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Purpose: Despite much attention within the literature, the multiple risk factors associated with CVD mortality in Russia are still not 
fully understood. Drawing on the Health Belief Model as a theoretical framework, we aim to elicit socioeconomic and behavioral 
determinants of cardiovascular risks in Russian men and women.
Methods: Using the Know Your Heart project data, we utilize regression analysis and then structural equation modeling (latent class 
analysis and mediation analysis) to study the determinants of CVD risks.
Results: OLS and ordered logit regressions show that the key factors defining cardiovascular health behaviors in Russia are health- 
related actions to reduce the perceived threat of diseases (physical activity and GP visits), perceived barriers to behavioral change 
(financial constraints), and cues to action (awareness of the federal health check-up program). The latent class analysis further identifies 
three distinct groups of the population with different CVD risk levels. Over one-third of respondents belong to the “high CVD risk” class 
characterized by the highest share of smokers and alcohol abusers who evade contact with primary care and face financial constraints. In 
the mediation analysis, we find that employment mediates the relationship between physical activity and CVD risks: physically active 
individuals have a greater chance of employment, and employment further mitigates CVD risks. We also find an indication of the 
selection of the healthy into employment in the causal relationship between GP visits, having a job, and CVD risks.
Conclusion: A corresponding set of policy actions stem from these findings. These include reinforcing the change of perceptions of 
CVD risks and lowering barriers to health care; raising awareness of the free preventive check-up program in the “high CVD risk” 
group; making sports and exercise accessible to the elderly; and using off-putting labels on alcohol products as behavioral nudges 
among “physically active but drinking” males.
Keywords: Health Belief Model, cardiovascular risks, health behaviors, structural equation modeling, Russia

Introduction
Cardiovascular mortality remains the leading cause of death in Russia.1 Mortality from cardiovascular diseases (CVD) is 
exceptionally high compared to the European average (55.7% vs 46%).2 This means that in Russia, every hour, seven 
people die of myocardial infarction,3 and every third fifteen-year-old boy will only live to the age of 60.4

Several large-scale cohort studies were carried out in Russia in the last four decades. Examples are international 
projects such as the Monitoring trends and determinants in cardiovascular disease (MONICA) WHO Study in 
Novosibirsk (1984–1995),5 the Health, Alcohol and Psychosocial factors In Eastern Europe (HAPIEE) study in 
Eastern Europe (2002–2008),6 the Know Your Heart Project (2015–2018),7 and the Epidemiology of CVDs and Their 
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Risk Factors in the Russian Regions (ESSE-RF) study in Russian regions (2012–2017).8 However, despite continuous 
research efforts, the multiple risk factors of CVD mortality in Russia are still not fully understood.

Across projects and datasets, the consensus concerning the vital role of socioeconomic and behavioral characteristics 
for cardiovascular risks has been reached. Educational inequalities,5,9 financial hardship,10 and material deprivation11,12 

were shown to explain the temporal changes and differences between subgroups of the population. Research into 
behavioral determinants and lifestyle factors of CVD risks yielded results similar to other countries, putting smoking, 
diet,13 physical activity,14 alcohol,1 untreated hypertension,15 and primary care visits16 at the center of the debate. 
A scoping review of phycological and social CVD risk factors in Russia added marital status and occupation to the 
important determinants of CVD health.17 However, with few exceptions,1 the methods employed were limited to 
regression analysis and bivariate associations. Additionally, to our knowledge, only a handful of studies adopted 
a theoretical framework to analyze health beliefs and their relationship to cardiovascular health. These were the health 
locus of control18 and the social causation (not a study on Russia)19 models.

Russian cardiovascular morbidity and mortality landscape is largely comparable to other leading emerging markets.20 

Among the plausible solutions to resolve the cardiovascular challenge is introduction of the “best buy” concept by the 
World Health Organization (WHO) to scale up the core intervention package against non-communicable chronic diseases 
(NCDs) targeted for low- and middle-income (LMIC) countries.21 It should substantially affect the entire health spending 
dynamics as we approach 2030.22,23

Our paper aims to analyze multiple socioeconomic and behavioral cardiovascular risk factors of the Russian 
population and the links between them. Based on these factors, we also aim to elicit different (latent) classes of 
respondents with different CVD risk levels among the Russian population and formulate policy recommendations on 
mitigating the risks.

We believe that until recently a comprehensive analysis of the multiple cardiovascular risk factors and the causal 
mechanisms between them remained difficult for a number of reasons. First, exploring a set of socioeconomic, 
behavioral, and lifestyle CVD risk factors in a single econometric model implied potential multicollinearity between 
the covariates in the proposed equation. Second, it was problematic, if not impossible, to employ a single estimation 
method that would encompass a wide array of models linked together by a single study objective. Third, the computa-
tional method that accounted for paths and causal links between various risk factors was not readily available. In this 
study, we overcome these difficulties by a) employing a theoretical framework called the Health Belief Model (HBM); 
and b) adopting a structural equation modeling (SEM) approach to elicit the socioeconomic and behavioral cardiovas-
cular risk factors and the causal paths between them. By adopting the SEM framework and employing the notion of latent 
variables, we are able to conduct latent class analysis to determine population classes with different CVD risk levels. We 
are also able to apply the mediation analysis to estimate the effect of employment status and financial constraints on 
health behaviors. These types of analysis go beyond the regression and ANOVA methodologies common for studies on 
CVD risks.

We put forward the following three empirically testable hypotheses for this study:

Hypothesis 1. The link between cardiovascular risks and socioeconomic and behavioral characteristics in Russia can be 
better understood through estimating the components of the Health Belief Model. These components are: “perceived 
threat”, “perceived barriers” and “cues to action”.

Hypothesis 2. There are distinct subgroups of low, moderate, and high levels of CVD risk that can be predicted by a set 
of socioeconomic and behavioral risk factors. These behavioral factors correspond to the perceived threat of cardiovas-
cular diseases and the triggers for change in health behaviors (“cues to action”).

Hypothesis 3. There are underlying causal mechanisms between different components of the Health Belief Model. One 
such causal pathway is between a) employment status and/or b) financial status, lifestyle factors, and CVD risk level in 
Russia.
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Materials and Methods
Research Design
This is a cross-sectional study that employs regression analysis and structural equation modeling approach for latent class 
and mediation analysis. As such, no causality in the regression models can be assumed. However, mediation analysis, 
which is part of SEM, is causal by design24 and allows to test causality in Hypothesis 3.

The Health Belief Model
Our testable hypotheses 1–3 are based on the Health Belief Model. We describe the model and our adaptation in this 
section of the study.

Since its development in the 1950s by a group of American psychologists from the US Public Health Service,25 the 
HBM became the most widely used theory to interpret health behaviors. The model was an attempt to understand the 
failure of the population to accept disease preventive measures for asymptomatic diseases.26 The model posits that the 
change in health behaviors can be explained by considering the various components or constructs. Originally the models 
contained the following elements:

(a) the individual subjective state of readiness to take a health-related action defined by “perceived susceptibility” to 
a particular illness and its “perceived severity” (jointly representing “perceived threat”);

(b) individual evaluation of the feasibility and efficaciousness of the proposed behavioral change and weighting 
“perceived benefits” against “the perceived barriers” (financial, physical, or psychological);

(c) “cues to action” that must occur to trigger the behavioral change.27

Later, the self-efficacy component28 was added to the model as the individual perception of the competence in order to 
perform the behavioral change successfully.

We believe that the HBM offers an appropriate framework for classifying, analyzing, and eliciting the various 
socioeconomic and behavioral determinants of cardiovascular risks in Russia. These determinants define behaviors that 
individuals take toward their cardiovascular health. Historically, the perceptions, beliefs, and actions, which make up the 
HBM, have been demonstrated to be alterable,29 thus making the model applicable to different settings. For our setting, 
with a focus on CVD risks, we make several alterations.

First, we internalize the cues to action and make them direct causes of health action. As we demonstrate below, we do 
this because the data we use in the study presents a patient’s reflection of the received cues to action. We also have data 
on the individual awareness of the preventive check-up program offered free of charge to the Russian population in the 
public healthcare sector (called “dispanserisation”),30 which could be a potential trigger for taking part in the check-ups. 
Second, as prior research demonstrated, in the context of CVD, the same set of predictors characterizes the models for the 
perceived threat and benefits components. For example, a dummy for being on a diet can indicate either an additional 
benefit from behavioral change to mitigate CVD risk or might reflect a response to the perceived threat to cardiovascular 
health.31 Realizing this, we decided not to model the “perceived benefits” component. Third, although we estimated the 
self-efficacy component, we did not find a statistically significant association between self-efficacy and CVD risks, so 
this model dimension is not discussed in this study. Figure 1 depicts our adaptation of the HBM.

Prior research has shown that the individual-level constructs drawn from the HBM are among the most reliable 
determinants of various health behaviors (see, for example),32,33 and can be associated with latent groups with distinct 
differences in health behaviors. Following this stream of research, we posit that such groups may exist among the 
population who are exposed to cardiovascular risks.

The HBM is also a starting point for thinking about the causal mechanism and complex paths between various 
determinants of cardiovascular risks. While the cross-sectional regressions are not causal, causal relationships and their 
interpretations are part of SEM. Noar & Zimmerman27 point out that relationships between various model constructs in 
HBM and causal mechanisms between the variables defining constructs have been tested using a structural equation 
modeling (SEM) approach (see, for example, Kim34 for the analysis of college students’ health behavior). In this spirit, 
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this study also employs the SEM approach to analyze the causal relationship between employment status influencing 
health behaviors and health behaviors affecting employment status via the mediation analysis.

Data
This study utilizes the data from the “Know Your Heart Project” (KHY), an international project on cardiovascular 
disease in Russia.7 The project collected demographic, socioeconomic, and CVD risk factors in two Russian cities – 
Novosibirsk and Arkhangelsk – between 2015–2018 from 4504 men and women void of any self-reported history of 
CVD (myocardial infarction, atrial fibrillation, angina, stroke, and heart failure). The original sample size was determined 
based on the statistical power needed to compare KHY with other CVD health studies (primarily with Tromsó 7 study 
from Norway) and to investigate statistical associations of interest within the KHY database. The cities were chosen 
because they had previous experience of conducting large epidemiological surveys.7 Within each city, four districts were 
chosen not randomly but purposefully to represent a range of socio-demographic and mortality levels in each city. Then 
a random sample of addresses where a person aged 35–69 years lived were taken from the population list. The sample 
was stratified by age, sex, and district. In addition to answering questions from the questionnaire, participants were 
invited to a health check at a polyclinic for detailed measurement of cardiovascular phenotype. All participants provided 
a blood sample, and a subset of participants provided urine and faecal samples. As we are utilizing a Systematic 
Coronary Risk Evaluation (SCORE) methodology that only applies to individuals over the age of 40, the KHY sample is 
reduced to 2752 respondents.

Table S1 presents descriptive statistics for the variables used in the empirical analysis. As expected for this age group, 
the sample is majority (57%) female and married (70%). Despite the fact that 64% are in regular employment, many 
Russians remain financially constrained, and, in these data, 18% of the sample cannot afford food or clothing, and 12% 
report having had a major financial crisis in the last six months.

Perceived benefits 
(opposite of perceived 

threat) 

Lower 
cardiovascular risks 

Cues to action

Change in health 
behaviors

Self-efficacy

Perceived barriers

Perceived threat 
(perceived 

susceptibility and 
severity)

Socioeconomic and 
demographic 
characteristics (age, 
gender, education, 
marital status, 
employment, 
financial constraints, 
etc.)

Lifestyle and 
behavioral 
characteristics (diet, 
exercise, check-ups, 
disability, GP visits, 
alcohol, smoking)

Predictors of 
engagement in 
health behaviors 

Figure 1 Health Behavior Model for understanding of socioeconomic and behavioral determinants of cardiovascular risks in Russia. 
Notes: the following adaptations were made to the original HBM model: 1) cues to actions were internalized; 2) same set of predictors characterized perceived benefits and 
threats; 3) self-efficacy component was not discussed in the study.
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Twenty-six percent of the sample smokes; 2.7% drink alcohol every day or almost every day. Concerning healthcare 
utilization, the average number of visits to general practitioners over the last year is 1.1 with a maximum value of 5, to 
cardiologists in an outpatient clinic — 0.2 (maximum 5), in a hospital — 0.06 (5). About 8% of respondents complain of 
pain limiting their work activity. Noteworthy is the high proportion of respondents who reported vigorous physical 
activity that caused perspiration or faster heartbeat (47%). 80% of the respondents are aware of the preventive check-up 
program.

Calculation of the 10-Year CVD Risk Scores
We apply the SCORE methodology to calculate a CVD risk score, the primary variable of interest in this study. SCORE 
calculates the 10-year risk of a fatal CVD event.35 The methodology is based on the risk charts for 12 European 
countries, including Russia, and the risk functions estimated as Weibull proportional hazard models.36 Sex, age, a dummy 
for smoking, systolic blood pressure, and cholesterol level are used to calculate risk scores. The detailed methodology, 
along with the coefficients for the survival probability functions and weights for different risk factors, is presented in 
Conroy et al (2003). The Stata code for calculation of the 10-year CVD risk SCOREs was kindly shared by Dr. Jakob 
Petersen (QMUL).35

We create two variables for our analysis. Risk10 is an index from 0 to 100%. It estimates the 10-year probability of 
dying from a fatal cardiovascular disease. We can then divide Risk10 into three risk groups: high (5+%), moderate (1– 
4.9%), and low risk (<1%)37 and create a categorical variable h_cvdrisk with three categories (1=low; 2=moderate; 
3=high risk) corresponding to the three risk groups. Figure 2 presents histograms for the distributions of the dependent 
variables.

Regression Analysis
To model CVD risks, we run two types of econometric models. The first type of model is the cross-sectional ordinary 
least squares (OLS) model for risk10 as a dependent variable.

The second type of model exploits the categorical nature of the data. Our observed variable h_cvdrisk has three 
categories, M=1…3. The ordered logit model can be written as:

where kj are the threshold between the categories, j=1,2,38 and β is the vector of coefficients to be estimated.

Figure 2 Histograms of the dependent variables in the regression analysis ((A)=risk10, (B)=h_cvdrisk).
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The model is based on the proportional odds assumption that the relationship between each pair of categories is the 
same. Although a few variables in our dataset fail the Brant test,38 we estimate the ordered logit as a more parsimonious 
model than the generalized ordered logit regression.

For each of the three dimensions of the HBM (perceived threat, perceived barriers, and cues to action), we build OLS 
and ordered logit models. Modeling dimensions separately allows mitigating multicollinearity between different covari-
ates of CVD risks and finding statistically significant associations between factors that characterize different components 
and CVD risks. Recognizing long-standing differences in health behaviors and cardiovascular mortality and morbidity 
among men and women in Russia,7,12,39 we estimate separate specifications for each sex.

Structural Equation Modeling Approach
Beyond the regression analysis, the study adopts the structural equation modeling approach. SEM is a class of 
methodologies that “seek to represent hypotheses regarding the means, the variances, and covariances of observed 
data in terms of a smaller number of ‘structural parameters’ defined by a hypothesized underlying conceptual or 
theoretical model”.40

SEM is a very powerful multivariate technique. It has advantages beyond the traditional regression and ANOVA 
analyses – it can test models with multiple dependent variables, model mediating variables, and handle difficult data 
(multi-level, non-normal, etc.). In addition, SEM has an attractive graphical interface that can visualize and estimate 
different paths between independent and dependent variables.

What makes SEM unique is using unobserved latent variables. SEM gives researchers a way to represent theories as 
models using latent variables that are not directly measured. This is easy to do and is a major benefit of SEM because 
many key constructs in the behavioral sciences simply cannot be directly observed and measured.41

A great computational advantage of SEM is that calculation of all parameters and statistical tests occur simulta-
neously, where the errors throughout the model are calculated using all information from the model. This means the 
errors are more accurate than if we were to estimate each part of the model separately.

In this research, we utilize the advantages of the SEM framework by employing latent variables for latent class 
analysis and building a set of mediation models. Therefore, the main advantage of the SEM approach for this research is 
twofold: a) it can fit any type of response for different paths between CVD risk factors and is computationally advanced; 
but more importantly, b) it provides the opportunity to unify two independent types of analysis under a single empirical 
framework and relate their results to one another. The latter is essential for developing a corresponding set of policy 
actions for mitigating CVD risks.

Latent Class Analysis
Latent class analysis (LCA) is part of the structural equation modeling framework in this study. It aims to identify shared 
characteristics of the population’s health behaviors related to cardiovascular risks. We use the LCA to identify lifestyle 
classes as “healthy” or “unhealthy” and associate them with higher or lower CVD risk scores. Identifying the clustered 
patterns of modifiable behavioral characteristics allows targeting preventive interventions and formulating policy 
recommendations for reducing CVD risk in the Russian population.

LCA assumes that the studied population is heterogeneous and can be divided into subgroups (or latent classes) of 
individuals. There are two principal types of variables: the indicator variables and the latent class variables. While the 
latent class variables are not directly observed, the observed indicator variables are presumed to be influenced by the 
latent class variables.42 Two types of variables correspond to the two types of models: the measurement and structural 
models. The measurement model specifies the latent class and distributions of the indicator variables specific to this class. 
The structural model defines the relationship between predictors and latent class variables and provides information on 
the distribution of classes within the studied population.42 Another variable that can be added to the analysis is the 
predictor of class membership.43

The central assumption of the analysis is that the relationship between the observed indicator variables is “explained” 
by the latent variable and that, given the class membership, these variables are locally (or conditionally) independent.42 

The assumption implies that the latent class membership explains all the associations between the indicator variables.
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In the basic form of the model, we assume that we have three binary indicators Y1Y2 and Y3, and one latent variable 
C with two classes (С = 1, С = 2). The parameters in the latent class analysis are the intercepts α in the logistic model that 
are allowed to vary between classes.44,45

Estimated intercepts for the first class are:44

And for the second class are:

LCA also estimates the probabilities of belonging to each class using the multinomial logistic regression:

where γk (k=1,2) are intercepts in the multinomial logit model. The analysis assumes that the first class is the 
reference, so γ1 =0.

LCA is estimated via maximum likelihood (MLE) and expectation-maximization (EM) algorithm.46,47 The model has 
to be identified; otherwise, the algorithm fails to converge.

A “good” or high-quality latent class analysis results in: a) class homogeneity; and b) class separation. When 
endorsement of one of the items (variables) epitomizes members in at least one of the classes, the item-class relationship 
is considered to be homogeneous. Class separation means that an estimated class-specific probability is low for one class 
and high for another class. Class proportions can be used to assign meanings to classes with the “typical class” having 
a marginal probability of over 50% in a population and “atypical” or “rare” having a marginal probability around or 
below 10%.

In LCA, it is often arduous to decide on the number of classes. Typically, the analysis starts with one or two classes, 
and then the number of classes increases until the model stops converging. At this point, Akaike Information Criterion 
(AIC) and Bayesian Information Criterion (BIC) are applied to test for the relative fit of the models with K classes and 
K-1 classes. The model with the smallest AIC and BIC is preferred.

The indicator variables for the measurement model are the behavioral characteristics that are shown to have 
significant associations with CVD risk scores in the HBM regressions. Per the LCA’s requirements, the count variable 
gpvis is re-coded into the binary format (see Table S1 for details). To better match the latent classes to CVD risks, we 
also include smoking status. Demographic and socioeconomic covariates that have statistically significant associations 
with the CVD risks in the econometric models are added to the model as class predictors.
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Although an attractive framework for analysis, LCA is not causal by design, and the association between covariates 
and latent class membership cannot be interpreted as one causing another. Also, the links and possible effects between the 
indicators and predictors of class are not estimated in LCA. However, such effects are essential for understanding the 
paths between healthy and unhealthy behaviors and socioeconomic status for different CVD risk groups. This said, we 
turn to the mediation analysis in SEM to disentangle the complex relationship between these indicators and predictors of 
class. Of particular interest are the financial constraints and employment status.

Mediation Analysis
The mediation analysis aims to check whether a variable M influences the direction or strength of the relationship 
between the dependent variable Y and the independent variable X (Figure 3).

To test mediation, three equations that are related to the paths a, b, and c have to be estimated.24

Regressing the mediator on the independent variable:

Regressing the dependent variable (Y) on X:

Regressing the dependent variable on both the independent variable and the mediator:

The amount of mediation is termed the indirect effect. It is equal to a*b. The effect of the independent variable X on 
Y is called the direct effect and is equal to c. The total effect has the following formula:

Mediation is established if three conditions hold: 1) variations in X significantly account for the variations in the 
presumed mediator M in the first equation (a is significant); 2) variations in M significantly account for the variations in 
Y (b is significant); and 3) the independent variable X affects the dependent variable Y in equation (11) (c’ is 
significant).24 The mediator is presumed to affect the outcome but not vice versa. Perfect mediation occurs when c is 
zero: the independent variable X has no effect on Y when the mediator is controlled.

Previously the Sobel test48 was applied to test the indirect effect’s significance. However, the causal step approach of 
Baron and Kenny24 and the Sobel test were lately replaced by methods for testing mediation that are statistically superior 
and make fewer assumptions of the data. Bootstrapping, a non-parametric method of resampling with replacement, has 
become a standard approach to estimate the standard errors (SEs) and the confidence intervals (CIs) for the indirect 
effect.49,50

Figure 3 A three-variable model with the mediator M.
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The introduction of new methods for testing mediation and the possibility to compute direct, indirect, and total effects 
altered the causal step approach. It is now legitimate to claim mediation even if the total effect (c’) is not significant. 
Zhao et al51 introduced a decision tree for establishing the type of mediation that we follow in the analysis (Figure 4).

We hypothesize (Hypothesis 3) that the relationships between the CVD risks and behavioral indicators of class member-
ship are mediated by employment status or financial constraints. Vice versa, we employ the mediation analysis to test whether 
behavioral characteristics can be mediators in the relationship between employment status, financial constraints, and CVD 
risks. Mediation analysis is a causal framework52 and allows for quantifying the effects of these complex relationships that will 
form the basis for policy recommendations for mitigating CVD risks. However, the assumptions for causal inference are quite 
strong, ie, no omitted variables, no measurement errors, no reverse causality, and no interaction effects.53

Results
Regression Models
Regression models (1–12) are cross-sectional and say little about causality. Instead, we interpret these results in terms of 
identifying statistically significant associations between the explanatory variables and CVD risks.

Table 1 presents the regression analysis results for the “perceived threat” component. The base covariates for all 
models are age, education, and marital status.

We include the following regressors in the perceived susceptibility component of the HBM to model CVD risks: self- 
reported health (SRH), physical activity, and alcohol consumption. Those who report poor SRH perceive themselves as 
more susceptible to developing CVDs than those who report good SRH. Individuals engaging in health risk behaviors 
(alcohol abuse) likely perceive the risk of CVD as low. Health-conscious individuals may perceive the physical activity 
as a prevention measure against cardiovascular morbidity.

HBM proposes that individuals who perceive a health problem as severe are more likely to engage in preventive 
behaviors.26 Therefore, multimorbidity, the number of visits to a general practitioner (GP), visits to the cardiologist in 
inpatient and outpatient care, and hospitalizations are included to predict “perceived severity”. Individuals are likely to 
try to reduce the severity of the problem. Thus, a reported opinion of the need to reduce alcohol intake can also be 
associated with the perceived severity.

We find that age is associated with increased CVD risk scores, and the negative effect is greater for males than for 
females. We also find evidence for males’ education gradient in health.54 The CVD risk score is higher by 3.47 pp for the 
respondents not attaining secondary and tertiary education. Single females have a greater CVD risk score with a marginal 
effect of 0.429, while marital status has no association with CVD risks for males.

Turning to the perceived threat characteristics, we note that reporting poor SRH is associated with increased 
cardiovascular risks for males in the OLS model (2) and for both sexes in the ordered logit models (3–4). Seeking 

Is a*b 
significant?

Yes
Is c significant? 

Yes

Is a*b*c positive? 

Yes 

Complementary (Mediation)

No 

Competitive (Mediation) 

No Indirect -only (Mediation)

No
Is c significant?

Yes 
Direct -only 

(Non-Mediation)

No
No-effect 

(Non-Mediation)

Figure 4 Decision tree for establishing and understanding types of mediation and nonmediation (adapted by author from Zhao et al, 2010).
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care from a GP is associated with a decrease in the likelihood of fatal CVD disease in the next ten years for both men and 
women, but the risk reduction of a GP visit is three times greater for men (−0.368 vs −0.111). The visits to a cardiologist 
are associated with decreased CVD risk scores for females but not males. Similarly, multimorbidity has a statistically 
significant association with the CVD risk score for females only (βchron=0.073).

The models confirm the negative association of alcohol consumption and Russian men’s cardiovascular health. 
Drinking daily or almost daily is associated with an increase in CVD risks compared to the risk of abstainers. The 
negative association between alcohol and CVD risks for females is weaker; significant associations between the dummy 
for weekly consumption and risks in models (1–2) are not confirmed in the ordered logit specifications (3–4). Models (3) 
and (4) reveal statistically significant associations between physical activity in males and the risk category measured by 
odds ratios (OR=0.56). Also, for the respondents who feel they need to cut down on drinking, the odds of moving into 
a higher CVD risk category are 1.66 times greater than for those who do not feel that way.

Table 2 presents the model for “perceived barriers.” Financial constraints related to low income and lack of stable 
employment earnings can become significant obstacles to seeking medical care, even in the public sector (eg, transporta-
tion costs). Therefore, we use the employment status, financial difficulties, and the dummy variable for facing a major 
financial crisis to model financial barriers.

Perceived barriers can also be of a non-financial type. A significant barrier included in our model is disability, which 
results in an inability to get to a clinic or hospital without someone’s help, or aggravates the treatment of the CVD 
disease in the presence of an underlying chronic condition.

Table 1 OLS and Ordered Logit Regressions for CVD Risk Scores and Their Determinants in the “Perceived Threat” 
Component

Variables (1-OLS) (2-OLS) (3- Ordered Logit) (4- Ordered Logit)
Risk10 Risk10 h_cvdrisk h_cvdrisk
COEFF Females COEFF Males OR Females OR Males

Age 0.223 (0.009)*** 0.599 (0.030)*** 1.669 (0.041)*** 1.505 (0.036)***
Incomplete secondary 0.465 (0.442) 3.470 (1.706)** 1.350 (0.731) 2.654 (2.295)

Secondary 0.047 (0.182) 0.749 (0.586) 1.807 (0.576)* 1.699 (0.458)**

Vocational 0.086 (0.101) 0.262 (0.370) 1.555 (0.301)** 1.519 (0.294)**
Divorced 0.145 (0.137) −0.193 (0.521) 1.516 (0.360)* 1.583 (0.490)

Widowed −0.142 (0.200) 1.040 (1.476) 0.538 (0.146)** 0.626 (0.329)

Single 0.429 (0.226)* 0.644 (0.670) 1.197 (0.340) 0.989 (0.407)
Poor SRH 0.132 (0.096) 0.683 (0.407)* 1.856 (0.337)*** 1.495 (0.292)**

Physically active 0.118 (0.107) −0.143 (0.379) 1.007 (0.179) 0.557 (0.103)***

Drinks everyday 0.383 (0.750) 1.362 (0.602)** 1.861 (1.635) 1.976 (0.768)*
1–3 times a month 0.083 (0.123) 0.536 (0.453) 1.063 (0.204) 1.262 (0.314)

1–4 times a week 0.264 (0.132)** 1.310 (0.504)*** 1.421 (0.457) 1.262 (0.314)

GP visits −0.111 (0.034)*** −0.368 (0.159)** 0.812 (0.048)*** 0.750 (0.057)***
Cardiologist (inpatient) −0.142 (0.072)** −0.034 (0.404) 1.008 (0.141) 0.837 (0.169)

Cardiologist (outpatient) −0.063 (0.293) 0.123 (0.524) 0.903 (0.463) 0.756 (0.188)

Hospitalizations 0.063 (0.121) −0.382 (0.353) 1.109 (0.212) 1.224 (0.218)
Cut down on drinking 0.088 (0.130) −0.087 (0.389) 1.223 (0.378) 1.658 (0.345)**

Chronic conditions 0.073 (0.040)* −0.158 (0.154) 1.062 (0.072) 1.112 (0.089)

/cut1 28.203 (1.338) 17.796 (1.151)
/cut2 34.873 (1.624) 23.425 (1.379)

Constant −10.393 (0.517)*** −26.787 (1.549)***

Observations 1231 925 1231 925

R-squared 0.554 0.491 0.631 0.517

Note: Robust standard errors in parentheses; ***p<0.01, **p<0.05, *p<0.1. Specifications (1) and (2) are OLS models with betas equal to marginal effects.
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Various dimensions of the financial barriers have a negative association with the cardiovascular health of the Russian 
population. Loss of wages due to retirement is seen as a barrier to medical care by Russian females (βretr=0.450). Also, 
for females, moving from the most affluent income group to the group with moderate financial constraints increases the 
odds of a higher CVD risk group by a factor of 2 (Model 7). There is a statistically significant negative association 
between a major financial crisis dummy and the CVD risk group for Russian men (OR=1.65).

We find a non-trivial relationship between the disability and the CVD risk group among females (Model 7): females 
with disabilities are less likely to belong to the moderate or high-risk groups. This is likely a result of greater involvement 
of the disabled women with the health care sector that mitigates the risk of a fatal CVD disease, but the discussion of this 
effect is beyond the scope of the study.

The cues to action can be internal or external. Pain is one of the internal cues; it requires medical attention. The 
information from the healthcare providers represents external cues in our model. These consist of doctors’ advice to change 
diet and to take up sports or exercise. Another variable that falls into the external cues category is the person’s awareness of 
the check-up program. We posit that the knowledge of this prevention program might trigger individual participation in it.

Table 3 presents the four specifications for the “Cues to action” component of the HBM.
Among the cues to action, only the awareness of the check-up program has a statistically significant association with 

cardiovascular health. For females (males) who are aware of the program, the odds of moderate CVD risks and high 
CVD risks are 56% (36%) lower than for females (males) unaware of this prevention program.

The explanatory power for the models (1–12) ranges from 0.46 to 0.63, confirming that the specifications explain the 
dependent variables well. Correlation matrices for the model do not reveal any correlations above 0.65.

The regression analysis presented above confirms Hypothesis 1. Specifically, it elicited socioeconomic and behavioral 
associations between CVD risks and the variables proxying for “perceived threat”, “perceived barriers” and “cues to 
action” – the key components of the HBM. We now move on to test Hypothesis 2.

Table 2 OLS and Ordered Logit Regressions for CVD Risk Scores and Their Determinants in the “Perceived 
Barriers” Component

Variables (5-OLS) (6-OLS) (7-Ordered Logit) (8- Ordered Logit)
Risk10 Risk10 h_cvdrisk h_cvdrisk
COEFF Females COEFF Males OR Females OR Males

Age 0.213 (0.009)*** 0.551 (0.026)*** 1.584 (0.032)*** 1.453 (0.028)***
Incomplete secondary 1.047 (0.447)** 3.710 (1.475)** 2.713 (1.367)** 2.002 (1.221)

Secondary 0.115 (0.155) 0.682 (0.499) 2.255 (0.617)*** 1.650 (0.379)**

Vocational 0.172 (0.091)* 0.378 (0.331) 1.729 (0.285)*** 1.767 (0.301)***
Divorced 0.066 (0.126) −0.460 (0.462) 1.142 (0.244) 1.448 (0.400)

Widowed −0.279 (0.175) 1.314 (1.490) 0.593 (0.135)** 0.408 (0.223)

Single 0.347 (0.190)* 0.381 (0.578) 1.130 (0.267) 1.025 (0.354)
Disabled −0.351 (0.240) −1.040 (0.819) 0.597 (0.183)* 0.708 (0.285)

Financial crisis 0.036 (0.133) 0.873 (0.618) 1.381 (0.323) 1.654 (0.459)*

Retired 0.450 (0.143)*** 0.905 (0.568) 1.479 (0.275)** 0.877 (0.221)
Other 0.275 (0.131)** −0.301 (0.343) 0.881 (0.390) 0.866 (0.252)

Major constraints 0.233 (0.212) −0.277 (0.929) 1.968* (0.799) 1.364 (0.507)

Moderate 0.195 (0.159) −0.933 (0.702) 2.096 (0.768)** 0.956 (0.272)
/cut1 26.026 (1.180) 16.368 (0.992)

/cut2 32.135 (1.379) 21.445 (1.097)

Constant −10.065 (0.471)*** −23.491 (1.280)***

Observations 1529 1124 1529 1124

R-squared 0.555 0.474 0.584 0.480

Note: Robust standard errors in parentheses; ***p<0.01, **p<0.05, *p<0.1.
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Latent Class Analysis: Defining Lifestyle Patterns Among Different CVD Risk Groups
LCA suggested that the three-class model provided a good fit to the data resulting in a better relative fit than the two-class 
model with the lower AIC and BIC (Table S2). The four-class model did not converge. 55% of the individuals belong to 
Class 1, 10% are in Class 2, and 35% are in Class 3 (Table S3).

Table 4 reports probabilities of responding positively to each question in the form of the marginal means of the 
indicator variables. They are visualized in Figure S1 to provide each class’s graphical interpretations (or profiles).

All socioeconomic and demographic predictors of class predictors are statistically significant except for the financial 
constraints dummy for Class 2 (Table 5; see Table S4 for the full model).

LCA, therefore, confirms Hypothesis 2: among the population exposed to CVD risks, we find three distinct 
subgroups. The dominant or typical grouping is Class 1, which includes 55% of the respondents. This class can be 

Table 3 OLS and Ordered Logit Regressions for CVD Risk Scores and Their Determinants in the “Cues to 
Action” Component

Variables (9-OLS) (10-OLS) (11-Ordered Logit) (12-Ordered Logit)
Risk10 Risk10 h_cvdrisk h_cvdrisk
COEFF Females COEFF Males OR Females OR Males

Age 0.224 (0.010)*** 0.556 (0.030)*** 1.629 (0.038)*** 1.485 (0.038)***
Incomplete secondary 1.465 (0.619)** 3.988 (1.820)** 4.030 (2.264)** 4.045 (3.298)*

Secondary 0.166 (0.178) 0.518 (0.667) 2.259 (0.734)** 1.834 (0.598)*

Vocational 0.239 (0.106)** 0.065 (0.402) 2.087 (0.397)*** 1.603(0.333) **
Divorced 0.120 (0.144) −0.231 (0.504) 1.116 (0.271) 2.075 (0.717)**

Widowed −0.283 (0.208) −0.319 (1.556) 0.630 (0.165)* 0.289 (0.164)**

Single 0.376 (0.227)* 0.078 (0.598) 1.116 (0.312) 0.737 (0.322)
Advice on diet −0.202 (0.153) −0.575 (0.399) 0.928 (0.184) 0.868 (0.188)

On exercise 0.123 (0.161) −0.274 (0.372) 1.025 (0.206) 1.023 (0.239)

Check-up program −0.207 (0.206) −0.087 (0.441) 0.440 (0.123)*** 0.644 (0.141)**
Pain 0.093 (0.195) −0.303 (0.732) 1.167 (0.343) 0.964 (0.417)

/cut1 26.105 (1.262) 16.966 (1.195)

/cut2 32.601 (1.528) 22.598 (1.459)
Constant −10.217 (0.467)*** −24.128 (1.416)***

Observations 1172 729 1172 729
R-squared 0.535 0.462 0.591 0.507

Note: Robust standard errors in parentheses; *** p<0.01, **p<0.05, *p<0.1.

Table 4 Latent Class Marginal Means (n=2701)

Margin Delta Method  
Std. Err.

95% CI Lower  
Bound

95% CI Upper  
Bound

1 class

Physically active 0.414 0.015 0.384 0.445

Cut down on drinking 0.055 0.010 0.038 0.079

No GP visits 0.385 0.015 0.356 0.416

Check-up 0.928 0.010 0.905 0.945

Smoker 0.095 0.013 0.073 0.123

Self-efficacy 0.607 0.014 0.579 0.635

(Continued)
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thought of as a “low CVD risk and healthy lifestyle” class. The class is characterized by the lowest shares of smokers 
(9.5%) and alcohol consumers (5.5%). Awareness of the check-up program is almost universal (93%). Another feature of 
the class membership is frequent GP visits (only 39% of individuals belonging to Class 1 did not see a GP in the 
past year). Relative to Classes 2 and 3, this class is populated by women and older individuals (Table 4). The visits might 
be both for preventive care and for the treatment of chronic conditions. Another feature of Class 1 is a low level of 
physical activity: only 41% of members are physically active. This could be due to age in some cases.

Class 2 is the atypical class that includes only 10% of the respondents. A high level of physical activity epitomizes 
Class 2: 84% of class members practiced vigorous physical activity that caused perspiration or a faster heartbeat. Males 
with tertiary education dominate Class 2 (the OR of a female belonging to class 2 relative to class 1 is only 0.01, and the 
members are 4.3 times more likely to attain higher education). While physically active, quite a few individuals in Class 2 
frequently consume alcohol (33% feel they should cut down on drinking) but rarely smoke (3.6%). Class 2 also contains 
financially protected individuals (OR of reporting any financial constraint relative to Class 1 is 0.535). Therefore, we can 

Table 4 (Continued). 

Margin Delta Method  
Std. Err.

95% CI Lower  
Bound

95% CI Upper  
Bound

2 class

Physically active 0.840 0.049 0.721 0.914

Cut down on drinking 0.329 0.043 0.251 0.417

No GP visits 0.619 0.043 0.532 0.698

Check-up 0.766 0.039 0.682 0.834

Smoker 0.036 0.046 0.003 0.342

Self-efficacy 0.726 0.041 0.640 0.799

3 class

Physically active 0.453 0.023 0.408 0.498

Cut down on drinking 0.354 0.023 0.311 0.399

No GP visits 0.644 0.022 0.601 0.685

Check-up 0.610 0.022 0.566 0.652

Smoker 0.583 0.033 0.517 0.645

Self-efficacy 0.626 0.020 0.587 0.664

Table 5 Odds Ratios for Predictors of Class Membership in 
Multinomial Logistic Regression

Variables (1) (2) (3)
1b.C 2.C 3.C

Female ref 0.010 (0.006)*** 0.035 (0.009)***

Age ref 0.801 (0.028)*** 0.910 (0.013)***

Tertiary education ref 4.305 (2.271)*** 0.361 (0.079)***
Financial constrains ref 0.535 (0.392) 2.124 (0.511)***

Note: Standard errors in parentheses; ***p<0.01.
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hypothesize that middle-aged males earning above-average income form the basis of Class 2. Accordingly, Class 2 can be 
labeled as “Physically active but drinking” and categorized as a class with a moderate CVD risk.

35% of respondents belong to Class 3, which is the “high CVD risk” class. The highest share of smokers (58%) epitomizes 
Class 3. This class is also characterized by the greatest share of individuals who feel they should reduce alcohol intake (35%). 
Respondents in Class 3 rarely visit the GP (64% of class members did not see a doctor last year). The level of physical activity 
is relatively low. The class is dominated by males (OR for females=0.035). We observe an education gradient in health because 
the class is populated by those not attaining tertiary education (OR=0.361) who avoid seeing a medical specialist. This behavior 
could stem from financial constraints and the lack of finances that characterize this class (OR for financial constraints =2.124).

In LCA, we add a binary self-efficacy indicator for healthy behaviors (“By living healthily, I can prevent serious 
diseases”, score 0–2 on the 0–7 scale, where 0 is “strongly agree”). We do this because the model with the self-efficacy 
indicator has a better relative fit than alternative specifications. It is also superior in terms of the latent class marginal 
probabilities, allowing the identification of typical and atypical classes.

Mediation Analysis of the Relationship Between Employment Status, Health Behaviors, 
and CVD Risks
In testing Hypothesis 3 concerning the underlying causal mechanisms between the employment status/financial con-
straints, health behaviors, and cardiovascular risks, we put forward a number of assumptions which could plausibly 
describe the direction and nature of these causal pathways (Table 6).

We believe that financial constraints can limit participation in sports and exercise, and then, in turn, low levels of 
physical activity can result in higher CVD risk scores. Similarly, there could be financial barriers to seeking medical care 
in public and private sectors, while not seeking care can later lead to developing CVDs. We test the significance of paths 
a, b, and c in the generalized SEM (GSEM) model but find only the direct effects of financial constraints on the CVD risk 
scores (Table 6). The CVD risk score is 0.72 pp higher for those with financial constraints in the generalized structural 
equation model.

We further explore the paths from employment status to health behaviors and CVD risk scores; then from health 
behaviors to employment status and CVD risk scores. We analyze the extended models (13–15) and calculate the 

Table 6 Path-Specific Effects for Employment Status and Financial Constraints

Path Assumption Tested for Path a Significance of Path 
a and Indirect Effect

Mediation (if Any)

Financial constraints influencing health behaviors (Model 13)

fin_const->nogp->risk10 Financial barriers to seeking medical care Not significant/Not 

significant

Direct effect only

fin_const->phys->risk10 Economic restraints to taking up sports and exercise55 Not significant/Not 

significant

Direct effect only

Employment status influencing health behaviors (Model 14)

Work->dispan->risk10 Check-up is promoted at work place Not significant/ Not 
significant

No effect

Work->stopalc->risk10 Employment and guaranteed income flow reduce stress and 
promote sobriety

Significant/Not significant No effect

Work->nogp->risk10 Financial security enables GP visits, both in public and private 
sectors

Significant/ Significant (abc 
negative)

Competitive 
(Mediation)

Work->phys->risk10 Work is a source of additional income to pay for fitness classes 
and sports

Significant/Not significant No effect

(Continued)
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indirect, direct, and total effects. If the path is not significant in the extended model, we remove it and run the reduced 
version. Figure 5 visualizes the final GSEM model (16) with the employment status as the mediator, and Table 7 presents 
the model’s results.

The analysis uses 500 bootstrap re-samples to compute SEs and CIs for indirect and total effects (Table 8). 
Following the decision tree51 (Figure 4), we find that the employment status mediates the relationship between 
physical activity levels and CVD risk scores and confirm Hypothesis 3. 11% of the total effect (−0.264) is 

Table 6 (Continued). 

Path Assumption Tested for Path a Significance of Path 
a and Indirect Effect

Mediation (if Any)

Health behaviors influencing employment status (Model 15)

Dispan->work->risk10 Check-up awareness is a proxy for participation in the check-ups 

and preventive health behaviors; healthier respondents are more 
likely to be employed

Significant/Not significant No effect

Stopalc->work->risk10 Regular drinkers and alcohol abusers are less likely to be 
employed

Not significant/Not 
significant

No effect

Nogp->work->risk10 Those not visiting GP are assumed to be healthier and are more 
likely to be employed (positive relationship assumed) 

Alternatively, those who visit GP for preventive purposes are 

assumed to be healthier and are more likely to be employed 
(negative relationship assumed)

Significant/ Significant (abc 
negative)

Competitive 
(Mediation)

Phys->work->risk10 Physically fit have a higher chance of employment Significant/ Significant Indirect only effect 
(Mediation)

Figure 5 GSEM builder for the model with the employment status as the mediator (Model 16).
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explained by the indirect effect of the phys->work->risk10 path (−0.029). Physical activity increases the like-
lihood of employment (βphys=0.060, path a), and employment reduces CVD risk scores (βwork=−0.480, path b). 
The mediator identified is consistent with the hypothesized theoretical framework. When the mediation effect is 

Table 7 Mediation Analysis with GSEM for CVD Risk Score and Employment 
Status as a Mediator (Model 16)

Variables (1) (2) (3)
Risk10 Work /

Employed −0.479 (0.210)**

Female −4.156 (0.192)***

Age 0.375 (0.014)***

Tertiary education −0.074 (0.171)

Physically active −0.236 (0.172) 0.060 (0.018)***

Check-up −0.338 (0.263)

Cut down on drinking 0.348 (0.235)

Married 0.165 (0.169)

No GP visits 0.717 (0.171)*** 0.096 (0.018)***

var(e.risk10) 16.317 (1.890)***

var(e.work) 0.225 (0.003)***
Constant −13.794 (0.806)*** 0.570 (0.016)***

Observations 2713 2713 2713

Notes: Robust standard errors in parentheses; ***p<0.01, **p<0.05; Model for risk10 – family: 
Gaussian, link: identity; model for work – family: Gaussian, link: identity.

Table 8 Estimation of Indirect and Total Effects

Variables Paths Path
Phys->Work->Risk10 
Nogp->Work->Risk10

Work->nogp->Risk10

Indirect effect of phys on risk10 −0.029 (0.016)*

Total effect of phys on risk10 −0.264 (0.174)

Indirect effect of nogp on risk10 −0.046 (0.027)**

Total effect of nogp on risk10 0.671 (0.178)***

Indirect effect of work on risk10 0.069 (0.022)***
Total effect of work on risk10 −0.409 (0.213)*

Observations 2713 2751

Note: Bootstrapped standard errors in parentheses; ***p<0.01, **p<0.05, *p<0.1.
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accounted for in the model for cardiovascular risk scores, only three socioeconomic variables — sex, age, and job 
status — retain their statistically significant associations with the dependent variable.

We find inconsistent or competitive mediation55 for the path from GP visits to cardiovascular risk scores mediated by the 
employment status. The direct effect of not visiting the GP has a positive sign: not seeking medical care increases cardiovascular 
risks by 0.717 pp. However, the effect of not seeking care on employment is positive. These effects are indicative of the selection 
mechanism in place, with the fit and the healthy in employment and those with worse health not finding work. In line with 
inconsistent mediation,55 the direct effect of nogp on risk10 is larger than the total effect (0.671). Thus, employment status acts 
as the suppressor in the relationship between seeking medical care and the risks of a fatal CVD event.

We also find inconsistent mediation for the causal mechanism work->nogp->risk10 (Figure S2), suggesting an 
incomplete theoretical framework. There is a positive effect of employment status on the likelihood of not visiting the 
GP (0.097). Together with a similar result found for Germany,56 it points towards the well-documented empirical 
evidence that having secure employment has a positive effect on both mental and physical health.57,58

Discussion and Limitations
Our results provide strong evidence of: a) the importance of individual perceptions of health in defining cardiovascular 
health behaviors among the Russian population; b) the existence of distinct subgroups of the population with different 
sets of health behaviors and socioeconomic characteristics; and c) the critical role of employment status for adopting 
health behaviors that mitigate the CVD risks, including physical activity and primary care visits.

Our results align with those obtained in earlier studies of CVD risks in Russia (MONICA, ESSE-RF and HAPIEE 
projects). First, our research confirms the existence of an education gradient in cardiovascular health for males following 
the MONICA study5 that shows that higher education was associated with reduced mortality from CVDs. Second, both 
the ESSE-RF study9 and our paper highlight the importance of physical activity for cardiovascular health and the positive 
association between higher education and vigorous physical activity. Third, our study also confirms the ESSE-RF study’s 
conclusion about the greater prevalence of smokers among the less educated population with higher CVD risks (Class 3 
in our research). Fourth, our research and the HAPIEE study11 demonstrated that low material amenities (HAPIEE) and 
financial constraints (KHY) were associated with the increased risk of CVD death. Fifth, our mediation analysis shows 
that having a secure employment is associated with better CVD health, confirming the HAPIEE conclusion that 
unemployment is an important CVD risk factor.11

The SEM methodology allows us to go beyond the regression analysis prevalent in earlier studies of CVD risks. 
Using the concept of latent variables, we have identified three distinct groups with different levels of CVD risks and 
different health behaviors. This is a novel result for Russia, and as shown below, the set of policy recommendations will 
be based on the existence of these groups. Our mediation analysis also allows us to elicit a complex relationship between 
physical activity, employment level, and CVD risks, indicating that employment status mediates the relationship between 
physical activity and CVD risks. This relationship could not be uncovered in a standard regression model. Both LTA and 
mediation analysis shed new light on the topic of CVD risks and overcome existing difficulties of the linear regression 
models in the study of CVD risks.

There is a corresponding set of policy actions that stem from these findings. Policymakers have to continue 
reinforcing the change of the population mindset, encouraging individuals to adopt health-seeking behaviors. The 
changes in perception are likely to result in greater involvement with the primary care sector. Reinforcement of the 
mindset should be accompanied by reducing the barriers to health care. For example, conducting medical examinations in 
public places, such as shopping malls or directly at enterprises, can attract people who do not normally find time for 
health check-ups.

Given the distinct subgroups among those exposed to CVD risks, we recommend policy measures targeting different 
populations. To target individuals in the “high CVD risk” class, we propose media information campaigns to raise 
awareness of the annual check-ups as an entry point to the primary care sector. The basic evaluation of the first stage of 
the check-up currently includes estimating the risk SCORE with the follow-up and management of the high-risk patients 
in the second stage.59 Realization of the health benefits of these free check-ups for cardiovascular health can motivate the 
participation of low-income groups.
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To address the issue of the low levels of physical activity among the elderly in Class 1, we recommend policymakers 
to further promote sports and exercise, making them accessible across all age groups. “An active longevity” project in 
Moscow currently offers free exercise classes for senior citizens; Russian regions should follow suit and evaluate the 
impact of such initiatives. Regardless of some setbacks, a recent study comparing health investment and longevity has 
clearly shown that Russian life expectancy growth has the strongest dynamics in relation to its expenditures in Eastern 
Europe.60

Behavioral nudges that increase awareness of the harm of excessive alcohol consumption can effectively target the 
male-dominated “physically active but drinking” group. One such measure could be putting garish color images on the 
alcohol packages that currently accompany health warning messages on cigarette packs.

As the mediation analysis has shown, employment and financial stability play an important role in mitigating CVD 
risks in Russia. Russian healthcare is free but only at the point of entry, sometimes requiring substantial financial 
resources to get to this point. The costs are even higher for those residing in remote areas. Employment guarantees a flow 
of income that can be spent on health investments that result, among other benefits, in better cardiovascular health. 
Having secure employment reduces CVD risks and results in fewer GP visits among those who have jobs. Policymakers 
must rethink their approaches into providing incentives for firms to create jobs in the private sector while re-evaluating 
the full range of costs and benefits for public sector employment.

This study is not without limitations. Know Your Heart dataset is not representative at a country level, so the general-
izability of our findings is limited. Also, the study by design excluded institutionalized individuals, homeless people, and 
individuals too ill to be interviewed and, as such, may not be fully representative of groups that are difficult to reach with 
public health interventions. This limitation should be accounted for when interpreting the results of the study.

In the regression analysis, risk10 variable is not a continuous variable but is an index bounded between 0 and 100. 
Therefore, the OLS results have to be interpreted with caution. We perform the latent class analysis for the sample of 
individuals exposed to cardiovascular risk. However, LCA does not require a dependent variable, and the interpretation 
of classes potentially can go beyond the identification of the low- and high-CVD risk groups.

Furthermore, the GSEM module in Stata that we employ for the mediation analysis currently does not estimate the 
models’ absolute fit. Also, GSEM treats the mediators as continuous variables for calculating the indirect and total effects 
ignoring their binary nature. This limits the model inference to some extent. Next, causality in the mediation analysis still 
remains an area of methodological analysis, and without randomization the interpretation of causal mechanisms in our 
model remains somewhat tentative.

Lastly, there are possible direct and indirect effects between the variables we do not consider in this study. For 
example, Fritz et al61 employed the mediation analysis to investigate the relationship between sex, CVD risk factors, and 
mortality from coronary heart disease. In another study, lifestyle factors and health behaviors were shown to mediate the 
relationship between education, genetic risk scores, and cardiovascular disease.62 Without a doubt, there is a need for 
a more complex framework for path analysis that would allow for simultaneous estimation of the mediation effects 
between lifestyle factors and the socioeconomic determinants of CVD risks.

Conclusion and Further Research
This study presents a new approach to understanding the socioeconomic and behavioral determinants of CVD risks in 
Russia. The approach unites a theoretical framework of the Health Belief Model and the empirical structural equation 
modeling framework. Health-related actions to reduce perceived threat of diseases (physical activity and GP visits), 
perceived barriers to the behavioral change (financial constraints and loss of income due to retirement) and cues to 
actions (the annual check-up program) were shown to be key factors that defined cardiovascular health behaviors in the 
KHY sample.

Employing SEM as a more computationally advanced empirical framework lets us go beyond the regression analysis 
and uncover the hidden causal mechanisms that have not been discussed earlier. We demonstrated the existence of three 
groups with different sets of health behaviors that give rise to different levels of CVD risks. These groups formed the 
basis of the policy recommendations aiming to improve CVD health in the Russian population.
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Finally, we have discussed and assessed the role of employment status in the mediation analysis. The mechanism that 
points towards a possible selection into employment is of particular interest.63 Are those who seek GP care more likely to 
become/or remain unemployed and have higher CVD risks as a result? A similar relationship between the labor market 
status and health was recently confirmed for mental health by the author.64 Exploring the causal relationship between 
employment, primary care visits, and CVD risks in a dynamic setting using longitudinal data is the potential direction of 
the future research.
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