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Abstract. This study presents two methods to support the treatment process of 

inpatients with COVID-19. The first method is designed to predict treatment 

outcomes; this method is based on machine learning models and probabilistic 

graph models of patient clustering. The method demonstrates high quality in 

terms of predictive models, and the structure of the graph model is supported by 

knowledge from practical medicine and other studies. The method is used as a 

basis for finding the optimal intervention plan for severe patients. This plan is a 

set of interventions for patients that are optimal in terms of minimizing the 

probability of mortality. We tested the method for critically ill patients (item 

4.5) and for 30 percent of all patients with lethal outcomes the methods found 

an intervention plan that leads to recovery as a treatment outcome as predicted. 

Both methods show high quality, and after validation by physicians, this 

method can be used as part of a decision support system for medical profession-

als working with COVID-19 patients.  

Keywords: COVID-19, predict treatment outcome, optimal interventions, 

Bayesian Network. 

1 Introduction  

Coronaviruses are a group of viruses that can cause acute respiratory disease in humans 

and can also be transmitted between species and cause various diseases. A new coro-

navirus, SARS-CoV-2 (Severe Acute Respiratory Syndrome Coronavirus), which was 

designated COVID-19 by the World Health Organization (WHO) on February 11, 

2020. It causes an acute and deadly illness with a global mortality rate of 1.68%. In 

Russia, the mortality rate is 2.96% [1]. The level of morbidity and mortality in Russia 

from Covid-19 and the complications it causes is quite high, which creates a serious 

burden on the health care system [2], coronavirus can cause severe effects on the heart, 

brain, kidneys, blood vessels, and other vital organs. Therefore, it is especially im-

portant for patients who are hospitalized with this disease to prevent the development 

of serious complications [3]. The risk of complications can be reduced with the right 

therapy, as well as enough time that medical professionals can devote to heavy patients, 

in a heavy workload, to reduce the burden on the medical staff requires special methods 

to assess the severity of the patient admitted to the hospital, optimal in terms of accuracy 

and necessary data for decision-making. This article presents a new hybrid approach 

for assessing the risk of hospital-acquired patient mortality, based on a highly 
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interpretable Bayesian network model, with the possibility of editing the model based 

on expert data as well as predictive machine learning models. There are many ap-

proaches in the literature for assessing the risk of covid mortality. The methods are 

based on several different approaches: statistical, simulation, and dynamic modeling. 

Using linear prediction, some researchers have used regression modeling to calculate 

the risk of 15-day mortality and determine predictors of mortality in critically ill pa-

tients with covid [4]–[6]. The use of this approach has the following advantages: inter-

pretability, ease of implementation, and availability of many software tools. Among the 

disadvantages of this approach, it is important to highlight the impossibility of detecting 

nonlinear relationships. Disadvantages of linear methods are eliminated in the simula-

tion modeling approach. Blagojevic A et al. described the classification of clinical se-

verity of patients based on blood biomarkers, which were selected as biomarkers that 

have the greatest impact on the classification of patients with Covid-19 [7]. Another 

approach is to model the course of the disease as a dynamic process. Several studies 

have used Markov chains Monte Carlo to estimate the mortality rate [8]. 

2 Model 

 
Fig. 1. Scheme of research. 
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The first step is data mining; our team structures, selects and aggregates information to 

build hypotheses and models, then we create special scripts to convert information to 
convert information from medical experts into matrices. The rows are cases of diseases, 
the columns are important indicators of the course of the disease. At this stage we use 
only expert modeling. This stage includes steps 1-5. The second step is to identify pat-
terns from the data (steps 6-10), then the scheme. This stage involves processing noise, 

outliers, removing/substituting gaps in the data, categorical feature coding using one-
hot-label-encoding/dummy encoding methods, scaling and protocolization. In the next 
step, we create a Bayesian network model and machine learning on the resulting data, 
then use the Bayesian network to select the therapy that reduces the probability of le-
thality. In the next step, we interpret the models using additive Shapley explanations 
(SHAP) as well as knowledge from medicine and other studies. We then validate the 

methods using the classical quality metric of the predictive problem and comparing the 

results of using the recommended therapy with real-world results. 

2.1 Data mining  

The study was based on a data set including medical records of 2445 patients treated 
for covid-19 in the hospital of the V.A. Almazov National Research Center, St. Peters-

burg, Russia.   

Table 1. Signs obtained during treatment in the data  

Feature's group  Features  

Measurements   Group includes height, weight, age, gender, SBP, DBP, heart rate, 

body mass index, hemoglobin, and other blood test data.  

Сhronic diseases  Group includes a history of chronic diseases in the patient  

Time information   Group includes time of onset, time of tests, date of complications, 

and other.  

Secondary attributes of 
the Сovid-19   

Group includes the presence of heaviness in the chest, lack of sense 
of smell and taste, fever, decreased consciousness, saturation, etc.   

Signs of complications   The group includes the presence of pneumonia, anemia, hypothyroid-
ism, bronchitis, and other.  

drugs   The group includes 404 different drugs that were used to treat pa-

tients in the hospital. These drugs belong to the pharmacological 

group of glucocorticosteroids, insulins, anticoagulants, etc. 

Procedures   The group includes procedures that were performed to maintain the 
patient's condition, such as blood transfusions, ventilation, oxygen 
therapy, and other  
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These medical indicators include information on medical history, test values, physical 

measurements, lifestyle, hospital department metadata, and medical professional opin-

ions.  

3 Experimental study 

3.1 Mortality Prediction – Bayesian Networks 

A Bayesian network is a graph-based probabilistic model, which is a set of variations 

and their Bayesian probability relations. The constructed Bayesian network was used 
to predict lethality. The network was constructed using the hill climb search approach 
with a k2 estimation metric; the approach implements a greedy local search that can be 

used to find the optimal network structure. 

 

Fig. 8. The Bayesian Trust Network Hillclimb search approach 

The model separates the metrics quite qualitatively according to groups of tests, which 
include attributes such as vein tests, blood test results, procedure correlation, and some 
patient characteristics. The red cluster localizes the traits that are related to the patient's 

procedures, the blue cluster localizes the area that is related to oxygen therapy. This 
area, through signs of weakness and fever above 37.5 is related to the purple area, in 
which headache and other general patient signs are localized. This area, through the 
sign of saturation, is related to the yellow sector, in which age, signs with the results of 

general blood tests and urine tests are localized. 

ICCS Camera Ready Version 2022
To cite this paper please use the final published version:

DOI: 10.1007/978-3-031-08757-8_10

https://dx.doi.org/10.1007/978-3-031-08757-8_10


5 

3.2 Prediction experiment with critically ill patients 

For patients with a negative outcome, procedures were selected in which the prognosis 
of the model improved. For several patients and procedures, the model predicted a pos-

itive treatment outcome. The recommended procedures can be seen in Figure 10. 

 

Fig. 9. Recommended procedures that improve prognosis for lethal patients 

For these patients, the model recommends more blood transfusion and noninvasive lung 
ventilation. In several studies, blood transfusion has demonstrated high efficiency, for 

critically ill patients. On ventilator, after which some of them began to breathe on their 
own, also, the model recommends noninvasive lung ventilation, in some cases mortality 

of patients connected to invasive lung ventilation is rather high [9]. 

3.3 Predictive modeling with machine learning algorithms 

Machine learning models were built based on data that were collected during the first 

3 days of patients' stay in the hospital. The following algorithms were used: XGBoost, 
LGBM, SVC, Logistic Regression, Random Forest, Decision tree, KNN, SGD, Gauss-

ian, Bayesian network.  

Table 2. The obtained cross-validation accuracy for predictive models  

Model  Cross-validation-score, %  

XGBoost  96.9  

LGBM  96.84  

KNN 96.8  
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SVC  96.6  

Logistic Regression  96.5  

Decision tree  95.91  

SGD 91.97  

Bayesian network  91.0  

Gaussian  90.2  

Random forest  87.2  

The XGBoost model showed the highest accuracy score, consider the results of the 

model. We interpret the results of the model using SHAP values; with their help we can 
understand the importance of a single trait and its impact on the assessment of the se-

verity of the patient's condition.  

 

Fig. 11. Interpretation of obtained model values using SHAP values. 

The graph shows the 10 indicators that most affect the assessment of the severity of the 
patient's condition. The most significant indicator for the model turned out to be the 
patient's decreased consciousness, which is often observed against the background of 
worsening lung condition. The second and the third significant indicator are the signs 

that are also related to the respiratory system: oxygen saturation level and CT scan 

results [10].  

5. Conclusion and future work  

This paper proposes a method for predicting treatment outcomes in critically ill patients 
and selecting optimal therapy. We used this method to create a practical tool for rec-
ommending intervention plans to reduce the probability of lethal outcome. We have 
tested the effectiveness of the method on critically ill patients with a negative treatment 
outcome, and according to the results of the model, for 30% of patients we can achieve 
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a change in the results of treatment to recovery. All models show high quality, so they 
can be used as part of a decision support system for medical professionals working with 

patients 
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