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treatment, better screening and monitoring, and public policy 
initiatives (3). The decline in death rates can be attributed 
to the above factors that have made it possible to access 
affordable cardiovascular treatment (3). 
	 The term cardiovascular disease is an umbrella term 
that includes various heart diseases such as arrhythmia, 
atherosclerosis, heart valve diseases, cardiomyopathy, 
pericarditis, myocardial infarction, hypertrophic 
cardiomyopathy, and congenital heart defects (4, 5). These 
cardiovascular diseases occur when blood vessels cannot 
supply blood to the heart muscle. As a result of this blockage, 
the patient experiences symptoms such as angina (chest 
pain), shortness of breath, or heart attack (6). Researches 
have identified some common risk factors for heart disease. 
These include lifestyle choices such as smoking and 
sedentary behavior, as well as cardiometabolic factors 
such as high blood pressure, high cholesterol, obesity, and 
diabetes (7, 8). However, additional research is needed on 
other risk factors that might increase the probability of heart 
disease. 
	 Since innovative methods such as vascular imaging and 
three-dimensional echocardiography for diagnosing and 
treating cardiovascular diseases are not universally available, 
healthcare providers rely on traditional approaches such as 
exercise-based electrocardiograph guidelines (9). Public 
policy can be developed to educate the population on early 
detection and risk management. These initiatives have been 
identified as important components in reducing the incidence 
of cardiovascular diseases to improve patient outcomes 
(10, 11). Preventative measures to combat risk factors have 
significantly reduced the mortality rate, but more research 
is needed to diagnose and prevent cardiovascular diseases 
(12). 
	 The use of age and sex variables in combination with 
clinical factors can yield a better overall analysis and 
understanding of cardiovascular health (13, 14). At the 
fundamental level, these variables can provide a non-invasive 
observational approach to assessing cardiovascular risk. The 
progression of age represents the passage through different 
developmental stages, which can put older individuals at risk 
of cardiovascular disease (15). Also, the biological differences 
between males and females can play a crucial role in shaping 
and influencing both physical and psychological processes 
in individuals, so research is needed to further investigate 
the impact factors such as age and sex in diagnosis of 
cardiovascular disease (16).
	 Chest pain, often referred to as angina, is a common 
symptom of heart disease and is an indication that the heart is 
not receiving oxygen-rich blood (17). Researchers have used 
chest pain as a key diagnostic tool, because it may signal that 

Predictive modeling of cardiovascular disease using 
exercise-based electrocardiography

SUMMARY
Cardiovascular disease is the leading cause of 
death globally, highlighting the need for research 
focused on early detection and risk management to 
enhance patient outcomes. This study investigated 
the association between eleven cardiovascular 
risk factors and the presence of heart disease, 
hypothesizing a significant relationship between 
these factors and heart disease. The goal of this 
study was to create a model that could predict 
cardiovascular disease outcomes using exercise-
based electrocardiography. We hypothesized that 
there would be significant associations between 
various risk factors and the presence of heart disease. 
Specifically, we aimed to investigate the relationships 
between demographic factors (age and sex), clinical 
symptoms (chest pain type), and physiological 
measurements (resting blood pressure, cholesterol 
level, fasting blood sugar, resting ECG results, 
maximum heart rate achieved, exercise-induced 
angina, oldpeak, and ST slope) with the presence or 
absence of heart disease. This approach allowed us 
to examine predictors across different categories that 
may affect cardiovascular health. We identified seven 
significant predictors of heart disease presence from 
the initial eleven risk factors, utilizing non-parametric 
data and multivariate analysis. Our findings were 
compared with contemporary research to evaluate the 
changes in heart disease risk factors over time. The 
results indicate that advancements in imaging, three-
dimensional electrocardiography during exercise, 
and automated reporting systems are improving the 
diagnostic capabilities of traditional exercise-based 
electrocardiography. This research contributes to 
the ongoing efforts to improve early detection of 
cardiovascular disease.
INTRODUCTION
	 Cardiovascular disease has been the leading cause of 
death globally for decades. There were 14 million deaths 
worldwide related to cardiovascular disease in 2000 (1). 
This number increased to 18.5 million in 2019, with a nearly 
identical number of deaths among males and females (2). In 
2020, there were 928,741 deaths related to cardiovascular 
disease in the United States, which accounted for 41.2% of 
deaths in the United States attributable to cardiovascular 
disease (2). Death rates from cardiovascular diseases have 
fallen in many countries due to the increase in awareness 
about cardiovascular health, advances in cardiovascular 
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the heart is under stress and indicate a serious cardiovascular 
problem. Understanding the specific relationships between 
different chest pain types and diseases can improve diagnostic 
accuracy and allow patients to receive better treatment (18). 
Chest pain perception can vary between sexes, meaning that 
sex-specific associations of chest pain type and heart disease 
can lead to a more accurate prediction of the presence or 
absence of heart disease (19). In the dataset used in this 
study, four types of chest pains (typical angina, atypical 
angina, non-anginal pain, and asymptomatic chest pain) were 
used as biomarkers of heart disease. 
	 The first objective of this study was to develop a model 
for predicting the outcome of cardiovascular disease using 
exercise-based electrocardiography (EBE). A standard 
electrocardiograph (ECG) measures heart activity at rest, while 
EBE measures heart activity during physical exertion. The 
second objective was to establish a baseline for comparison 
with more recent data. By using a comparative approach, 
we could assess the evolution of heart disease risk factors, 
which could contribute to ongoing efforts to improve the early 
detection of cardiovascular disease. Most of the existing 
literature on cardiovascular disease focuses on current data, 
often ignoring historical trends that can provide valuable 
insights (20). Comparative analysis can help clinicians and 
medical researchers track the evolution of cardiovascular risk 
factors over time and identify predictors that have remained 
relevant and important in current cardiovascular medical 
research (21).
	 Predictive modeling using data and statistical tools has 
been used extensively in medical research to predict outcomes 
based on patterns in data (22, 23). Predictive modeling can 
provide insights for early detection, risk assessment, and 
personalized treatment strategies. For cardiac studies, 
variables with biological, physiological, and developmental 
implications can affect a wide range of outcomes (24). By 
using this data, clinicians can make informed decisions about 
patient care management (25). We used logistic regression 
in this study because it is well suited for binary classification 
of dichotomous outcomes (presence or absence of heart 
disease). 
	 We hypothesized that there are significant associations 
between various risk factors and the presence of heart 
disease. Specifically, we aimed to investigate the relationships 
between demographic factors (age and sex), clinical 
symptoms (chest pain type), and physiological measurements 
(resting blood pressure, cholesterol level, fasting blood sugar, 
resting ECG results, maximum heart rate achieved, exercise-
induced angina, oldpeak, and ST slope) with the presence 
or absence of heart disease. This approach allowed us to 
examine predictors across different categories that may affect 
cardiovascular health. 

RESULTS
	 We hypothesized that there would be a significant 
association between cardiovascular risk factors and heart 
disease. To test this hypothesis, we analyzed a dataset 
which included data about 918 patients from 5 locations. Our 
research focused on examining the impact of various risk 
factors that could help diagnose cardiovascular disease. In 
the heart disease dataset that was used in this study, there 
were 193 females (21%), 725 males (79%), and the age range 
of participants was from 28 to 77 years (Table 1).

Sex and age categories taken together are not 
significantly associated with heart disease
	 We used age and sex as initial variables for investigation 
in this study. An investigation of distribution by sex and age 
for the presence of heart disease shows that the prevalence 
of heart disease is higher for males across all age categories 
(Figure 1). To analyze these variables, we used a chi-square 
test of independence to examine the association between 
age categories and sex. There was no significant association 
between sex and age category combined regarding the 
presence of heart disease (χ² = 6.719, df = 918, p = 0.081), 
but we observed in the dataset that males had a higher 
prevalence of heart disease compared to females. Therefore, 
sex and age categories together did not have a significant 
combined effect on the presence of heart disease. 

Table 1: Demographic information of the patients from four 
locations sourced from UCI Machine Learning Repository (n 
= 918). From 1190 original cases, we curated 918 after eliminated 
cases that contained missing or inaccurate information.

Figure 1: Heart disease by age distribution and sex (n = 508). 
Males (n = 458) across all age categories had a higher prevalence of 
heart disease than females (n = 50). The 51-60 age category showed 
the highest prevalence of heart disease for males as well as females. 
A chi-square test showed males had a statistically significant higher 
prevalence of heart disease compared to females χ2(1, n = 918) = 
1004.74, p < 0.001
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Chest pain types have a significant association with 
heart disease 
	 Next, we wanted to identify whether certain types of chest 
pain are more strongly associated with heart disease, which 
can aid in diagnosis and patient management. The types of 
pains examined were typical angina, atypical angina, non-
anginal pain, and asymptomatic pain. Typical angina refers 
to chest discomfort such as pressure or squeezing as a 
result of exertion or stress. Atypical angina presents as chest 
discomfort in the form of a sharp pain that may not be related 
to physical exertion. Non-anginal pain may not be related 
to cardiac disease as it can be caused by gastric, muscle, 
or pulmonary issues. Asymptomatic pain (also called silent 
heart attack) is when a patient has a heart condition but there 
are no noticeable symptoms.
	 We used a chi-square test of independence to examine 
the relationship between chest pain type and heart disease. 
There was a statistically significant association between chest 
pain type and heart disease (χ² = 268.067, df = 3, p < 0.001) 
for both males and females. This suggests that the type of 
chest pain experienced is significantly related to the presence 
or absence of heart disease. A closer look at the data reveals 
different patterns between chest pain type and sex. Males 
with asymptomatic chest pain had a higher prevalence of 
heart disease as compared to males with typical angina 
who showed a lower prevalence of heart disease (Figure 2). 
These findings suggest that chest pain is an important factor 
to consider in the diagnosis and risk assessment of heart 
disease.

Predictors of heart disease
	 We next investigated the effect of all 11 predictor variables 
on the heart disease classification outcome. Based on the 
types of variables (nominal and continuous) that were present 
in this study, binary logistic regression was used for analysis. 
Binary logistic regression calculates the probability of 
success over the probability of failure by providing the results 
in the form of an odds ratio (26). The expected outcome 
was heart disease, coded as 1, and the absence of heart 
disease was coded as 0. The objective was to identify the 

most significant factors contributing to heart disease. The 
coefficients, standard error, z-statistic, Wald, p-values, and 
Exp (Coefficients) collectively provide information about 
predictive power of the statistical model (Table 2). 
	 The significant predictors of heart disease, in order of 
impact based on odds ratio values Exp(B), were ST slope, 
sex, exercise angina, fasting blood sugar, chest pain type, 
oldpeak, and serum cholesterol. ST slope in an ECG 
measures the interval between the stages of electrical activity 
in the ventricles of the heart. Oldpeak is a measurement of 
the ST segment depression that is induced by exercise 
relative to rest. Serum cholesterol is a measurement of the 
total cholesterol concentration per deciliter of blood. The non-
significant variables were resting ECG, age, resting blood 
pressure, and maximum heart rate. Resting ECG refers to 
the results of an ECG test, classified as normal or abnormal. 
One unit change in the coefficient (B) predictor value would 
cause a change in the Exp(B) log odds outcome probability. 
The heart disease target group probability would be equal to 
the non-target normal group probability if the odds ratio was 
equal to 1. For all predictors with an odds ratio greater than 1, 
the event would be likely to occur. As an example, the odds of 
a person having heart disease due to high fasting blood sugar 
would be 3.013 times higher than a normal person who does 
not have high fasting blood sugar.
	 In the null model, no predictors are included, whereas the 
estimated model includes the predictors and the outcome. 
High loglikelihood and low deviance parameters show a 
strong alignment of the model with the data points (27). The 
model met both conditions in this study (Table 3). The model 
fit summary also shows the R-square values that range 
from 0.0472 to 0.639. The R-square value (also called the 
coefficient of determination) indicates how well the model is 
able to make predictions based on the dataset. Nagelkerke’s 
R-square is the adjusted version of Cox & Snell’s R-square, 
which showed 63.9% of the change in the criterion variable 
could be accounted for by the predictor variables in the 
model (28). The quality of the statistical model was further 
confirmed by reviewing the AIC (Akaike Information Criterion) 
and BIC (Bayesian Information Criterion). Lower values in the 

Figure 2: Number of individuals who were reported to experience one of four types of chest pain (n = 918). A) Females with no heart 
disease are more likely to have atypical angina and non-anginal pain, but females with heart disease are more likely to be asymptomatic. B) 
Males with asymptomatic chest pain have a higher prevalence of heart disease. The chi-square test showed significant association between 
sex and chest pain type (χ2 = 36.879, p < 0.001).
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estimated model compared to the null model indicate better 
goodness of fit and performance of the logistic regression for 
the given set of data (29). The result confirmed our model’s 
reliability and the validity of its predictions.

Predictive model performance
	 To evaluate the performance of the model, we used a 
classification table, which is also referred to as a confusion 
matrix (Table 4). For the normal group (no heart disease), the 
model was able to correctly predict 247 (84.3%) cases, and 
63 cases were predicted incorrectly. For the target group of 
individuals who were diagnosed with heart disease, the model 
correctly predicted 435 (85.63%) of the cases and incorrectly 
predicted 73 cases. In both scenarios (normal and heart 
disease classification), the model prediction was correct the 
majority of the time. The overall percentage accuracy of the 
model in classification was calculated to be 85.18%.

DISCUSSION
	 The purpose of this study was to develop a predictive model 
for heart disease using 11 variables that were associated with 
EBE. The results of this study showed the value of using EBE 
historical data along with other demographic, physiological, 
and diagnostic factors to create a predictive model for 
detecting coronary artery disease. By comparing the results 
of this study with more recent data, it is possible to assess 
historical heart disease risk factors that have remained 
consistent. Researchers can further investigate these factors, 
which can help with early detection of cardiovascular disease. 
To conduct a comparison with the dataset that was used in 
this study, we used four current, comprehensive, and highly 
cited studies that included at least some of the variables of 
this study. 
	 We compared comparative data analysis that showed 
evolving trends and patterns for cardiovascular risk factors 
over time with trends reported in several recent studies. 
Researchers have attributed an increase in cardiovascular 
disease to an aging society (2). Advancements in medical 
and health interventions have counteracted the detrimental 
effects of an aging population on cardiovascular disease (30). 
Additional factors such as sedentary behavior, alcohol and 
tobacco consumption, and high blood pressure also have 
a high impact on the increase of cardiovascular disease. It 
is interesting to note that cardiovascular disease showed a 
declining trend among young adults, but among older adults, 

a higher prevalence of cardiovascular disease was observed 
(31). These patterns showing an increase in cardiovascular 
disease can be explained by an improvement of health 
standards in contemporary medicine, with guideline-directed 
therapy reducing the risk of mortality due to cardiovascular 
disease (32). Previous studies have used demographic 
variables such as sex and age categories as predictors (4, 8). 
However, our study did not find a significant combined effect 
on the presence of heart disease. There is a need to reassess 
the impact of these demographic factors in risk assessment 
models. Our study found that males had a higher prevalence 
of heart disease as compared to females in all age categories. 
This finding suggests attention needs to be paid to male-
specific risk factors, prevention strategies, and biological or 
lifestyle factors that could have contributed to this disparity. 
Researchers have recognized personalized medicine an 
effective approach to enhance patient care as it is able to 
leverage genetic information, advanced imaging techniques, 
and computational modeling to provide individualized 
treatment strategies (33). The broader categories of age and 
sex can combine with other, more specific, risk factors to 
show an interaction where personalized medicine can lead 
to earlier diagnosis. Interaction results in certain risk factors 
having different levels of influence rather than additive effects 
for all variables. The significant factors identified in this study 
can assist medical practitioners in detecting coronary artery 
disease and guide personalized treatment approaches, which 
can improve patient outcomes. 
	 Several of the 11 variables used in this study that are 
relevant in cardiovascular research to predict disease risk 
were also previously identified as significant risk factors (30). 
Although males had a higher prevalence of heart disease, the 
combined effect of age and sex as predictors has diminished 
in predictive accuracy, perhaps as a result of advancements 
in medical interventions and changes in lifestyle patterns 
(30). Our findings that that age and sex were important but 
not significant predictors contrasts with another report that 
showed disparities in cardiovascular disease mortality 
between sexes across regions (2). This may have been due 
to the characteristics of the sample in our dataset, which 
may have caused sampling bias. In general, there were 
higher death rates in males compared to females based on 
worldwide statistics. The recent finding that cardiovascular 
risk factors differ by sex with men generally having higher 
risks is consistent with the results of this study (31). Previous 

Table 3: Model fit summary of Null model compared to Estimated 
model for prediction of outcome of heart disease. The Null model is 
a reference model with no predictors. The estimated model includes 
predictors to explain the data. The estimated model provided a 
better model fit for loglikelihood, deviance, AIC (Akaike Information 
Criterion), and BIC (Bayesian Information Criterion). 

Table 2: Coefficient Matrix of 11 predictor variables (n = 918).  
Model parameters showed seven significant predictors (* shows 
significance p < 0.01).
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studies have highlighted sex disparities in cardiovascular 
disease prevalence, and have recommended using age as 
a modulator for more nuanced models that account for the 
interactions between age and sex (2, 32).
	 For chest pain type as a predictor of cardiovascular 
disease, the results of this study found a significant 
association between all chest pain types and the presence 
of heart disease. Males experiencing asymptomatic chest 
pain showed the highest prevalence of heart disease of all 
the chest pain types. Asymptomatic chest pain means that 
the chest pain is silent and does not cause anginal symptoms. 
Asymptomatic chest pain can be used as an indicator of the 
prevalence of heart disease. This can be diagnosed using 
screening tests such as ECG. For females, the association 
between chest pain type and the presence of heart disease 
was also significant. As compared to males, females showed a 
stronger association between typical angina, atypical angina, 
and non-anginal pain and the absence of heart disease. 
For asymptomatic pain, both sexes show an association 
with heart disease, but it was stronger for males (82.9%) 
than females (55.7%). Previous studies have found a higher 
prevalence of heart disease in individuals with typical angina 
(30). This counterintuitive finding shows the complexity of 
predicting the outcome of cardiovascular diseases solely 
based on chest pain characteristics. Using 2022 data, it had 
been noted that the complexity of relying on chest pain type 
to diagnose heart disease needs further research into chest 
pain characteristics (32). The other studies did not specifically 
address the issue of chest pain type, so the results of this 
study can provide valuable insights into developing broad 
risk assessment models of chest pain type as one of the 
predictors for diagnosis. Clinical practitioners can educate 
patients that the absence of heart pain does not indicate the 
absence of heart disease. 
	 The predictive model used in this study included a 
combination of parameters under the demographic, symptom/
clinical, physiological, and diagnostic categories. The data 
analysis showed good accuracy in identifying factors that 
significantly impact the presence of cardiovascular disease. 
The potential of using EBE data with other factors can enhance 
the non-invasive detection of coronary artery disease. This 
combination will help with more timely and informed patient 
diagnosis and treatment. The results of this study showed the 
value of using EBE historical data along with other factors 
to create a predictive model for detecting heart disease. The 
significant predictors found for the outcome of heart disease 
were ST slope, sex, exercise angina, fasting blood sugar, 
chest pain, oldpeak, and cholesterol. Although age was not 
a significant predictor in the logistic regression model for this 
dataset, other studies have found that age may interact with 
other factors in ways that may require further research (34, 
35). It is possible that the age variable may be modulated by 

ethnicity and genetic predisposition (36). As this study and 
other researchers have reported, the significant role of sex 
in predicting heart disease suggests that differences such as 
hormonal, genetic, or behavioral may play a crucial role in 
heart disease risk (37).
	 Another predictor found in this study, ST slope, was not 
shown to have a predictive significance of ST-level changes 
in a sample of Finnish nationals (38). However, the data was 
not collected as part of EBE. Rather, the study was conducted 
using normal electrocardiography. This result could also have 
been due to variability or contextual differences between 
the samples. Further research is needed to understand the 
underlying factors contributing to these differences. For the 
oldpeak variable that was significant in this study, a review of 
recent literature revealed an absence of studies that mention 
this predictor. This gap in the current literature suggests a 
need to investigate this variable further to confirm the findings 
of this study. 
	 In addition to blood pressure, cholesterol, and fasting 
blood sugar, which were significant predictors in this study, 
new variables such as body mass index and hemoglobin 
A1C have been identified as significant predictors in other 
studies (31). For future studies, researchers could use 
other recent predictors in EBE, such as exercise capacity, 
diastolic function, and myocardial strain (39, 40). Another 
study made similar suggestions regarding modern imaging 
and computational modeling to improve diagnostic accuracy 
(2). Over the years, predictive models for heart disease have 
evolved to include different variables due to advances in 
medical science. Twenty years ago, many experts considered 
age, sex, cholesterol level, and smoking status to be the main 
factors that contributed to the risk of heart disease (7). Risk 
models today incorporate other variables besides previously 
established risk factors, including biomarkers (e.g., high-
sensitivity C-reactive protein), imaging diagnostics, and 
lifestyle factors (8). We found that cholesterol and fasting 
blood sugar continue to be important factors, but the data 
also showed that ST slope and exercise-induced angina are 
significant and consistent with current findings. This means 
that while traditional predictors are still useful, additional 
variables measured through EBE could further improve the 
assessment of heart disease risk. Newer imaging technologies 
and biomarkers could further improve diagnostic accuracy. 
This integrative approach can lead to more personalized 
treatment strategies and better patient outcomes. 
	 We used a secondary dataset for this study. Secondary 
data is extensively used in clinical research as it provides 
advantages such as the ability to source data from hard-to-
reach participants (41-43). Cardiovascular disease is a broad 
term that includes a range of diagnoses related to risk factors, 
including those that may be congenital or genetic. Also, the 
dataset used in this study did not look at risk factors that could 
affect specific diagnoses.
	 Although the dataset used in this study had cases from 
multiple regions (Cleveland, Long Beach (VA), Hungary, 
Switzerland, and the UCI Heart Dataset), individual locations 
were not identified for each case. Having this information 
included and coded in the dataset would have enabled 
further comparative analysis. Since different locations can 
have unique characteristics such as environmental and 
socioeconomic factors, these variables could have influenced 
cardiovascular disease parameters for the cross-sectional 

Table 4: Classification table matrix (n = 918). The model was able 
to correctly identify at a high rate the cases of heart disease and 
those without (normal). Target 0 indicates no heart disease; target 1 
indicates heart disease is present.
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data collected and compiled in the dataset.
	 Our study bridged a research gap by comparing historical 
and contemporary data on cardiovascular disease predictors 
by using EBE, which continues to be used today for the 
diagnosis of cardiovascular disease. The continued relevance 
of significant variables found in this study, such as resting 
blood pressure, cholesterol, and fasting blood sugar, shows 
the complexity of cardiovascular disease risk assessment. 
New insights are needed into sex-specific risk factors, and the 
diagnostic significance of chest pain types highlights areas 
for further research and clinical focus. Specifically related 
to EBE, we found that recent advancements in imaging, 
three-dimensional echocardiography during exercise, and 
automated reporting systems are enhancing the use of a 
traditional exercise-based echocardiography for diagnostics 
(40). Using modern findings along with historical data can 
enhance our understanding of heart disease predictors, which 
can contribute valuable knowledge by aiding practitioners 
and researchers in diagnosing cardiovascular disease. 

METHODS
Data collection
	 The heart disease dataset was sourced from Kaggle, a 
repository of datasets in different fields (44). The dataset was 
located by using keywords such as cardiovascular disease, 
risk factors, angina, and electrocardiography. These search 
terms resulted in several datasets, from which we chose the 
heart disease dataset since it curated multiple other data sets 
that were available independently but not combined before. 
The dataset included a sample of patients with and without 
cardiovascular disease from five different locations. Data 
used in this study was collected using electrocardiography, 
a widely used non-invasive diagnostic tool to examine heart 
function (45).

Variables
	 The variables from six different locations included 
demographic factors (age and sex), symptom/clinical factors 
(chest pain type and exercise angina), physiological factors 
(resting blood pressure, serum cholesterol, fasting blood 
sugar, maximum heart rate), and diagnostic factors (resting 
electrocardiograph, oldpeak (ST depression induced by 
exercise relative to rest), and slope of ST segment). The 
dataset included readings for four different types of chest 
pain which were used for analysis. These types of pains 
were typical angina, atypical angina, non-anginal pain, and 
asymptomatic pain.

Data preprocessing
	 Data was imported into SPSS (version 29), which was 
the statistical analysis software used in the study. Initial 
exploration of the dataset identified several problems that 
required attention. There were 1190 cases in the original 
dataset. A check was done to determine if there were any 
duplicate cases across the predictor and outcome variables. 
It was found that the dataset had 272 duplicate cases, so 
these were eliminated, and the remaining 918 unique cases 
were used for further analysis. Additionally, it was found that 
there were 172 cases in the dataset that had a recorded 
cholesterol value of 0, which is not a valid value for cholesterol 
levels. Per SPSS guidelines in tagging missing values, these 
values were recoded as -1 to signify missing data and to avoid 

misrepresentation during further analysis. Three other cases 
were removed due to an invalid ST Slope, BP recorded as 
0, and missing data for ST Slope and BP. By making these 
corrections, it was confirmed that the dataset of 918 was 
reliable and ready for analysis. 

Statistical analysis
	 Multivariate characteristics in the form of categorical, 
continuous values and attributes of predictor variables, 
and the binary outcome variable were included in the 
dataset. The next step was to check for multicollinearity 
among the predictor variables. Multicollinearity is present 
when two variables are highly correlated, which makes it 
difficult to determine the individual effect of each variable. 
Multicollinearity is determined by examining the correlation 
matrix of the independent variables. The correlation matrix 
of predictor variables showed values for under acceptable 
levels of 0.7, indicating that multicollinearity as not an issue 
for this dataset (46). Chi-square analysis for non-parametric 
analysis and logistic regression procedure were used to test 
the hypotheses. We utilized predictive variables that have 
been historically associated with cardiovascular disease (47, 
48).
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