scores have been validated as predictive tools for suspected sepsis in a typical infectious hospital. Nevertheless, it became 
apparent during the initial months of the pandemic that the state of septic shock is not equivalent to a severe course of COVID-19. 

Indeed, many local guidelines across various countries have recommended the use of the SOFA scale for assessing the severity of 
COVID-19 in patients admitted to the intensive care unit (ICU). However, the SOFA scale includes criteria that are only ascertainable in 
the intensive care unit and cannot be determined for all consecutive hospitalized COVID-19 patients, such as the PaO2/FiO2 ratio and 
the administration of vasopressors. This fact undoubtedly restricts the use of the SOFA scale in real-world practice and renders it 
infeasible for use outside the ICU. Consequently, the SOFA scale is not a universal prognostic tool for hospitalized COVID-19 patients. 
Since the pandemic began, there have been attempts to apply other predictive models, such as those designed to assess the severity of 
community-acquired pneumonia (for instance, CURB-65) [7] or to predict mortality risk among patients with viral pneumonia 
(MuLBSTA) [8]. 

However, given that the pathogenesis and clinical course of the novel coronavirus pneumonia significantly differ from other viral 
pneumonias, the application of these scales for COVID-19 was not adequately justified. This gap in predicting COVID-19 outcomes 
during the pandemic has driven interest in creating predictive models. To date, several dozen models and scales, designed to predict 
the disease course and mortality risk, have emerged. The most noteworthy among these are two systematic reviews [9,10], as well as 

Fig. 4. Nomogram to calculate a risk of death in a hospitalized COVID-19 patient (ACTIV scale). AST, aspartate aminotransferase; GFR, glomerular 
filtration rate; HR, heart rate; RR, respiratory rate; SpO2, oxygen saturation. 
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studies conducted by Webb BJ [11], Jiang M [12], and Wang Z [13]. 
We analyzed the following predictive scales and models in comparison with the ACTIV risk scale. In a systematic review, Gupta RK 

attempted to assess the performance of 22 published predictive models for COVID-19 relative to models employed in routine clinical 
practice prior to the pandemic [9]. The primary conclusion of the review posited that all models proposed for COVID-19 patients, 
which calculated the likelihood of disease progression or mortality risk, exhibited low predictive performance. This performance was 
even lower than the predictive capacity of parameters commonly used in routine practice, such as blood oxygen saturation and patient 
age. 

Contrary to these findings, the multivariate model in our study demonstrated superior predictive performance compared to in-
dividual factors, including age and SpO2 (Supplementary Table 1, Figs. 2, Fig 3). 

It is crucial to compare the results of the ROC analysis performed in Gupta RK’s systematic review with those of our study, that is, to 
evaluate the predictive value of different models. To facilitate this, we compared the areas under the curves, which reflect the pre-
dictive capacity of the model. The areas ranged from 56% to 78% in the models analyzed by Gupta RK. In contrast, our final model 
boasted the most robust predictive characteristics of ROC analysis: the area under the curve was 89.2%, and the sensitivity and 
specificity were 86.2% and 76.0%, respectively, at the optimal cutoff point (Youden point) with a linear predictor value of − 2.95. 

In a systematic review, Wynants L [10] examined 16 predictive models, encompassing 8 models to estimate mortality risk in 
COVID-19 patients, 5 models to predict progression from baseline to severe or critical illness, and 3 models to predict the duration of 
hospital stay. 

Predictors for any outcome included age (incorporated in 7 models), CT findings (7 models), lactate dehydrogenase level (4 
models), sex (3 models), CRP level (3 models), comorbidities (including hypertension, T2DM, cardiovascular and respiratory disease, 
included in 3 models), and lymphocyte count (3 models). All models demonstrated low predictive performance, which, according to 
the authors of the review, is predominantly due to inappropriate patient selection for the control group, exclusion of patients who did 
not experience an index event by the study’s conclusion, and poor reporting. Consequently, the 16 analyzed models seemingly cannot 
be recommended for application in real-world clinical practice. 

In contrast to the cited work by Wynants L, our study included all consecutively admitted patients and accounted for all outcomes 
(at the time of the registry data analysis, all patients had either been discharged or had passed away). 

Webb BJ [11] proposed a model for predicting the risk of hospitalization and 28-day mortality in outpatients with COVID-19. This 
study employed predictors drawn from the published works of other researchers and, typically, derived from various population 
studies. It is noteworthy that this methodological approach precluded a comprehensive analysis of a specific patient population with 
COVID-19. In contrast, our study identified predictors based on a series of univariate regression models with data from a specific 
patient population in the Eurasian region. 

Variables in the Webb BJ model included: age (0.5 points per decade); high-risk comorbidities (2 points each): diabetes mellitus, 
severe immunodeficiency, and obesity; non-White/Hispanic or Hispanic ethnicity (2 points), and 1 point each for male gender, dys-
pnea, hypertension, CAD, heart rhythm disturbances, congestive CHF, CKD, COPD, chronic liver disease, cerebrovascular disease, and 
chronic neurological disease. As evident from this list of predictors, the analysis predominantly covered the influence of comorbidities. 
Despite several methodological assumptions, the resulting models exhibited high predictive value: the AUC was 0.82 for hospitali-
zation and 0.91 for 28-day mortality (n = 16,030). 

In contrast to the aforementioned study, our investigation focused on mortality prediction for patients already hospitalized. Our 
findings demonstrated that the most crucial predictors of mortality for this group were not necessarily diagnoses of concurrent dis-
eases, but rather age, along with clinical and laboratory characteristics at the time of hospitalization. 

Jiang M’s model for predicting 30-day mortality in hospitalized COVID-19 patients [12] bears the closest resemblance to our 
proposed nomogram. This model, derived from a study of 1905 patients, offers a scale for determining mortality risk (Age, Biomarkers, 
Clinical history, Sex, or ABCS). It incorporates ten variables strongly associated with mortality risk: age, sex, COPD, AST, highly 
sensitive CRP, highly sensitive Troponin I, WBC count, lymphocyte count, D-dimer, and procalcitonin. Interestingly, our model also 
employs such mortality risk markers as age, AST levels, WBC count, and lymphocyte counts. 

However, Jiang M’s scale is derived from data from a relatively small patient cohort from a single region in China. Additionally, the 
scale includes parameters not routinely tested in all COVID-19 hospitalized patients (for instance, procalcitonin and highly sensitive 
Troponin I). 

Wang Z [13] incorporated entirely novel parameters to construct a predictive model. This study used a panel of 50 peptide markers 
derived from 30 proteins, whose functions were associated with COVID-19, to predict survival in hospitalized COVID-19 patients. 
Although the authors propose this prognostic method could outperform current systems, its implementation in clinical practice re-
mains technically impractical. 

Therefore, a significant distinctive aspect of our study is the principle of prognostic factor selection via a machine learning al-
gorithm (“random forest") for constructing a model predicting mortality in COVID-19 patients. The model utilizes data from a sub-
stantial sample (n = 9364) of patients from the Eurasian region, gathered through the international ACTIV registry. The model’s 
predictive performance, as evidenced by the ROC analysis, was substantiated using the control subsample. 

In conclusion, it is noteworthy that the mortality rate among hospitalized patients in the ACTIV registry was 5.8%. According to a 
study conducted by the World Heart Federation, encompassing 5313 patients from 23 countries, the in-hospital mortality rate for 
COVID-19 was 6% among Caucasians, 13% among Asians [14], 10% for low-income countries, and 4% for high-income countries. 
Therefore, the severity of patients’ conditions included in the ACTIV registry aligns with global trends and can be employed to validate 
the proposed risk model. 

The ACTIV risk scale comprises 11 risk factors and serves as an intuitive visual tool, making it a helpful tool in clinical practice. 
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Personalized prognostic assessment derived from the ACTIV scale enables an objective approach to medical decision-making regarding 
individual treatment regimens and subsequent patient follow-up in the context of COVID-19. 

4.1. Study limitations  

1. The model’s robustness could be further improved through external validation on larger datasets, as our validation process was 
restricted to a control subsample of respondents (30% of patients).  

2. The patient cohort primarily represents individuals with moderate to severe infection, as those with asymptomatic or mild 
symptoms treated at home were not included in the study.  

3. The predictive model does not account for the influence of specific COVID-19 treatments.  
4. Enrollment into the ACTIV, ACTIV 2 register occurred from June 29, 2020, to March 30, 2021, spanning the 1st, 2nd, and 3rd waves 

of the pandemic.  
5. The model does not consider the ethnicity of the respondents.  
6. In this registry, as in most registries, obtaining accurate data in its entirety is challenging. Some patients have missing data, but the 

overall amount of such lost information is small relative to the number of patients and is unlikely to significantly distort descriptive 
statistics. 

5. Conclusion 

This study presents a straightforward predictive model, based on the clinical characteristics of COVID-19 patients (age, HR, RR, 
SpO2), and seven biomarkers (hemoglobin, white blood cell count, platelet count, % lymphocyte count, GFR, glucose, and AST). This 
model provides a practical tool for stratifying COVID-19 patients by death risk. The ACTIV scale, employed in risk assessment, 
demonstrated good results when testing the model on the control subsample (30% of patients). 

Practitioners can use this tool to predict the risk of death in COVID-19 patients upon admission and to plan treatment strategies. 
This could help improve optimal distribution of limited medical resources within national healthcare systems and potentially reduce 
COVID-19 patient mortality. 
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