
Influence of Healthcare Organization 

Factors on Cardiovascular Diseases 

Mortality  

Oleg METSKERa,1 and Georgy KOPANITSA 
b 

a
 Almazov National Medical Research Centre, Saint Petersburg, Russia 

b ITMO University, Saint Petersburg, Russia  

Abstract. One serious pandemic can nullify years of efforts to extend life 

expectancy and reduce disability. The coronavirus pandemic has been a perturbing 

factor that has provided an opportunity to assess not only the effectiveness of health 
systems for cardio-vascular diseases (CVD), but also their sustainability. The goal 

of our research is to analyze the influence of public health factors on the mortality 

from circulatory diseases using machine learning methods. We analysed a very large 
dataset that consisted of the information collected from the national registers in 

Russia. We included data from 2015 to 2021. It included 340 factors that 

characterize organization of healthcare in Russia. The resulting area under receiver 
operating characteristic curve (AUC of ROC) of the Random Forest based 

regression model was 92% with a testing dataset. The models allow for automated 

retraining as time passes and epidemiological and other situations change. They also 
allow additional characteristics of regions and health care organizations to be added 

to existing training datasets depending on the target. The developed models allow 

the calculation of the probability of the target for 6-12 months with an error of 8%. 
Moreover, the models allow to calculate scenarios and the value of the target 

indicator when other indicators of the region change. 
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1. Introduction 

One serious pandemic can nullify years of efforts to extend life expectancy and reduce 

disability [1]. The coronavirus pandemic has been a perturbing factor that has provided 

an opportunity to assess not only the effectiveness of health systems for cardio-vascular 

diseases (CVD), but also their sustainability [2,3]. The dynamics of total and CVD 

mortality can be used as a measure of health system resilience. Efficiency and 

sustainability are different and, in many ways, mutually exclusive, but sustainability is 

as necessary for sustained positive dynamics as efficiency is for achieving goals [2]. 

Analyzing the situation with COVID-19 we understand the need to assess the 

sustainability of health systems in relation to CVD care, a sustainable system will have 

different characteristics compared to an effective one [4]. 
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In the post-COVID era, we should strive to build balanced, rather than efficient, 

systems with sufficient resilience[1]. So, when solving the inverse problem of 

forecasting an indicator/indicator of quality of treatment of a region it is possible to 

calculate what the characteristics of the region should be today and tomorrow (values 

quantitatively qualitatively) to get the required indicator the day after tomorrow. 

Models and algorithms for the analysis of risk factors and prognosis of mortality in 

the acute phase of the disease have been developed. Many works apply methods of 

artificial intelligence. For example [5], considers the identification of ischemic stroke 

risk factors in conditions of data shortage. Many studies, such as [6–8] use large 

population databases, including up to 800,000 patients, to predict stroke incidence over 

5 years. Despite rather high accuracy: up to 87% correct prediction of ischemic stroke 

and up to 82% prediction of hemorrhagic stroke, the developed methods based on neural 

networks and machine of reference vectors do not allow to work in conditions of 

uncertainty and data gaps in electronic medical histories. 

Much attention is paid to treatment planning and prognosis of recovery in the acute 

phase of the disease. For ischemic stroke, models based on neural networks and support 

vector method show the best performance [9,10]. The correctness of the models reaches 

74% in the best cases, which cannot be considered a satisfactory result. However, the 

influence of organizational factors on population mortality from CVD has not been 

considered in detail in the scientific literature.  

1.1. Objectives 

The goal of our research is to analyze the influence of public health factors on the 

mortality from circulatory diseases using machine learning methods. 

2. Methods 

2.1. Dataset 

The dataset consisted of the following information collected from the national registers 

in Russia. We included data from 2015 to 2021. Information about the activities of the 

organization providing medical care; Information on the number of diseases registered 

in patients residing in the service area of the medical organization; information on the 

movement of patients; Information on confirmed cases of death in the following 

nosologies and their International Statistical Classification of Diseases and Related 

Health Problems (ICD 10) codess: Diseases of the circulatory system (I00-I99), acute 

coronary syndrome (I20- I22), Cerebrovascular diseases - Subarachnoid hemorrhage, 

Intracerebral hemorrhage, Brain infarction, Stroke not specified as hemorrhage or 

infarction, Congestion and stenosis of the precerebral arteries, Embolisms, 

Consequences of cerebrovascular disease (I60-I69), Novoplasms (C00-D48) including 

oncohematological patients with C90, Delivery O80-O84, Endocrine diseases, eating 

disorders and metabolic disorders (E00-E90) including diabetes and obesity, as well as 

death from Sepsis (A40-41), Anemias (D50-D64), Selected disorders involving the 

immune mechanism (D80-D89), Obesity (E66), Chronic rheumatic heart disease (I05-

I09), Influenza (J09-J11), Acute respiratory upper respiratory tract infections (J00-J06, 

line 11. 1)); Information on the staff of medical organizations, information on surgical 
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work, information on resources of clinics. Indicators of socio-economic development of 

regions. 

2.2. Machine learning  

The regression task for predicting the CVD mortality was solved using the scikit-learn 

library. In total 340 indicators were used as predictors. Each experiment ran in the setting 

of stratified 5-fold cross-validation (i.e., random 80% of records were used for training 

and 20% for testing, target class ratios in the folds were preserved).  

For the performance assessment, we ran it 100 times; and 100 x 5-fold cross-

validation with total of 500 predictions. As an additional performance assessment score, 

we used the AUC of ROC. The AUC was calculated based on an average of 5 curves 

(one curve per fold in the setting of 5-fold cross-validation). Features importance was 

calculated using a random-forest model.  

3. Results 

The resulting AUC of ROC of the Random forest based regression model was 92% with 

a testing dataset. Figure 1 shows the result of calculating the significance of predictors 

using a machine learning model in solving the regression problem. Training was 

performed on the data set of 340 indicators of RF regions from 2015 to 2021, including 

both dynamic indicators (spread of coronavirus infection, mortality from other 

nosologies including cerebrovascular diseases, coverage of vaccination campaign, 

population movement, etc.), intensity and coverage of measures to reduce mortality in 

the region. Examples of such activities were the number of publications in the media  

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. Example of calculating the contribution of regional indicators to CVD mortality using machine 

learning methods 

4. Discussion 

The models allow for automated retraining as time passes and epidemiological and other 

situations change. They also allow additional characteristics of regions and health care 

organizations to be added to existing training datasets depending on the target. The 

Number of media campaigns 

Number of deaths from pneumonia in the region  

Number of pneumonia emergency patients in the region  

Number of pneumonia patients in the region  

Number of vaccinated against Influenza in the region 

Number of inpatients with pneumonia in the region  

Number of vaccinated against pneumococcal infection 

Average income in the region 

Number of patients who died from stroke with thrombolysis 

Quality of roads in the region 

Number of cases of COVID-19  

Number of hospitalizations with CVDs detected for the first time 

Number of hospital beds 

Number of cardiologists 

Area of the region 

Number of cardiovascular surgeons 
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developed models allow the calculation of the probability of the target for 6-12 months 

with an error of 8%. Moreover, the models allow to calculate scenarios and the value of 

the target indicator when other indicators of the region change.  

5. Conclusion 

The development and implementation of medical information technologies based on 

machine-learning methods contributes to the development of a unified accessible 

methodology for analyzing the processes of providing medical care for quality 

management at all levels of the healthcare system, while maintaining the success 

achieved in informatization and the existing infrastructure without significant additional 

costs. 
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