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Abstract 
Background: Machine learning techniques were used to predict Coronary heart disease 
(CHD) risk. The machine learning models might be good prediction models, but they have 
pitfalls and provide less casual insights. The present study evaluated risk factors for the ten-
year risk of coronary heart disease using logistic regression analysis. 
Material and Method: The present study was conducted at the Department of Physiology, 
RVRS Medical College, Bhilwara (Rajasthan, India), to evaluate risk factors of the ten-year 
CHD risk using logistic regression. The dataset (N = 4000) was publicly available from the 
ongoing cardiovascular study on residents of the town of Framingham, Massachusetts. The 
data were divided into two groups based on risk: ‘CHD Risk’ and ‘No CHD risk.’ Among 14 
risk factors, those that significantly differed were selected for logistic regression analysis. 
The model with the lowest AIC was chosen. The Wald test was used to test the significance 
of logistic coefficients at 5%. 
Results: Except for the heart rate variables, including age, cigarettes per day, total 
cholesterol, systolic and diastolic BP, BMI, and plasma glucose significantly differed 
between two groups. Similarly, males, smokers, patients with a history of stroke, 
hypertension, and diabetes were associated with higher cardiovascular risk. The stepwise 
logistic regression model used six regressors. The model's accuracy, the area under the ROC 
curve, sensitivity, and specificity was 85.58%, 73.7%, 8.6%, and 99.4%, respectively 
Conclusion: The present study focused on identifying and weightage of risk factors and 
assessing their predictive ability and implications for disease prevention. 
Keywords: coronary heart disease risk, logistic coefficients, machine learning, prediction   
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Introduction 

Coronary Heart Disease, also known as 
coronary artery disease, is the leading 
cause of death in the United States.[1] As 
per World Health Organization, in 2019, 
32% of all global deaths were 
cardiovascular deaths, and among them, 
85% were due to heart attack and stroke. 
[2] 
Atherosclerosis is the primary cause of 
coronary artery disease. The pathogenesis 
of atherosclerosis involves correlative 
processes such as lipid disturbances, 
thrombosis, inflammation, vascular 
smooth cell activation, remodeling, 
platelet activation, endothelial dysfunction, 
oxidative stress, altered matrix 
metabolism, and genetic factors. [3] The 
association between premature occurrence 
of CAD and chromosome 9p21.3 is shown 
in genome-wide association studies. The 
disease is associated with multiple risk 
factors, including diabetes mellitus, 
smoking, hyperlipidemia, obesity, 
homocystinuria, and psychosocial stress. 
[4] Cardiovascular dataset stored in large 
repositories, transformed by statistical and 
machine learning methods, helps in the 
prediction and prevention of 
cardiovascular diseases. Machine learning 
is a type of artificial intelligence wherein 
patterns in datasets train complex 
statistical algorithms.  [5,6,7] Moreover, 
deep learning as a branch of machine 
learning combines statistics, computer 
science, and decision theory to take a 
clinical decision in medicine to assist in 
disease diagnosis and disease phenotyping. 
[8] Datasets have been used jointly by the 
American College of Cardiology 
Foundation (ACCF) and the American 
Heart Association to frame evidence-based 
strategies for treating cardiovascular 
diseases since 1980. [9] The machine 
learning models might be good prediction 
models, but they have pitfalls and provide 
less casual insights. The present study 
aimed to evaluate risk factors for the ten-
year risk of coronary heart disease using 
logistic regression analysis.  [10] The 

study emphasizes the identification and 
weightage of risk factors, having 
implications for coronary heart disease 
prevention.  
Material and Methods: 
The present study evaluated the ten-year 
risk of coronary heart disease using 
logistic regression modeling. The dataset 
was publicly available from the ongoing 
cardiovascular study on residents of the 
town of Framingham, Massachusetts.  [11] 
The data include 4000 observations and 14 
attributes. The demographic attributes 
were gender and age (in years). The 
behavioral attributes include current 
smoking habits and the number of 
cigarettes per day. The medical risk factors 
consist of medication for blood pressure 
(MedsBP), history of stroke, history of 
hypertension, history of diabetes, total 
cholesterol, systolic and diastolic blood 
pressure (in mmHg), body mass index 
(kilogram per square meter), heart rate ( 
beats per minute) and plasma glucose (mg 
per deciliter). The target  (or predicted) 
variable was the ten-year risk of coronary 
heart disease (CHD) with binary levels: '1' 
for the presence of 10 year CHD risk 
(‘CHD Risk’)  and '0' for the absence of 10 
year CHD risk (‘No CHD Risk’). 
Data analysis:  
Researchers compared various predictors 
in two predicted groups based on the ten-
year CHD risk: ‘CHD Risk' and 'No CHD 
Risk.' The predictors found significantly 
differed in the two groups were selected 
for further analysis. The selected 
predictors were used to run a stepwise 
logistic regression model. The best model 
was selected using Akaike Information 
Criterion (AIC). The best model was one 
with a minimum AIC value. The 
performance metrics of the model, 
including area under the receiver operator 
characteristic (ROC) curve, sensitivity, 
specificity, and accuracy, were calculated 

(JASP Team, 2019). The success was 



International Journal of Pharmaceutical and Clinical Research                           e-ISSN: 0975-1556, p-ISSN: 2820-2643 

 

Shah et al.                            International Journal of Pharmaceutical and Clinical Research   

766 

defined when the dependent variable took 
the value '1' (‘CHD Risk’). The coronary 
heart disease risk was calculated using the 
following equation:  

𝑝𝑝 =
1

1 + 𝑒𝑒−𝜆𝜆�
 

where p is the probability of the outcome, 
and  

�̂�𝜆 = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥1 + 𝑏𝑏2𝑥𝑥2 + 𝑏𝑏3𝑥𝑥3 + ⋯
+ 𝑏𝑏𝑘𝑘𝑥𝑥𝑘𝑘 

for K regressors, where �̂�𝜆 is the estimate of 
𝜆𝜆 and and 𝑏𝑏0, 𝑏𝑏1, 𝑏𝑏2, … 𝑏𝑏𝑘𝑘  were estimates 
of logistic coefficients. [12] 
Statistical analysis  
The continuous variables were expressed 
as mean (SD) or median (IQR) and 
compared using the student or non-
parametric test based on whether the data 
followed assumptions of normality and 
equality of variances. Similarly, the 
categorical variables were expressed as 
proportions and compared using the Chi-

squared test. The Wald test was used to 
test the significance of logistic 
coefficients. The best model was selected 
using Akaike Information Criterion and 
tested with the chi-squared test. The level 
of statistical significance was considered at 
5%. Statistical analysis was performed 
using JASP software version 0.1.16.0 
(JASP Team, 2019) [13] and MATLAB 
2019a (MATLAB Team) [14]  
Results 
The comparison of quantitative variables 
between the two groups (‘CHD Risk’ and 
‘No CHD Risk’) showed significantly 
higher age [W =473036.5; p < 0.001], 
cigarettes per day [W = 667949.5; p = 
0.001], total Cholesterol [W =610705.5; p 
< 0.001], systolic BP [W =506595.5; p < 
0.001], diastolic BP [W = 590483; p < 
0.001], BMI [W = 645233.5; p < 0.001] 
and glucose level [W = 55659.5; p < 
0.001] in ‘CHD Risk’ group. However, 
heart rate did not differ significantly 
between the two groups. (Table 1)

Table 1: Comparison of quantitative variables between two groups based on the ten-
year CHD risk: 'CHD Risk' and 'No CHD Risk.' 

Variables   N Median IQR W p 

Age No CHD Risk 2879 48 13 473036.5 < .001 CHD Risk 511 55 13 

Cigarettes per day No CHD Risk 2858 0 20 667949.5 0.001 CHD Risk 510 4 20 

Total cholesterol No CHD Risk 2848 232 57 610705.5 < .001 CHD Risk 504 243 58 

Systolic BP No CHD Risk 2879 127 25 506595.5 < .001 CHD Risk 511 139 32 

Diastolic BP No CHD Risk 2879 81 14 590483 < .001 CHD Risk 511 85 17 

BMI No CHD Risk 2872 25.23 4.96 645233.5 < .001 CHD Risk 504 26.19 5.603 

Heart Rate No CHD Risk 2879 75 15 715481 0.358 CHD Risk 510 75 16 

Glucose No CHD Risk 2614 78 15 556569.5 < .001 CHD Risk 472 79.5 20 
 
The males showed significantly higher CHD Risk [2 = 24.29; p < 0.001] compared to 
females. Smokers showed higher CHD risk [2 = 3.95; p = 0.047].  Similarly, history of 
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stroke [2 = 15.97; p < 0.001], hypertension [2 = 94.03; p < 0.001], and diabetes [2 = 
36.44; p < 0.001].  were associated with higher cardiovascular risk. (Table 2) 
Table 2: Comparison of categorical variables between the two groups based on the ten-

year CHD risk: 'CHD Risk' and 'No CHD Risk.' 

Attributes  Levels 
No CHD Risk 

Count (%) 
 CHD Risk 

Count (%) 
Chi-
square p 

Gender Female 1684(58.493) 239(46.771) 24.29 < .001 Male 1195(41.507) 272(53.229) 

Education 

1 1135(40.463) 256(51.406) 

22.16 < 0.001 2 872(31.087) 118(23.695) 
3 479(17.077) 70(14.056) 
4 319(11.373) 54(10.843) 

Smoking No 1467(50.955) 236(46.184) 3.952 0.047 Yes 1412(49.045) 275(53.816) 
Medication for 

BP 
No 2775(97.643) 471(93.452) 25.92 < 0.001 Yes 67(2.357) 33(6.548) 

History of Stroke 
No 2867(99.583) 501(98.043) 15.966 < .001 Yes 12(0.417) 10(1.957) 

History of 
Hypertension 

No 2065(71.726) 256(50.098) 94.029 < .001 Yes 814(28.274) 255(49.902) 
History of 
Diabetes 

No 2825(98.124) 478(93.542) 36.442 < .001 Yes 54(1.876) 33(6.458) 
 
The best model chosen by the stepwise logistic regression has six risk factors, which is given 
below (Table 3) 

Table 3: Showed the Logistic regression model estimates for predicting the ten-year 
coronary heart disease risk. 

  Wald Test 

Parameter Estim
ate 

Standard 
Error 

Odds 
Ratio z Wald 

Statistic df p 

(Intercept) -9.292 0.533 9.21E-05 -17.439 304.123 1 < .001 
Age 0.066 0.007 1.069 9.177 84.212 1 < .001 
Systolic BP 0.016 0.002 1.016 6.714 45.081 1 < .001 
Cigarettes per 
day 0.022 0.005 1.023 4.758 22.643 1 < .001 

Glucose 0.009 0.002 1.009 4.64 21.526 1 < .001 
Gender (M) 0.489 0.12 1.63 4.06 16.48 1 < .001 
Total Cholesterol 0.003 0.001 1.003 2.544 6.472 1 0.011 

�̂�𝜆 = −9.29 + 0.066 × age + 0.016 × Systolic BP + 0.022 × Cigarettes per day
+ 0.009 × [glucose] + 0.0489 × gender (M) + 0.003 × [total cholesterol] 

The model's accuracy as calculated from the confusion matrix was 85.58%. (Table 4).  
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Table 4: Confusion Matrix showed observed cases and predicted cases by the logistic 
regression model. 

  Predicted   
Observed No CHD Risk CHD Risk % Correct 

No CHD Risk 2467 16 99.356 
CHR Risk 406 38 8.559 
Overall % Correct     85.583 

 
The receiver operating curve showed that the area under the curve, sensitivity, and specificity 
were 73.7%, 8.6%, and 99.4%, respectively. (Figure 1)  

 

Figure 1: Area under the receiver operator characteristic (ROC) curve for logistic 
regression model. 

Discussion 
The Framingham risk score (FRS) is one 
of the standard tools used to predict the 
incidence of coronary heart disease (CHD) 
[15]. Four years after the Framingham 
Heart Study started, researchers found 
high cholesterol and high blood pressure 
levels as important CHD risk factors. The 
expression' risk factor' took origin in the 
Framingham study. Today, a risk factor is 
a measurable characteristic causally 
associated with increased disease 
frequency and is a significant independent 
predictor of an increased risk of presenting 

with the disease. [16] The present study 
developed a logistic regression model to 
predict the ten-year risk of CHD using the 
basic set of variables as regressors. All the 
predictors showed significant differences 
between the two groups except for heart 
rate. The regressors of the logistic 
regression model in descending order of 
weightage include age, gender, cigarettes 
per day, systolic blood pressure, plasma 
glucose, and total cholesterol. The model 
showed high accuracy, AUC, and 
specificity of 85.58%, 73.7%, and 99.4%. 
However, the sensitivity was very low.  
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With the advent of modern machine 
learning tools, the CHD risk algorithms 
showed increased accuracy. Risk scores 
for the prediction of coronary heart disease 
(CHD) have greatly improved in the past 
30 years.  [17] A meta-analysis by 
Krittinawong et al., including 344 studies, 
found boosting algorithms had a pooled 
area under the curve (AUC) of 0.88 (95% 
CI 0.84–0.91) prediction of coronary 
artery disease.  [18] Johri et al. found ML-
based system prediction was superior to 
conventional statistical methods to predict 
coronary artery disease using carotid 
plaque characteristics on 459 participants. 
Baseline plaque characteristics such as 
carotid intima-media thickness (cIMT), 
maximum plaque height (MPH), total 
plaque area (TPA), and intraplaque 
neovascularization (IPN) were measured. 
Researchers compared two ML-based 
algorithms - random forest (RF) and 
random survival forest (RSF) with (i) 
univariate and multivariate CAD 
prediction using AUC and (ii) Cox 
proportional hazard model for 
cardiovascular event prediction using the 
concordance index (c-index). CAD and 
carotid plaque characteristics were 
significantly associated [cIMT (odds ratio 
(OR) = 1.49, p = 0.03), MPH (OR = 2.44, 
p < 0.0001), TPA (OR = 1.61, p < 0.0001), 
and IPN (OR = 2.78, p < 0.0001)]. IPN 
alone reported significant CV event 
prediction (hazard ratio = 1.24, p < 
0.0001).(23) However, using a basic set of 
variables, including age, systolic blood 
pressure, smoking, hypertension, exercise, 
body mass index, diabetes, and family 
history, can potentially be self-
administered. Damel et al. systematically 
reviewed the Framingham risk models and 
pooled cohort equations, especially 
Framingham Wilson 1998, Framingham 
ATP III 2002, and PCE 2013, which are 
widely used for predicting the 10-year risk 
of developing coronary heart disease. 
Researchers found all the models 
overestimate the 10-year risk of CHD and 
CVD (pooled observed versus expected 

ratio ranged from 0.58 (95% CI 0.43-0.73; 
Wilson men) to 0.79 (95% CI 0.60-0.97; 
ATP III women).  [19] Hippseley et al. 
developed QRISK cardiovascular disease 
risk algorithm and compared it with the 
Framingham score recommended by the 
National Institute of Health and Clinical 
Excellence (NICE). [20] Anderson et al. 
further developed the prediction equation 
where 5573 subjects aged 30-74 years 
were taken from the Framingham Heart 
Study. The model stressed the importance 
of multiple risk factors in prediction, 
including blood pressure, total cholesterol, 
high-density lipoprotein cholesterol, 
smoking, glucose intolerance, and left 
ventricular hypertrophy. Researchers 
developed a model that can predict 
outcomes for different lengths of time.  
[21] The SCORE project initiated by 
Conroy et al. developed a risk scoring 
system representing 2.7 million person-
years of follow-up. Researchers used the 
Weibull model to calculate the ten-year 
risk of fatal cardiovascular disease. They 
developed two parallel estimation models 
based on total cholesterol and the other on 
total cholesterol/HDL cholesterol ratio. 
The areas under ROC curves ranged from 
0.71 to 0.84.  [22,23] The association of 
risk factors with CHD was further 
emphasized by Wilson et al. in a study 
consisting of 2489 men and 2856 women 
aged 30 to 74 years. Similar to the present 
study, they examined the association 
between blood pressure and cholesterol 
categories with CHD risk. They also 
compared the discrimination properties of 
the categorical and continuous variables 
approach. After 12 years of follow-up, 
researchers found a significant association 
of CHD with blood pressure categories, 
total Cholesterol, LDL cholesterol, and 
HDL cholesterol (all P, 0.001). The 
accuracy of the categorical approach was 
found comparable to the use of continuous 
variables.[24] The present study 
emphasizes identifying and weightage risk 
factors, having implications for coronary 
heart disease prevention. [25] 
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Conclusion: The present study covers 
multiple facets of disease prediction and 
describes important insights into coronary 
heart disease risk factors. Researchers 
focused on identifying and weightage of 
risk factors and assessing their predictive 
ability and implications for disease 
prevention. 
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