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Abstract 
 

The purpose of this research was to develop a data-driven model to test the association of physical, metabolic, and 
hemodynamic variables on the risk of cardiovascular disease. The structural equation modeling using the partial least square 
method has been adopted to analyze the data. A sample size of 685 young adults who were in sedentary, physically trained, 
and endurance-tested categories has been used in this research. Results have revealed that age and weight were the 
prominent predictors of cardiovascular disease among the physical variables, total glucose and triglycerides were the 
prominent predictors among the metabolic variables, and systemic vascular resistance and systolic blood pressure were the 
prominent predictors of cardiovascular disease among the hemodynamic variables. It was concluded that while all three 
variables are considered to be the antecedents of risk of cardiovascular disease, not all the parameters listed under these 
three categories have a statistically significant influence on the risk of cardiovascular disease. The results can be of use to 
medical practitioners as well as researchers in machine learning, as it adds to the repository of earlier studies and can be 
used by medical professionals in effective decision-making in disease prediction. 
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1. Introduction  

Machine learning (ML) algorithms have been very promising 

in the application of artificial intelligence (AI) in medical 

sciences and are considered to be some of the essential 

diagnostic tools of the present day.[1] These algorithms have 

been very successful in diagnosing and predicting several 

diseases and have contributed to the enhancement of 

efficiency and effectiveness of the healthcare sector.[2,3] The 

field of ML has grown to such a level of maturity in a short 

span that medical education has also incorporated it as a field 

of study.[4,5] As a sub-field of AI, machine learning adopts 

several numerical techniques derived from optimization and 

statistics principles to enable the algorithm to learn 

automatically by processing the data related to humans in a 

systematic and structured manner.[6-8] 

Among the ML applications, statistics-based ML (also 

called statistical machine learning) is the specific technique 

adopted in this paper. Several research studies have used 

statistical machine learning, and the results seem to be very 

promising. Artificial neural network technique for a sample 

size of 683 was taken from the Wisconsin Diagnostic Data Set 

and predictive performance analysis was performed which 

showed very promising results.[9] The results indicated that the 

cell nuclei could be classified with an accuracy of up to 0.96, 

accompanied by a sensitivity of up to 0.99 and a specificity of 

up to 0.99. Song et al.[10] used a statistical ML technique for 

mortality prediction, and the model showed an accuracy of up 

to 0.89. While these are some studies that have used ML to 

predict the causes of diseases, research studies have found that 

statistical ML has not been very successful in predicting the 

antecedents of diseases.[11]  

There are quite a good number of research studies in 

Cardiovascular disease (CVD) risk factors. This stream of 

research was initiated in the late 50s by the Framingham heart 

study (FHS).[12] Researchers have considered many different 

factors as antecedents to CVD, classified into background 
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factors, metabolic factors, and hemodynamic factors.[13] There 

are several tools designed to measure these factors 

quantitatively in many different research studies. In the 

Framingham heart study based on a sample size of 3969 men 

and 4522 women, the Framingham tool[14,15] was used in which 

gender, age, diabetes mellitus (DM), smoking frequency (SF), 

systolic blood pressure (SBP), total cholesterol (TC), high-

density lipoprotein (HDL) were considered to be the 

antecedents of CVD. The 12 pooled European studies were 

based on a sample size of 117,098 men and 88,080 women, 

and the scoring tool[16,17] was used, which considers age, gender, 

DM, SF, SBP, and TC. In the Scottish heart health extended 

Cohort prospective study based on a sample size of 6540 men 

and 6757 women, the assigned score tool[18] was used, which 

considers age, gender, DM, Rheumatoid arthritis (RA), family 

history of CVD (FHC), SF, SBP, TC, and HDL. A prospective 

study is based on a sample size of 18,460 men and 8515 

women, and the PROCAM tool[19] that considers age, gender, 

SF, DM, body mass index (BMI), SBP, RA, TC, HDL, and 

FHC was used. In the QRESEARCH database with a sample 

size of 2.29 million, QRISK 2 tool[20] was used which 

considers age, gender, DM, Atrial fibrillation (AF), BMI, 

chronic kidney disease (CKD), SF, SBP, RA, FHC, TC, and 

HDL. In the modeling-based study of parameters in predicting 

the risk of CVD by the WHO, the WHO/ISH tool (WHO, 2007) 

was used, which considers age, gender, SMF, DM, SBP, and 

TC as the predictors of CVD. In the Women’s Health study & 

Physician’s health study II based on a sample size of 10,724 

men and 24,558 women, the Reynolds tool used by Ridker 

considers age, gender, DM, SF, FHC, SBP, TC, HDL, and C-

reactive protein (CRP). In the INTERHEART case-control 

study based on a sample size of 19470 individuals from many 

different countries, INTERHEART modifiable risk score 

tool[21] was used, which considers age, gender, DM, SF SBP, 

apoB/apoA1 ratio that represents the balance between 

atherogenic and anti-atherogenic lipoproteins, abdominal 

obesity, diet, physical and psychosocial factors. McGavock et 

al. have used a tool based on a sample size of 68 men and 67 

women divided into three distinct groups of sedentary, 

physically trained, and endurance-trained individuals, the 

antecedents of CVD considered are age, gender, weight (kg), 

MBI (kg/m2), VO2 max (mL/kg/min), cholesterol (mg/dL of 

blood), LDL (mmol/L), HDL (mmol/L), triglyceride (TGR) 

(mmol/L), insulin (μU/L), total glucose (GCS, mmol/L), 

homeostasis model assessment (HMA), SBP (mmHg), 

diastolic blood pressure (DBP) (mmHg), heart rate (HR) 

(bpm), systemic vascular resistance (SVR) (dynes.sec.cm-5) 

and flow-mediated dilation (FMD) (%). These are just some 

of the studies and the corresponding antecedents considered to 

be predictors of CVD.  

Research studies have claimed that the causes of CVD are 

linked to the pre-birth period of the offspring, and several 

maternal conditions have been identified as the antecedents, 

which include smoking, sedentary lifestyle, obesity, and type 

of food intake.[22,23] Ho, Maddaloni & Buzzetti[24] performed a 

literature review to study the relationship between obesity and 

CVD risk among the youth. The literature review indicated 

that the chances of developing a risk of CVD among the obese 

youth who have lost weight due to changes in lifestyle and the 

non-obese youth were the same. Some studies claim that 

overweight or obese have no association with CVD risk as 

long as they are metabolically healthy.[25-27] Mishra et al.[28] 

studied the association of gender, age, wealth, place of 

residence, educational level, marital status, hypertension, BMI, 

diabetes, and diet on CVD. The results revealed that females 

are at a higher risk of CVD, and it was observed that the 

disease starts in adolescence and aggravates in older age.  

Through a meta-analysis of the literature, Steptoe & 

Kivimäki[29] found that work stress, social isolation, loneliness, 

and adverse metabolic changes influence CVD. Further, the 

stress was higher than the other variables on hypertension, 

which can lead to CVD.[30] An extensive literature review, 

which specifically focused on CVD, found that psychosocial 

stressors (mainly work stress) were among the major causes of 

CVD. Vasan et al.[31] used Framingham data of 3739 subjects 

and considered serum TC, SF, BMI, diabetes mellitus, SBP, 

DBP, and use of antihypertensive medicines as the antecedents 

of CVD in three different age groups, namely 60 years 

(women-729; men-522), 70 years (women-976; men-560) and 

80 years (women-643; men-309) and found that among the 

antecedents considered, only BP was a consistent predictor of 

CVD irrespective of gender and age group. However, the 

findings also showed that a single measure of BP need not be 

a predictor of CVD, and it was inconclusive if time-averaged 

BP values could be a better predictor of CVD.  

Age is considered an antecedent to CVD, as the heart’s 

very functioning is subject to the life cycle operation.[32,33] In 

an extensive sample survey of 1,275, 174 adults (above 18 

years), older people were more susceptible to contracting 

CVD.[33] Lloyd-Jones et al.[34] have found that in the absence 

of other traditional CVD risk factors, even elevated-age 

individuals had not shown the risk of CVD. So, the conclusion 

about the predictability of CVD risk with age as the 

independent variable appears to be inconclusive and more 

research is required in this direction.   

People with increased BMI were likely to have CVD.[33] 

Maximal oxygen uptake (VO2 max, a measure of oxygen 

consumption during exercise) was associated with CVD. 

People with an uncontrolled SBP were more likely to have 

CVD than those with a controlled SBP.[33] In another study 

conducted in Eastern Finland with a sample size of 2682 men 

in the age group of 42-61 years Age, BMI, SBP, CLS, HDL, 

GCS, and LDL were associated with CVD.[35,36] Another study 

using a sample size of 320 belonging to two age groups of 64 

± 10 and 75 ± 6 with patient characteristics: hypertension, 

diabetes, dyslipidemia, beta-blockers, BMI (kg/m2), heart rate 

recovery, HRR (bpm), SBP (mmHg), DBP (mmHg), pulse 

pressure (mmHg), brachial-ankle pulse wave velocity 

(BAPWV) (m/s), Creatinine (mg/dL), LDL (mg/dL), HDL 

(mg/dL), triglyceride (mg/dL) aimed to study the influence of 
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brachial-ankle pulse wave velocity on CVD. The study 

revealed that higher values of BAPWV were associated with 

CVD. Wolsk et al.[37] studied the influence of age, gender, and 

BMI on the hemodynamic parameters that were considered to 

be the antecedents to CVD with a sample size of 62 subjects 

(female-32; male-30). The results indicated that gender had no 

significant association with CVD risk, whereas BMI and BP 

had an association. It was also revealed that the hemodynamic 

parameters were better predictors of CVD risk. 

Raffield et al.[38] investigated the association of age, sex, 

coronary artery calcified plaque (CACP), urine albumin 

creatinine ratio (UACR), insulin use, SF, and educational level 

with mortality due to CVD in type 2 diabetics using a sample 

size of 1022 European Americans. The results indicated that 

apart from age, CAC and UACR had the most significant 

association with CVD mortality. Further, the study results 

were validated using full sample cross-validation. 

These research studies indicate that the risk of CVD is a 

multidimensional research construct. There are several 

antecedents and research is in progress throughout the world, 

considering many different combinations of the antecedents of 

CVD. Various tools have been developed to measure the 

antecedents of CVD, and it is observed that there were nine 

such widely used tools (Table S1). The McGavock tool had the 

highest number of predictors (15) used as antecedents for 

CVD, followed by the PROCAM tool (11), and QRISK 2 tool 

(10). On the other hand, three of the tools had the least number 

of predictors (6), namely the SCORE tool, WHO/ISH tool, and 

INTERHEART modifiable risk score tool. In terms of the 

frequency of use of the indicators, age, gender, and SBP were 

the most widely used indicators considered by all the tools, 

followed by Diabetes Mellitus and the smoking rate used by 

eight out of nine of the tools considered. Cholesterol and HDL 

Cholesterol followed the list with six and five of the tools 

using them, respectively. By and large, while there are 

commonly used antecedents, as mentioned before, the choice 

of an antecedent for the risk of CVD has been based on 

researchers’ discretion, which could be based on the patient 

observations and experience of the medical professionals. 

However, it can be observed that age, gender, diabetes mellitus, 

smoking rate, family history of CVD, cholesterol, HDL 

Cholesterol (mmol/L), GCS, and Low-Density Lipoprotein 

(LDL) Cholesterol (mmol/L) are some of the commons 

antecedents.[39]  

A clear research gap that can be observed is the lack of 

information, on which one of the variables in three categories 

of variables of people has a bearing on the risk of CVD. Thus, 

this research specifically focuses on the influence of several 

antecedents above, categorized into physical variables, 

metabolic variables, and hemodynamic variables. 

 

2. Materials and methods 

2.1 The hypothetical model 

A hypothetical model has been developed considering these 

studies, under three separate categories of human variables, 

which act as the antecedents to CVD (Fig. S1). 

Thus, the following hypotheses have been formulated to 

test the significance of the association between the antecedents 

and the risk of CVD. 

H1: There is a significant association between age and the risk 

of CVD. 

H2: There is a significant association between gender and the 

risk of CVD. 

H3: There is a significant association between BMI and the risk 

of CVD. 

H4: There is a significant association between VO2 max and 

the risk of CVD. 

H5: There is a significant association between weight and the 

risk of CVD. 

H6: There is a significant association between cholesterol and 

the risk of CVD. 

H7: There is a significant association between total glucose 

and the risk of CVD. 

H8: There is a significant association between LDL cholesterol 

and the risk of CVD. 

H9: There is a significant association between homeostasis 

mode assessment and the risk of CVD. 

H10: There is a significant association between insulin and the 

risk of CVD. 

H11: There is a significant association between LDL 

cholesterol and the risk of CVD. 

H12: There is a significant association between TGR and the 

risk of CVD. 

H13: There is a significant association between SVR and the 

risk of CVD. 

H14: There is a significant association between SBP and the 

risk of CVD. 

H15: There is a significant association between heart rate and 

the risk of CVD. 

H16: There is a significant association between FMD and the 

risk of CVD. 

H17: There is a significant association between DBP and the 

risk of CVD. 

The literature review has enabled the identification of the 

research gap that has indicated that there is ample scope to 

identify the critical variables in each of the stated three 

categories of CVD predictors, and this has led to the 

postulation of the aforementioned hypotheses. The 

identification of these critical dimensions will be instrumental 

to the close monitoring of the parameters, to have better 

preventive control over the CVD. Framingham heart study 

(FHS)[12] based data has been simulated and used for statistical 

machine learning purposes leading to the testing of these 

hypotheses. 

 

2.2 Study population 

The data used in this research is from the patient data by 

McGavock, Anderson & Lewanczuk[40] who simulated a 

sample size of 685 based on the mean and standard deviation. 

The antecedents of CVD were to be studied for their 
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significance of influence on the risk of CVD under three 

distinct classes of physical, metabolic, and hemodynamic 

variables of the subjects. The range and mean of the 

parameters under consideration for the sample are indicated in 

Table S2.  

 

2.1. Mathematical background 

The basis for the hypothetical model is the Threshold Model 

proposed by Muthen. The dichotomous response to the 

presence or absence of CVD ϒijk(k = 1,2…p) is a function of 

unobserved continuous response ϒ𝑖𝑗𝑘
∗   and can be 

mathematically given by Equation (1):  

ϒijk = {
1 𝑖𝑓 ϒ𝑖𝑗

∗ >  τk 

0 𝑖𝑓 ϒ𝑖𝑗
∗ ≤  τk

             (1) 

where τk = is the threshold value.  

Two distinct models operating at two levels are: 

Level-1: The family model, based on the threshold model 

At Level 1, the equations are in the linear form of the structural 

model as given in Equation (2). 

ϒij  =  β𝑖 + Kϒ𝑖𝑗
∗  +  Γxij + δij             (2) 

where β𝑖  = a vector (p x 1) of ith family; 

K = p x p matrix of structural parameters; 

Γxij = coefficient of relationship between latent response and 

predictor variables of ith family, jth individual; 

δij = is a vector of residuals (p x 1) of ith family, jth individual. 

Level-2: Family random-intercept model, given in Equation 

(3). 

β𝑖 =  γ + ρ𝑖                  (3) 

where β𝑖  = a vector (p x 1) in the ith family, and γ = a constant, 

ρ𝑖  = a vector of residuals (p x 1) of ith family. 

The above Equations form Level-1 (jth individual) and 

Level-2 (ith family) for the structural equation modeling 

(SEM). 

 

2.2. Statistical machine learning 

The statistical machine learning (SML) methods commonly 

applied to remote sensing data are becoming popular these 

days for the simple reason that the use of statistical methods 

provides a proper direction in terms of utilizing, analyzing, 

and presenting the raw data available for Machine 

Learning.[40,41] In this research, the SML method has been used 

to test the hypothesis using Structural Equation Modelling as 

the tool. 

 

2.3. Structural equation modelling (SEM) 

The SEM has been the statistical tool used in this research. The 

tool’s choice was mainly based on its proved predictive ability 

in many different contexts of research in medical sciences.[42,43] 

The method adopted in this research is to identify the CVD 

predictors. SEM can perform factor analysis and regression 

analysis simultaneously using the Partial Least Square Method 

(PLSM), which facilitates the addressing of multi-collinearity 

effectively.  

 

3. Results 

3.1 Measurement model 

The internal consistency of the data as measured through 

Cronbach’s Alpha for physical, metabolic, and hemodynamic 

variables are in the range of 0.7-0.9, 0.6-0.9, and 0.7-0.9, 

respectively, which is in the acceptable range[44] (Tables S3, S4 

& S5). The composite reliability estimates varying from 0.8-

0.9 for all three variables indicate moderate to high- reliability 

values (Tables S3, S4 & S5). In this research, Rho-A, another 

measure of composite reliability uses values above 0.6 that are 

considered acceptable[45] (Tables S3, S4 & S5). Further, factor 

loading (FL) has been considered to measure the convergent 

validity of item reliability (IR). It is estimated as standardized 

values through factor reduction (Fig. 1 and Tables S6, S7 & 

S8) ranged from 0.7 to 0.9 for all the three variables above, 

which indicates a good correlation between the factor and the 

observed dimension. Another important test for the data’s 

reliability is to ensure that each of the antecedents is mutually 

exclusive to ensure their distinctiveness. Discriminant 

Reliability is a widely accepted test for finding mutual 

exclusiveness by comparing square roots of the average 

variance extracted (AVE) for each dimension with the inter-

item correlation of that dimension with the remaining 

dimensions. It is found that the AVE values are above the inter-

item correlations, and hence, the variables chosen for the study 

are adequately mutually exclusive of each other (Tables S9, 

S10, and S11). 

 

Fig. 1 Path model - physical variables. 

 

3.2 The structural model 

The R-squared values which indicate the percentage variance 

of dependent variables based on the variance in the 

independent variable for the physical, metabolic, and 

hemodynamic variables are 0.417, 0.4, and 0.529, respectively. 

These indicate that the model fit is acceptable (cutoff value 

0.1)[46] (Table S4). The alpha values (p-values <= 0.05) (Tables 

1, 2 & 3 and Figs. 2 to 6) indicate that the following 

hypotheses are supported: 
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Physical variables 

H1: There is a significant association between age and the risk 

of CVD 

H5: There is a significant association between weight and the 

risk of CVD. 

Metabolic variables 

H7: There is a significant association between total glucose 

and the risk of CVD 

H12: There is a significant association between TGR and the 

risk of CVD 

Hemodynamic variables 

H13: There is a significant association between SVR and the 

risk of CVD. 

H14: There is a significant association between SBP and the 

risk of CVD.  

Table 1. t-test values - physical variables. 

 
Original 

Sample 

(O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 
P Values Hypothesis 

AGE -> CVD 0.33 0.33 0.08 4.21 0.00 Supported 

BMI -> CVD 0.06 0.01 0.09 0.27 0.79 Not supported 

VOM -> CVD 0.08 0.08 0.08 1.05 0.30 Not supported 

WHT -> CVD 0.34 0.34 0.07 4.57 0.00 Supported 

Table 2. t-test values - metabolic variables. 

 
Original 

Sample 

(O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 
P Values Hypothesis 

CLS -> CVD 0.09 0.10 0.10 0.93 0.35 Not supported 

GCS -> CVD 0.19 0.19 0.09 2.16 0.03 Supported 

HDL -> CVD 0.17 0.17 0.11 1.55 0.12 Not supported 

HMA -> CVD 0.04 0.04 0.08 0.47 0.64 Not supported 

INS -> CVD 0.03 0.04 0.10 0.28 0.78 Not supported 

LDL -> CVD -0.03 -0.04 0.10 0.33 0.74 Not supported 

TGR -> CVD 0.27 0.26 0.12 2.14 0.03 Supported 

Table 3. t-test values - hemodynamic variables. 

 Original 

Sample (O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 
P Values Hypothesis 

DBP -> CVD 0.10 0.11 0.11 0.87 0.39 Not supported 

FMD -> CVD 0.09 0.07 0.12 0.72 0.47 Not supported 

HRR -> CVD 0.02 0.02 0.10 0.23 0.82 Not supported 

SBP -> CVD 0.24 0.24 0.09 2.84 0.01 Supported 

SVR -> CVD 0.38 0.40 0.12 3.29 0.00 Supported 

 
Fig. 2 Path model - metabolic variables. 



Engineered Science                                                                                                          Research article 

© Engineered Science Publisher LLC 2022                                                                     Eng. Sci., 2022, 17, 292-302 | 297   

 
Fig. 3 Path model – hemodynamic variables. 

 
Fig. 4 t-statistic – physical variables. 

 

4. Discussions 

The hypothesis testing has revealed that among the physical 

variables under consideration in this research, an individual’s 

age is significantly associated with the risk of CVD. Among 

the various risk score measurement instruments, Framingham 

Risk Score[47] is a widely accepted metric of measurement, and 

it includes age as a primary risk factor associated with CVD. 

All nine CVD risk assessment metrics considered in this 

research have considered age to be a factor in assessing the 

risk of CVD. American Hearth Foundation (AHF) has found 

that the death percentages due to CVD for adults in the age 

group of 40-59, 60-79, and above 80 years were approximately 

40%, 75%, and 86%, respectively,[48,49] and found explicitly 

that among many other predictors, age has emerged out as a 

significant predictor of CVD and also that the higher the age, 

the higher is the risk of CVD. Age is a non-modifiable risk 

factor of CVD, and the Framingham study indicates that it is 

mainly associated with other risk factors of CVD that make 

age-associated risk factors more dominant.[50] For instance, for 

adults less than 50 years of age, smoking doubles CVD’s risk 

compared to non-smokers, and for adults over 65 years of age, 

68% die from CVD if found to be diabetic.[12] The deterioration 
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of cardiovascular functionality with age has been considered 

the primary cause of CVD.[51] 

The results have indicated that the weight of an individual 

is also a significant predictor of CVD among the physical 

variables. This finding can be corroborated very well by earlier 

research. Many researchers have associated overweight and 

CVD risk,[48,52,53] It is found that every death out of five in the 

world is due to overweight or obesity,[54] and a meta-analysis 

of 97 works of literature with a sample size of about 2.9 

million people has indicated that obesity is the primary cause 

of mortality.[55] Research has shown that being overweight has 

many influences on the hemodynamic variables:[56] 

• increased blood volume increased stroke volume, 

increased arterial pressure, increased left ventricle 

(LV) wall stress, pulmonary artery hypertension;  

• the cardiac structure, which includes LV concentric 

remodeling, LV hypertrophy (eccentric and 

concentric), left atrial enlargement, and right 

ventricular hypertrophy;  

• the cardiac function, which includes LV diastolic 

dysfunction, LV systolic dysfunction, and RV failure;  

• inflammation, which includes increased C-reactive 

protein and overexpression of tumor necrosis factor;  

• neurohumoral effects include insulin resistance and 

hyperinsulinemia, leptin insensitivity and 

hyperleptinemia, reduced adiponectin, sympathetic 

nervous system activation, activation of the renin-

angiotensin-aldosterone system and overexpression 

of peroxisome proliferator-activator receptor, and 

cellular effects, which include hypertrophy, apoptosis, 

and fibrosis. 

 
Fig. 5 t-statistic – metabolic variables. 

 
Fig. 6 t-statistic – hemodynamic variables.
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All these studies agree with the finding of this research; 

however, it contradicts the findings of a group of 

researchers.[25-27] While weight has emerged as a predictor of 

CVD risk, BMI has no significant influence on the risk of 

CVD, according to the findings of this study. This finding 

supports the researchers’ argument on the ‘obesity paradox’ 

who claim that BMI lacks diagnostic performance.[53,57] 

Among the metabolic variables, GCS has emerged as a 

significant predictor of CVD risk. Jeong et al. (2018), with a 

sample size of 2,682,045 young adults in the age group of 20 

to 39 years, proved that high GCS (≥ 240 mg/dL) has a high 

risk and low GCS (<180 mg/dL) has a low risk of CVD. 

Whitehall Study with a sample size of 10,025, the Paris 

Prospective Study with a sample size of 6,629), and also the 

Helsinki Policeman Study with a sample size of 631), all have 

found an association of GCS with CVD.[58] It was found that 

there was a 12% increase in CVD risk for an increase of 1 

mmol/L increase in fasting glucose.[59] It is found that the 

glucose-CVD relationship is attributed to the direct toxic 

effect of glucose on cellular function and structure.[60] Further, 

the indirect effects are associated with inadequate insulin 

secretion and insulin resistance, and hyperinsulinemia before 

glucose elevations.[61] 

In the category of metabolic variables, TGR seems to be a 

significant CVD predictor. The role of TGR on the risk of 

CVD was found in the early 80s; however, treating healthy 

people to lower TGR levels was kept under suspension as the 

evidence then produced was inadequate.[62] Research shows 

that clinical emphasis on reducing CVD risk was primarily on 

lowering LDL cholesterol; however, through genetic studies 

when it was found that it was not effective, the focus shifted 

now to TGR.[63] High TGR concentrations lead to remnants 

rich in cholesterol, and when it enters intima, it can lead to 

inflammation, foam cell formation, and atherosclerotic 

plaques, which can cause CVD.[64,65] Many researchers have 

associated TGR with CVD risk.[66,67] Researchers have found 

that TGR is measurable with higher precision, but their 

concentration varies at a very high rate daily, and that is the 

reason, statistically speaking, HDL cholesterol has been a 

better predictor of CVD in the past.[68,69]  

Among the hemodynamic variables under consideration in 

this research, SVR has emerged as a significant CVD predictor. 

It is found that the hyper-adrenergic response, which increases 

the SVR and the prolonged increase can cause CVD,[70,71] have 

found that the interaction between SVR and ventricular 

function can cause CVD. Increased SVR results in concentric 

left ventricular hypertrophy, which can cause CVD.[72] It has 

been found that there are cases where CVD not associated with 

elevated blood pressure could be due to increased SVR, and 

hence, it is a significant predictor of CVD.[73]  

It is revealed in this study that SBP is also a significant 

predictor of CVD as a hemodynamic variable. Based on the 

Framingham data, which has been collected over 30 years, it 

has been found that SBP does have a significant influence on 

the risk of CVD at all ages in both genders.[74] In a study 

conducted in Taipei City in Taiwan with a sample size of 

39,280 men and 38,109 women, it was found that the mortality 

risks due to CVD were significant for blood pressure values 

above 160 mm of Hg.[75] In another study with a sample size 

of 1.25 million people, it was found that compared to DBP, the 

elevated SBP had a stronger influence on CVD; however, 

surprisingly, this study disregarded the association of blood 

pressure with CVD risk.[76] 

 

4. Conclusion 

This research has made a sincere effort in investigating the 

significance of the association of the antecedents with the risk 

of CVD. On the overall basis, it can be concluded that even 

though all the factors considered among physical, metabolic, 

and hemodynamic variables have no significant association 

with the risk of CVD, some of the factors of all three variables 

do have an association. The study illustrates that machine 

learning does have a role in detecting CVD indicators based 

on the analysis of data-driven models. It is observed that in the 

existing literature, the choice of the factors under each of the 

three variables considered to be having a bearing on the risk 

of CVD has been by the choice of the individual or group of 

researchers. Identifying the factors under each of the three 

variables will be ongoing as newer factors will be found with 

the research progress. So, data-driven models do have a 

significant role to play in identifying the most significant 

predictors among these. Even though this research has 

specifically narrowed down to age, weight, total glucose, 

triglycerides, SVR, and SBP as the significant predictors of 

CVD among the three categories of variables considered, this 

finding should only be considered as a support in the decision-

making of the medical practitioners. More research may be 

required to confirm the findings in terms of controlled 

experimentation before using them as the basis of decision-

making. 

 

5. Limitations and scope for future work 

There have been some limitations in this research, specifically 

in terms of the sample size and mathematical approximation. 

According to the principles of SEM, a sample size of above 

200 is adequate for analysis, as the data can be extrapolated to 

a higher number through the bootstrapping technique available 

in the SmartPLS® software. However, extrapolation is still an 

approximation, and this is a limitation of the study. Further, 

the SEM analysis is based on the partial least square method, 

which is also an approximate method. Finally, this research 

has identified the best predictors of CVD out of the given 

number of factors considered as most relevant through the 

existing literature, and hence, there is a possibility that there 

could be other factors that may influence CVD. Despite these 

limitations, this research’s findings could be of immense help 

to medical practitioners as a decision tool in CVD risk factors. 

These limitations provide the scope for future work in this 

research. The research is based only on three dimensions of 

possible predictors of CVD, other possible predictors such as 

lifestyle, family history, working conditions, et al., may be 
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considered for possible influences on the risk of CVD. Further, 

the study is limited to the patient data by McGavock, Anderson 

& Lewanczuk, so other databases can also be explored to make 

the results more generalizable.  
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