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Abstract. The development of trends and practice-oriented approaches to
personalized programs for the diagnosis and correction depending on the clinical
and phenotypic variants of the person is relevant. A software application was
created for data mining from respondent profiles in a semi-automatic mode;
libraries with data preprocessing were analyzed. The anthropometric measure-
ments and serum lipoprotein spectrum of 2131 volunteers (average age
45.75 ± 11.7 years) were studied. To estimate the association of blood pressure
and cardiovascular events markers was carried out by means of multivariate
analysis of data by the methods of selection and classification significant signs.
The machine learning was used to predict cardiovascular events. Depends on
gender there was found the significant difference in atherogenic index of plasma
(AIP) (F < 0.05). In young women (20–30 y.o.), the lipoproteins did not cor-
relate with the presence of hypertension, whereas for older women the statisti-
cally significant markers were higher, such as cholesterol (CH, F = 0.03), low-
density lipoproteins (LDL, F = 0.03) and AIP (F = 0.02). In men for identifying
the risk of hypertension developing lipoproteins should be considered depend-
ing on age. Accuracy of the risk recognition for the cardiovascular disease
(CVD) model was more than 89% with an average confidence of the model in
each forecasted case of 90%. The markers for diagnosing the risk of CVD, the
following indicators can be used according to their degree of significance: AIP,
CH and LDL. Thus, the data obtained indicate the importance of risk factor
phenotyping using anthropometric markers and biochemical profile for deter-
mining their significance in the top 17 predictors of CVD. The machine learning
provides CVD prediction according to standard risk assessments.
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1 Introduction

Cardiovascular disease (CVD) associated with atherosclerosis is the main cause of
adult mortality in both economically developed and developing countries. In the
development and progression of CVD, the accompanying criteria, called risk factors
(RF), play a leading role. Today, more than 200 RF of the CVD are known, and their
number annually increases [1, 2]. RFs are divided into two subgroups: non-modifiable,
impossible to influence, and modifiable, amenable to both multimodal behavioral
interventions and medical therapy. Moreover, it is necessary to determine the total
cardiovascular risk that means – the probability of developing a cardiovascular event
connected with atherosclerosis over a specific period. This is the key to selecting
preventive strategies and specific interventions for patients. The prevention and man-
agement of CVD increasingly demand effective diagnostic testing. Consensus defines a
diagnostic as a method and an associated device that performs a physical measurement
from a patient or associated biological sample and produces a quantitative or
descriptive output, known as a biomarker. The definition of a biomarker, in turn,
encompasses “a characteristic that is objectively measured and evaluated as an indi-
cator of normal biological processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention” [3]. Diagnostics, because of their strategic
position at the intersection between patients and their clinically actionable data, directly
affect the patient experience and the quality of care that individuals receive. The
methods of the biochemical and cellular biofluid analysis advanced, the portfolio of
available tests expanded and central laboratories emerged to standardize sample
acquisition and measurement [4]. Today, technology is expanding the number of
diagnostic tests that can reach beyond the walls of centralized laboratories and back to
the point of care for use across a broad range of clinical settings.

Established risk factors for CVD – such as AH, high levels of low-density
lipoprotein cholesterol (LDL-C), low levels of high-density lipoprotein cholesterol
(HDL-C), smoking, male gender, and old age do not entirely account for CVD risk [5].
Since treating modifiable risk factors is known to reduce the risk of CVD [6, 7],
improving CVD risk stratification would enable better allocation of prevention
resources [8]. And one approach to improving risk prediction is to consider the risk of
CVD associated with the size distribution of a patient’s lipoprotein particles. The
Atherogenic Index of Plasma (AIP) is easily calculated from a standard lipid profile. It
is a logarithmically transformed ratio of molar concentrations of triglycerides (TG) to
high-density lipoprotein cholesterol (HDL). The strong correlation of AIP with
lipoproteins may explain its high predictive value [9]. However, the determination of
TC, HDL, and low-density lipoprotein cholesterol (LDL) concentrations is not suffi-
cient for appropriate medical therapy. LDL and HDL should be sub-fractionated to
measure concentrations of large, anti-atherogenic HDL [10]; less atherogenic HDL
[11]; and small, atherogenic particles of HDL [12], as well as less atherogenic LDL [9]
and atherogenic LDL lipoproteins component – ApoA component – ApoB [13].

Again, the basis of a specialized medical information system consists of the
instrument-computer complexes. Such use of a computer in combination with mea-
suring technology in clinical and laboratory diagnostics allows creating new effective
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means for providing automated information, collection on a patient’s condition and
processing of this data in real-time. Data used for medical diagnosis have several
features, such as the qualitative nature of information, the presence of data gaps, a large
number of variables with a relatively small number of observations [14, 15]. Moreover,
the significant complexity of the object of observation (disease) often does not allow
building even a verbal description of the doctor’s diagnosis procedure. The creation of
medical device-computer complexes allows us to approach from the new positions to
the understanding of instrumental diagnostic methods in the cumulative consideration
of all parameters to establish an accurate diagnosis [16]. Traditionally, when modeling
the course of the disease, probabilistic prediction of the value of binary variables is
used [15], which is made based on regression analysis or using automated systems built
based on neural network analysis. The optimal approach is the use of a scoring scale,
such as, for example, the SCORE cardiovascular risk assessment system, the Fram-
ingham scale or the mathematical model of PROCAM [1, 17, 18]. The disadvantage of
this approach is that the scales known today have been developed regarding a certain
population and nosological forms of the disease. The important direction in this area is
developing a more universal scale, with a specific application for analyzing any feature,
interested to the researcher, described by the binary variable.

Objective: To assess the prospects of using artificial intelligence technologies in
predicting the outcomes and risks of cardiovascular diseases in patients with
hypertension.

2 Materials and Methods

2.1 Study Design

A cross-sectional study of the impact of factors on the development of CVD is a
prospective population study made on a representative sample of the population of
Vladivostok in the multicenter observational Russian program Epidemiology of Car-
diovascular Diseases (ESSE-RF) in Primorsky Krai to identify the prevalence and
frequency of chronic noncommunicable Diseases and their attendant risk factors. The
data were published earlier [19]. The procedures were approved by the Ethics Com-
mittee of the Pacific State Medical University (agreement no. 46/23.11.2014). Written
informed consent was obtained from all the subjects. Beginning with 2014, three basic
surveys (2012–2019) with follow up 3 observation phases were conducted at intervals
of 2 years. Since people from 24 to 65 years old were included in the ESSE-RF study,
volunteers aged 20–23 (n = 245) were additionally examined whose survey protocol
was closely match to the ESSE-RF. The 901 volunteers (502 women and 399 men) 692
healthy individuals of them were included in the first representative sample and patients
in the second, with a diagnosed arterial hypertension (AH, 209 people). The age of the
volunteers was from aged 20 to 44 years, which according to the WHO classification
corresponded to young age.

In research, the method of questioning and clinical research, including anthropo-
metric, instrumental (investigation of arterial pressure, pulse, ECG recording, were
used. In this group anthropometric parameters such as height, body weight, body mass
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index (BMI), and waist circumference were monitored. To determine the body weight
standard stand-on scales were used. The height measurement was performed using
altimeter, the measured person was always without shoes. BMI was calculated as the
ratio of body weight in kg to the squared height in meters. The waist circumference was
measured at half the distance between the bottom edge of the lower rib and iliac crest of
the hip bone at a horizontal level. Waist circumference values were defined according
to the cardio-metabolic risk. There is a moderate risk in waist circumference >94 cm,
possibly 80 cm (risk level 1), and a high risk (risk level 2) in waist circumference
higher than 102 cm in men and 88 cm in women.

For the biochemical examination, following an overnight fast, blood samples were
drawn into tubes and centrifuged the same day to separate serum, which was stored
frozen (−80 °C) for subsequent analysis. A venous blood sample was withdrawn on an
empty stomach and parameters were determined in certified laboratories using standard
laboratory methods. From biochemical parameters the following values were moni-
tored: glycaemia, uric acid, total cholesterol, LDL-cholesterol, and components of low
(LDL) and high-density lipoproteins (HDL), and triglycerides (TG) was carried out in a
colorimetric method using an automatic biochemical analyzer Mindray BS-200
(Shenzhen Mindray Bio-Medical Electronics, Chine) and reagents from Alpha Diag-
nostics (San Antonio, TX, US). The atherogenic index of plasma (AIP) and the
atherogenic coefficient (AC) were computed as log (TG/HDL) and non-HDL/HDL,
respectively.

2.2 Machine Learning

For the machine learning the Neural network data processing was carried out using the
NeuralNetworkTool software package, which is part of the Matlab R2010b software
(Mathworks, USA). The software product data was selected due to its modernity,
accuracy of results and user support policy. Due to their capability to solve complex
problems by manipulation of high volume data the designation, training and usage of
NeuralNetworkTool requires computer environment. The network was trained
according to the Bayesian regularization algorithm, since it gave the smallest error
equal to 0.01. Bayesian regularization minimizes the linear combination of quadratic
errors and weights. Modification is carried out in such a way that as a result a network
with high generalizing properties is obtained.

2.3 Statistical Analysis

All statistical analyses were performed using SPSS Statistics 22 (IBM, Armonk, NY,
United States). Testing for normality was performed by the Kolmogorov Smirnov test.
Differences between group means were calculated using a two-sample t-test, assuming
or not assuming equal variances (based on Levene’s Test for Equality of Variances).
The strength of the linear relationship between the two variables was expressed by the
Pearson correlation coefficient; a p-value of <0.05 was assumed to be statistically
significant. Means and standard deviations are reported in terms of the original
distributions.
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Step 1. v2 test was used to analyze the associations between data (the sex of the
subjects (0, 1), the body mass index (BMI), the presence of a smoking factor (yes,
no), arterial hypertension (AH, yes, no) and interval variables were included; age,
systolic pressure, serum cholesterol, TG, HDL, LDL, ApoA, ApoB, C reactive
protein (CRP), thyroid-stimulating hormone (TSH), leptin, adiponectin, and insulin.
Step 2. Analyze the relation of smokers and AH, gender status, age status and
another. Generate receiver-operating characteristic (ROC) curve, calculate the
Youden index, and found cutoff points for AH, gender status, age status.
Step 3. Binary logistic regression with backward: conditional method was per-
formed. Dependent variables were AH, gender status, age status, and systolic
pressure. Covariates were the related clinicopathological data from step1 and the
AH cut-off points from step 2. Borrmann type and grading were exceptional
because some cases had no available Borrmann type or grading data.
Step 4. If Borrmann type or grading factor was one of the related factors, binary
logistic regression was then performed again using AH, gender status, age status or
systolic pressure from step 2 as dependent variables and the related clinicopatho-
logical data from step 1 and the AH.
Step 5. If Borrmann type or grading factor was not one of the related factors
obtained through binary logistic regression from step 3, the results in step 2 were
the final result. However, if Borrmann type or grading factor was the related factor,
the results in step 3 were the final result.

3 Result

3.1 Patient Characteristics

The average age in the group of patients with AH was 34.5 ± 2.8 years (from 25 to 44
years), the same indicator in the group of healthy individuals was 32 ± 1.7 years (from
20 to 44 years). In the group of patients with AH, there was a significant increase of
indicators as blood pressure (BP), weight, and triglyceride levels compared with the
control group (Table 1). Significant differences in indicators of total cholesterol, HDL,
and LDL between the subjects with normal pressure and those with the presence of AH
was not detected (P � 0.007 for overall trend for each variable).

3.2 Analyses of Biochemical Parameters

For a more accurate study of the distribution of the lipid spectrum, we separated the
indicators of healthy subjects and patients with AH, respectively, of age and sex
(Tables 2 and 3). The indicators of concentration of total cholesterol increase with age
and reaches a level of 5.3 ± 0.7 mmol/L for the older age group (over 40 years) of
healthy women, and patients with AH – 5.5 ± 0.5 mmol/L (Table 3). For men, a
similar trend was noted (Table 2). In all age groups and regardless of gender, the
average index of HDL was higher than 1.0 mmol/L for men and 1.2 mmol/L for
women, which corresponds to the normal values accepted in the population (>1.0 for
men and >1.2 for women). Significant differences of HDL surveyed with normal
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pressure and individuals with the presence of AH was not detected (P � 0.005 for
overall trend for each variable). Concerning LDL, there is a slight increase correlated
with age. In healthy volunteers, the maximum value of the concentration LDL was
found in persons of the age group 40 and more years: for men – 3.2 mmol/L, for
women – 3.3 mmol/L. In persons with hypertension, this indicator did not exceed
3.8 mmol/ L in men and 3.4 mmol/L in women.

The atherogenic index of plasma (AIP) and the atherogenic coefficient (AC) is not
recognized by all researchers and in existing clinical guidelines, it is not included in
asses of the risk of cardiovascular accidents [20]. At the same time, there are opinions
about the possibility of its use to determine the risk of developing CVD. The AIP
should not exceed 2.5 in healthy men between 20 and 30 years old, and 2.2 in healthy
women of the same age, in people of both sexes 31–40 years old 3.0, and in people
over 40 years old without clinical manifestations of atherosclerosis 3.5. We found that
in men with increasing age AIP decreased. So, if in the age group from 20 to 30 years it
was 2.4 ± 0.7, then in the rest AIP had average values of 1.8 ± 0.4 and 1.1 ± 0.6,
respectively (p < 0.05, Table 2). While, AIP rates in men with AH in all age groups
significantly exceeded those for healthy individuals (p < 0.05, Table 2). In women,

Table 1. Comparisons of risk factors, and biochemical parameters between groups

Indicators Group I (healthy volunteers)
(n = 692)

Group II (patients with AH)
(n = 209)

Age (years) 34,5 ± 2,8 32 ± 1,7
Weight (kg) 69 ± 5,8 87* ± 7,5
AP (ASP and ADP), mm
Hg

118 ± 14,5
79 ± 6,9

151 ± 11,5*
91 ± 7,2*

Heart rate, beats per
minute

72 ± 5,4 80 ± 7,5

Smokers, n (%) 55 ± 4,2 92 ± 6,5
Smoking Person Index,
pack/years

4,75 5,25

Total cholesterol, mmol/L 4,95 ± 0,6 5,0 ± 0,4
ApoA, gr/L 1,79 ± 0,3 1,81 ± 0,6
ApoB, gr/L 0,92 ± 0,03 0,83 ± 0,05
LDL, mmol/L 3,13 ± 0,47 3,35 ± 0,27
HDL, mmol/L 1,31 ± 0,6 1,28 ± 0,4
TG, mmol/L 1,21 ± 0,09 1,87* ± 0,06
AIP 2,26 ± 0,06 3,0 ± 0,2
AC 0,46 ± 0,02 0,55 ± 0,01

Note: values are represented as n (%) or mean ± SD/median (IQR).
Abbreviations: BMI – body mass index, AP – blood arterial pressure, ASP – arterial systolic
pressure, ADP – arterial diastolic pressure (measured in sitting position using a mercury
sphygmomanometer), ApoA – apolipoprotein A, ApoA – apolipoprotein B, LDL and HDL –

low and high density lipoproteins, TG – triglycerides, AIP – atherogenic index of plasma, AC–
atherogenic coefficient, conventional units.
* P < 0.05, compared with Group I.
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both with normal blood pressure values and in the group with AH, the AIP values
increased with age (F < 0.05, Table 3). Thus, with the indicator for healthy women, the
rate of 2.2 in our study, AIP for this age group was 2.6 ± 0.05, and in patients with AH
2.7 ± 0.05. From our point of view, this fact testifies to the variability of this indicator
for different regions. Probably, the “normal” value of the cholesterol coefficient for this
group of women (20–30 years old) requires adjustment. As for the AIP values for older
women, this indicator did not differ and did not exceed the established normal values,
both in the group of healthy women and in the group of women with AH (Table 3). AC
is a sensitive marker for detecting the risk of CVD and normally does not exceed 1.0

Table 2. Biochemical parameters of different age men’s groups

Indicators Group I (healthy volunteers, n = 298),
years old

Group II (patients with AH, n = 92),
years old

25–30
(n = 96)

31–40
(n = 112)

40 - more
(n = 90)

25–30
(n = 20)

31–40
(n = 48)

40 - more
(n = 24)

Total
cholesterol,
mmol/L

4,7 ± 0,5* 5,0 ± 0,7 5,1 ± 0,4 4,5 ± 0,5 5,4 ± 0,5 5,6 ± 0,6

LDL, mmol/L 1,3 ± 0,03 1,3 ± 0,05 1,3 ± 0,03 1,2 ± 0,04 1,2 ± 0,02 1,2 ± 0,1
HDL, mmol/L 3,1 ± 0,4 3,3 ± 0,5 3,2 ± 0,4 3,1 ± 0,35 3,7 ± 0,4 3,8 ± 0,4
AIP 2,4 ± 0,06 1,8 ± 0,06* 1,1 ± 0,6* 2,7 ± 0,05 3,3 ± 0,07 3,6 ± 03
AC 0,4 ± 0,03* 0,5 ± 0,15 0,5 ± 0,07 0,6 ± 0,07 0,6 ± 0,06 0,7 ± 0,5

Note: values are represented as n (%) or mean ± SD/median (IQR).
Abbreviations: LDL and HDL – low and high density lipoproteins, AIP – atherogenic index of
plasma, AC– atherogenic coefficient.
* P < 0.05, compared with Group II.

Table 3. Biochemical parameters of different age women’s groups

Indicators Group I (healthy volunteers,
n = 394), years old

Group II (patients with AH,
n = 117), years old

25–30
(n = 127)

31–40
(n = 164)

40 - more
(n = 103)

25–30
(n = 21)

31–40
(n = 64)

40 - more
(n = 32)

Total
cholesterol,
mmol/L

4,6 ± 0,5* 5,0 ± 0, 5,3 ± 0,3 4,3 ± 0,5 5,1 ± 0,4 5,5 ± 0,7

LDL, mmol/L 1,3 ± 0,04 1,4 ± 0,03 1,4 ± 0,03 1,3 ± 0,05 1,4 ± 0,03 1,4 ± 0,06
HDL, mmol/L 2,7 ± 0,5 3,2 ± 0,4 3,3 ± 0,25 2,8 ± 0,4 3,3 ± 0,35 3,4 ± 0,5
AIP 2,6 ± 0,05 2,8 ± 0,04 2,9 ± 0,05 2,7 ± 0,05 2,8 ± 0,05 2,9 ± 0,02
AC 0,4 ± 0,02 0,5 ± 0,05 0,5 ± 0,07 0,4 ± 0,07 0,5 ± 0,05 0,5 ± 0,09

Note: values are represented as n (%) or mean ± SD/median (IQR).
Abbreviations: LDL and HDL – low and high density lipoproteins, AIP – atherogenic index of
plasma, AC– atherogenic coefficient.
* P < 0.05, compared with Group II.
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[21]. We found that this coefficient did not exceed a critical value for both healthy
individuals and those with AH. The average AC values for all age groups of men and
women ranged from 0.4 to 0.6 (Table 2, 3). Thus, our study showed that the values of
lipid profile total cholesterol, HDL, LDL, AC in men and women do not have statis-
tically significant differences in age and sex, whereas a significant difference between
the indicators of men and women is determined only concerning the AIP (P < 0.05).

The direct relationship between indicators lipid profile and AH at women in the age
group of 20–30 years no found (P < 0.05). For indicators, total cholesterol, HDL, LDL,
AIP, and AC the Fisher’s correlation coefficients were 0.39, 0.20, 0.32, 0.28 and 0.81,
respectively. In women of 31–40 years old, a correlation was found between the
indicators of LDL and AIP and the presence of AH (F = 0.04, P < 0.05). As for
women in the age group of 40 years or more, significant values of the Fisher criterion
were identified for three, except for HDL and AC, the values of total cholesterol, LDL
and AIP and were 0.03, 0.03 and 0.02, respectively (P < 0.05). In men of the age group
of 20–30 years, the AIP was determined as a significant marker of the presence of AH.
The levels of total cholesterol, HDL and AC showed the value of the Fisher coefficient
more critical. In men over 40 years old, a positive correlation was found between
cholesterol (F = 0.04), LDL (F = 0.04), AC (F = 0.05) and AH.

3.3 Numerical Results

Optimal Scaling (CATREG) was chosen as the regression model, this model operates
with categorical variables, all included interval and order predictors were categorized,
taking into account categorization. The binary variable was the presence of AH, 12 out
of 18 potential predictors were included in the regression model. The “importance”
coefficients (importance) calculated by the regression analysis are presented in Table 4,
their values are proportional to the degree of the predictor’s contribution. The values of
the dependent variable were calculated for each of the predictors, included in the
regression model by multiplying the absolute value of the corresponding importance
factor by 100 and rounding to the integers.

The two groups of healthy individuals and patients with AH were compared by the
values of each of the 21 potential predictors. For nominal variables, analysis of con-
tingency tables was used, for ordinal and interval tests the Kruskal-Wallis test was
used. The result of the analysis is shown in Table 5. With a significance level of 0.05,
they were reliably associated only with the dependent variable. Predictors that had a
statistical relationship with the dependent variable with a significance level of p = 0.15
or more were then included in the regression model.

A threshold total score was determined, after which the dependent variable assumes
a value with an empirical probability of developing unwanted development of CVD.
To calculate the threshold score, a regression analysis was initially carried out, in which
the total score of each patient served as a predictor, and the dependent variable
remained the same. By definition, the dependent variable used binary logistic regres-
sion. The equation
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p ¼ 1=1 þ e3:698 � e 0:045

was obtained, where p is the theoretical probability of the presence of AH (dependent
variable), and x is the value of the total score for a particular patient. We calculated
with the help of this equation, the theoretical values of the probability of conjunction
with AH. The scattering diagram, which reflects this dependence (see Fig. 1A).

When calculating the average probability values in the group of patients with the
value of the dependent variable “no” and in the group of patients with the value of the
dependent variable “yes” it turned out, that the diagnosis of AH was noted if the
theoretical probability of its development was in the range from 0.124 to 0.151. The
graph (see Fig. 1B) shows that the lower limit of this range (0.124) corresponds to an
interval of 10 to 40 points. Moreover, the actual frequency of AH is noted at patients
with a total score of 10 or less. It turned out to be equal to 4.93% (about 5%).

Table 4. Statistical relationship of the dependent variable with potential predictors

n Predictor Group I (n = 692) Group II
(n = 209)

P

1 Gender (male 0, female 1) n = 298 (0);
n = 394 (1)

n = 92 (0);
n = 117 (1)

0,148

2 Age, Med (HКв, BКв) 34,5 (20; 42) 32,0 (26; 44) 0,582
3 Smoking (no 0, yes 1) n = 312

(0) n = 380 (1)
n = 17 (0);
n = 192 (1)

0,763

4 Systolic pressure, mm Hg, Med
(HКв, BКв)

118 (90; 140) 151,8 (120; 230) 0,2833

5 BMI, kg/m2, Med (HКв, BКв) 22 (33; 39) 28 (32; 37) 0,099
6 Glucose, mmol/l Med (HКв,

BКв)
5,3 (5,0; 6,0) 6,0 (4,9; 6,8) 0,072

7 Total cholesterol, mmol/L 4,9 ± 0,47 5,26 ± 0,15 0,645
8 HDL, mmol/L 1,365 ± 0,09 1,33 ± 0,085 0,047
9 LDL, mmol/L 3,27 ± 0,12 3,32 ± 0,28 0,051
10 TG, mmol/L 1,35 ± 0,38 1,4 ± 0,3 0,049
11 ApoA-I gr/L 1,785 ± 0,13 1,68 ± 0,15 0,067
12 ApoB gr/L 0,79 ± 0,01 0,82 ± 0,04 0,174
13 TH mmol/L 1,14 ± 0,1 1,39 ± 0,08 0,182
14 Leptin, ng/ml (HКв, BКв) 9,75 (6,7; 15,6) 14,7 (13,8; 16,7) 0,002
15 Adiponectin, lg/ml 8,38 ± 2,21 10,13 ± 3,26 0,020
16 CRP, gr/L, Med (HКв, BКв) 1,74 ± 0,6 1,64 ± 0,6 0,031
17 Insulin 2,97 ± 0,4 7,7 ± 0,7 0,079
18 TSH, mEd/L 1,8 ± 0,08 1,43 ± 0,2 0,161

Note: values are represented as n (%) or mean ± SD/median (IQR).
Abbreviations: BMI – body mass index, LDL and HDL – low and high density lipoproteins, TG
– triglycerides, ApoA – apolipoprotein A, ApoB – apolipoprotein B, TH – thyroid hormone,
CRP – C reactive protein, TSH – thyroid-stimulating hormone.
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The machine learning was carried out using NeuralNetworkTool software package,
which is part of the Matlab R2010b software (Mathworks, USA). The network was
trained according to the Bayesian regularization algorithm, since it gave the smallest
error equal to 0.01. With the input-output method, a hidden layer and an output layer
are created, which is a multilayer neural network. Next, the number of training set, test

Table 5. The fragment of the resulting regression analysis table with the optimal scaling and the
total score of the CVD risk

n Predictor Standardized
coefficients

F Correlations Importance Points

Beta Std. error Zero order Partial Part

1 Gender 9,823E−02 0,047 4,364 0,082 0,106 0,097 0,048 +5
2 BMI 2,298E−02 0,064 0,130 0,132 0,018 0,017 0,018 +2
3 Glucose 8,015E−02 0,049 2,709 0,129 0,084 0,077 0,062 +3
4 HDL 0,0239 0,051 2,209 0,300 0,233 0,219 0,0427 +4
5 LDL 0,111 0,047 0,544 0,144 0,118 0,109 0,015 +2
6 TG 3,514E−02 0,050 0,497 0,084 0,036 0,03 0,018 +2
7 ApoA 3,679E−02 0,063 0,346 0,102 0,030 0,027 0,022 +2
8 TH 0,141 0,051 0,683 0,099 0,014 0,013 0,017 +2
9 Leptin 6,955E−02 0,052 0176 0,014 0,007 0,006 0,006 +1
10 ADP 0,14 0,013 0,005 0,588 0,016 0,012 0,013 +1
11 CRP 0,11 0,0013 0,043 0,088 0,02 0,009 0,011 +1
12 Insulin 0,139 0,048 0,712 0,095 0,009 0,008 0,019 +2

Abbreviations: BMI – body mass index, LDL and HDL – low and high density lipoproteins, TG
– triglycerides, ApoA – apolipoprotein A, TH – thyroid hormone, ADP – adiponectin, CRP – C
reactive protein.

Fig. 1. The theoretical probability presence of AH. A. – the scattering diagram the dependence
of the theoretical probability of the AH on the value total score (sensitivity 0.688, specificity
0.673 range from 0.124 to 0.151); B. – range of theoretical probability risk AH in healthy
individuals with the absence (NO) and presence of this diagnosis (mean value ± error of mean).
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set and test set is selected. The training set contains a set of data that have pre-classified
target and predictor variables. To determine how well the model works with data
outside the training set, a test data set or test set is used. The test set contains data
obtained from the preliminary profile, but they are not used when the data from the test
set passes through the model to the end, when the compared data is compared with the
model results. Using the randomization function X_train, X_test, y_train, y_test =
train_test_split (X, Y, test_size = 0.40, random_state = 42), 2 samples were formed
from the total data array: training (488 people) and test (245 people), which included
data from patients with established the diagnosis of hypertension. Of all the subjects
with hypertension (n = 733), the number of smokers was 144 people, 170 smoked and
quit smoking, 41 non-smokers. As input, 17 of the most important variables were used,
which constituted the input forecast layer model (Table 4, Fig. 2).

Hidden layers were determined empirically: the first layer includes 26 neurons
(positions where multiplication weighting matrix and matrix input data of previous
neurons), output layer consisted of 1 neuron, which corresponded with AH.

Training and optimization of the machine learning were carried out according to the
Bayesian regularization algorithm, since it gave the smallest error equal to 0.01. Neural
network testing was carried out on indicators of 288 people not included in the training
sample, 144 of which were with the presence of hypertension, the rest without the
presence of hypertension. The neural network predicts the presence of hypertension in
young people at a given time with an accuracy of 76.06%, which is a satisfactory result.
Since office blood pressure measurement can’t determine availability disguised
hypertension common in this cohort and in general population the probability of a
correct assessment by a doctor is approximately 70% [20]. The change in the accuracy
of the machine learning in the process of training and testing is presented in Fig. 3. The
sample size for the machine learning was 66.6% of all subjects with hypertension.
Training and optimization was carried out in 1000 eras, the volume of data submitted at
a time amounted to 32 units. As a result of testing using the Bayesian regularization
algorithm, the prognostic accuracy reached 97.9%, and the loss value was in the range
10−7–10−8 (Fig. 3). During testing, the accuracy of the network decreased to 95.5%.

Fig. 2. Neural network model.
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4 Discussion

In 2012, the Ministry of Health of the Russian Federation initiated a multicenter
observational study “Epidemiology of cardiovascular diseases in various regions of the
Russian Federation (ESSE-RF)” to study the “traditional” and “new” risk factors CVD
for implement preventive programs [22]. About 20 000 participants were included in
the research: representative samples from the unorganized male and female population
aged 20–64 years from 13 regions of the Russian Federation, including Primorsky Krai,
in which Pacific State Medical University took part [23]. The results of this study will
provide objective information on the prevalence of major CVDs in the population and
predict the health of Russians. In the present study, we evaluated the significance of the
atherogenic index’s blood spectrum and also revealed the degree correlation between
their and AH. Depending on the gender and age of the examined persons, the most
significant markers for diagnosing of AH were determined. As a result, it was found
that in young men of the age group of 20–30 years, the AIP can be considered as a risk
factor combined with AH. A statistically significant index of correlation is determined
between LDL, AIP and AH for the age group of 31–40 years and for the age group of
41 and more years total cholesterol (F = 0.04), LDL (F = 0.04) and AIP (F = 0,05). In
young women, no indicator of the lipoprotein blood spectrum correlated with the
existence of AH. Probably, additional extended studies of this group of persons are
needed. Whereas, in the age group of 31–40 years, as well as for men, LDL, AIP can
serve as marker conjunction with the AH. Also, a statistically significant correlation

Fig. 3. Testing of neural network in the learning process.
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between the indicators of total cholesterol (F = 0.03), LDL (F = 0.03), AIP (F = 0.02)
and AH for the age group of women 41 years and more is proved.

Thus, as markers for diagnosing the risk of CVD, in our opinion, it is possible to
use the following indicators, according to their degree of significance: AIP, LDL, and
total cholesterol. Moreover, even though when calculating the AIP, the values of total
cholesterol and HDL were used and the latter does not correlate with the presence of
AH, this indicator, is of fundamental importance concerning the serum level of
cholesterol. Similar data on the selective diagnostic significance of individual indica-
tors lipoprotein spectrum to assess the risk of developing CVD were also obtained by
other researchers [24, 25].

During our further work, by constructing a regression model of risk, in which
additional parameters, such as the high-density lipoprotein cholesterol level, the body
mass index, the adiponectin content and another we can make individual characteristics
of the specific patients to improve the accuracy of predictions [26]. These functions are
multivariate algorithms that combine the information in CVD risk factors such as sex,
age, systolic blood pressure, total cholesterol, high-density lipoprotein cholesterol, and
smoking behavior to estimate risk developing CVD over a fixed time [27, 28].

5 Conclusion

Taking into attention about of the content certain substances norms in the body are the
average values characteristic for the majority of healthy people, their correction is
necessary for each case. So, patients suffering from diabetes, obesity and other diseases
that usually accompany the change in lipid metabolism, are recommended to maintain
the level of total cholesterol at the lowest level for the prevention of CVD, while for
healthy people, these values may be slightly increased. Besides, when evaluating
research data, not only the figures obtained for different indicators are important, but
also their ratio among themselves. The conditional norm of the total cholesterol content
is 2.97–8.79 mmol/L (for middle-aged people - up to 5.2 mmol/L) stays in a rather
wide range. So, for individuals younger than 40 years, this indicator should be con-
sidered in conjunction with other factors, namely age, sex, smoking status and the
values of systolic pressure. Such an approach from the position of multifactorial
analysis allows diagnosing the state of lipid metabolism in healthy individuals more
accurately, considering an objective assessment of the developing CVD risk for earlier
treatment of lipid-regulating therapy.

The value of the coefficient for assessing the overall risk of developing CVD
specific for the Russian population, allows us to estimate also the relative risk
(RR) since it establishes a monotonous numerical scale, low values of which indicate
low relative risk values, and high scales indicate a high relative risk. The advantage of
the study is the consideration of a set of anthropometric data, the results of laboratory
tests and other important predictors of CVD development. Thus, the machine learning
in combination with extended phenotyping increases the accuracy of predicting car-
diovascular events in the population of subjects with the presence of such develop-
mental RF as hypertension. The developed approaches allow us to approach a more
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accurate understanding of the markers of subclinical diseases without a priori
assumptions about the causality of their occurrence.
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