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Abstract:
Heart disease is a general term for heart diseases, 
including rheumatic heart disease, congenital heart 
disease, hypertensive heart disease, coronary heart disease, 
myocarditis and other heart diseases. As a major cause 
of death worldwide, it is important to further improve 
the prediction, monitoring, and effective prevention and 
treatment of heart disease based on the current level of 
science, technology, and medical care. This study is based 
on thirteen quantifiable factors influencing heart disease 
and conducts both overall logistic regression and paired 
logistic regression analyses. In the process of regression 
analysis, this paper highlights the statistical significance 
of each variable, and the results of the regression analysis 
are presented as a more accurate heart disease prediction 
model, which can be updated regularly to improve the 
timeliness of the heart disease prediction model, taking into 
account the influence of time factors. In addition to this, 
the paper also asserts the dilemmas and challenges faced 
by this research from other perspectives, such as genetics, 
lifestyle, etc., and realizes that in real life, researchers 
should consider the multidimensional influences of heart 
disease more comprehensively.

Keywords: Logistic regression; correlation analysis; 
heart disease.

1. Introduction
Nowadays, heart disease has become the leading 
cause of death worldwide, causing millions of deaths 
every year [1]. According to available data, 1.2 mil-
lion people had coronary heart attacks in the United 
States in 2005, and nearly half of them died from 
the disease [2]. And it is evident that heart disease is 
the leading cause of death worldwide [3]. Therefore, 
there is an urgent need to increase researchers’ focus 
on prevention and treatment methods for heart dis-

ease.
With the rapid development of science and tech-
nology, treatments for heart disease are constantly 
being updated, from the early methods such as drug 
eluting stents, coronary-artery bypass-graft surgery 
and anti-thrombosis to today’s innovative treatments 
like Biopharmaceutical-based therapies, the medical 
community is constantly working to develop new 
treatments and drugs to reduce the mortality caused 
by heart disease [4]. However, it is also crucial to an-
alyze the factors that influence the incidence of heart 
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disease. An in-depth study of the multiple risk factors 
behind this prevalent and highly lethal disease can help 
doctors achieve early surveillance and develop effective 
preventive measures [5].
Notably, advances in early screening technologies have 
played a significant role in reducing mortality from heart 
disease, such as the electrocardiography method, which 
provides a more viable pathway for early detection of 
heart disease [6]. Although the risk factors for heart dis-
ease are now well understood by the medical and scientif-
ic communities, most research has focused primarily on 
the impact of underlying diseases (e.g., hypertension and 
diabetes) on heart disease risk [7]. The interactions be-
tween different body markers and these risk factors have 
not been fully resolved to some extent.
Available data suggest that genetic factors such as congen-
ital heart disease, lifestyle habits, and living environment 
are important risk factors for heart disease. For example, 
unhealthy lifestyle, dietary habits such as smoking and 
physical inactivity can seriously affect the body’s indi-
cators, thereby increasing the risk of heart disease [8]. In 
addition, the prevalence of heart disease is closely related 
to geographic location and the level of development of 
a country, with relatively high prevalence in developing 
countries and low prevalence in developed countries such 
as Europe [9]. Other studies have also shown that poor 
lifestyle habits such as lack of daily physical activity are 
important factors influencing the risk of heart disease [10].
However, these non-quantitative influences make it dif-
ficult to precisely describe their interactions and impact 
on the incidence of heart disease, making it impossible 
to perform a precise comparative analysis of the impact 
of each factor. Therefore, this study attempts to match 
non-quantitative factors such as lifestyle habits and under-
lying diseases with corresponding physiological indicators 
in order to provide a more in-depth data analysis of heart 
disease incidence.
This study aims to provide a comprehensive assessment 
and data analysis of the risk factors for heart disease inci-
dence from a statistical point of view through multivariate 
regression analysis and binary logistic regression analysis 
and to further explore the complex relationship between 
these factors and the incidence of heart disease at the bio-
medical level. In addition, building on previous studies, 
this article pays special attention to the role of quantita-
tive indicators in the analysis of heart disease risk, thus 
providing a new perspective for understanding the com-
plexity of heart disease incidence. Meanwhile, predicting 
future trends in heart disease incidence has become one of 
the topics of extensive research [11].
This paper used R Studio, Python, and SPSS for data anal-
ysis in order to visualize the data and provide clear and 

intuitive graphical presentations. Through this method, 
this research hopes to provide a more scientific basis for 
the prevention, diagnosis, and treatment of heart disease 
from a statistical perspective, and to reveal the multiple 
influencing factors of heart disease incidence, thus paving 
the way for the development of effective treatment and 
prevention strategies.

2. Methods

2.1 Data Sources and Processing
The study used data (from Kaggle) from 271 independent 
patients with potential heart disease. The data included 
indicators of the physiologic and medical dimensions of 
each sample and whether or not those samples had heart 
disease. The information for each sample contained: age, 
gender, type of chest pain, blood pressure, cholesterol 
level, fasting glucose, electrocardiogram results, maxi-
mum heart rate, exercise angina, ST-segment depression, 
ST-segment slope, number of blood vessels visible on flu-
oroscopy, and thallium scan results. This research ensured 
the completeness of these data and labeled some binary 
data as 0 and 1 to facilitate logistic regression analyses 
based on these data.

2.2 Method Introduction
This analysis used multivariate logistic regression models 
to analyze the relationship between these variables and 
the occurrence of heart disease. The independent variables 
included age, sex, type of chest pain, blood pressure, 
cholesterol, fasting blood glucose level over 120 mg/dL, 
electrocardiogram findings, maximum heart rate, exer-
cise-induced angina, ST-segment depression, ST-segment 
slope, number of visible blood vessels, and thallium scan 
findings. The corresponding dependent variable was the 
presence of heart disease.
The data were initially divided into a training set (70%) 
and a test set (30%). Data were processed using the Py-
thon Pandas library, and logistic regression models were 
built and trained using the Sklearn library. The outputs 
relate to the confusion matrix, precision, recall and F1 
score, which this paper can use to assess the value of the 
model, while the regression coefficients are calculated to 
assess the importance of each independent variable in pre-
dicting the occurrence of heart disease.
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3. Results and Discussion

3.1 Model Result Evaluation
The confusion matrix visualizes the classification effect 
of the model, which accurately predicted 46 non-diseased 
and 21 diseased individuals, 3 non-diseased individuals 
were misclassified, and 11 diseased individuals were 
missed. The overall accuracy of the model is 0.83, the 
macro-mean accuracy is 0.84, and the weighted mean ac-
curacy is 0.83.
Firstly, these metrics show that for predicting non-dis-
eased individuals (category 0), the model has a very high 
recall (0.94), indicating that the model recognizes the vast 
majority of non-diseased individuals, but the precision 
is relatively low (0.81). Secondly, for the prediction of 
diseased individuals (category 1), the precision is high 
(0.88) but the recall is low (0.66), indicating some degree 
of underreporting (i.e., failing to correctly identify cardiac 
patients). Thirdly, with an accuracy of 83%, the model had 
a balanced performance in terms of precision and recall 
and performed particularly well in predicting not disease 
cases. This analysis utilized logistic regression modeling 
to assess the impact of various physiological and medical 
predictors on the likelihood of heart disease. The model 
equation is expressed as:

	 logit p Age
Sex Thallium+…+ ×

( ) = − × + ×
0.3222

0.0076 1.1092 � (1)

In this equation, the presence of heart disease (binary 
outcome variable: 0 for absence and 1 for presence) is 
the outcome variable, and the predictor variables include 
age, sex, type of chest pain, blood pressure, cholesterol 
level, fasting glucose over 120 mg/dL, electrocardiogram 
findings, maximum heart rate, exercise-induced angina, 
ST-segment depression, ST-segment slope, number of 
blood vessels visible by fluoroscopy, and thallium scan-
ning results.
Each coefficient in the model quantifies the effect of a 
one-unit increase in one of the predictor variables on the 
prevalence of heart disease while controlling for other 
variables to remain constant. For example, the coefficient 
for sex is 1.109213, which suggests that transitioning 
from the reference group (usually female) to the other 
group (usually male) increases the log odds of developing 
heart disease by approximately 1.109213, holding other 
factors constant. In addition, negative coefficients, such as 
-0.541668 for fasting glucose above 120 mg/dL, suggest 
that the higher the predictive value of this predictor, the 
lower the probability.
The validity of the model was assessed using statistical 
metrics including confusion matrix, accuracy, recall, and 
F1 score, indicating a relatively high level of accuracy and 

reliability in the prediction of heart disease.

3.2 Paired Regression Analysis
In this section, the paper used binary logistic regression 
modeling to assess the direct relationship between multi-
ple heart disease risk factors and heart disease incidence. 
By analyzing the data-complete sample, all risk factors 
were significantly associated with heart disease incidence, 
except fasting blood sugar over 120 mg/dL (FBS over 
120) and electrocardiogram results (EKG results). Specifi-
cally, age, gender, type of chest pain, blood pressure, cho-
lesterol level, maximum heart rate, exercise-induced angi-
na, ST-segment depression, ST-segment slope, number of 
visualized blood vessels (number of blood vessels fluro), 
and thallium test results were all significantly associated 
with the incidence of heart disease. Logistic regression 
analysis showed statistically significant regression coeffi-
cients and narrow confidence intervals for these variables, 
with high predictive value.
The results of this study demonstrate significant differenc-
es in the importance of individual factors in assessing and 
managing heart disease risk. While most of the factors ex-
amined were significantly correlated with the development 
of heart disease, fasting blood glucose and electrocardio-
gram results did not show similar associations, suggesting 
the need for further research into the value of these factors 
in the assessment of heart disease risk. In addition, the 
findings provide valuable information for clinicians to 
identify and predict patients with heart disease.
This section presents a visualization of the relationship 
between various influencing factors and the incidence of 
heart disease, utilizing Python for analysis. The resulting 
graphs depict the associations between several key vari-
ables and the probability of heart disease incidence, as 
determined through binary logistic regression analysis. 
In each graph, the blue shaded area represents the 95% 
confidence interval, which serves as an indicator of the 
reliability of the model predictions. The horizontal axis of 
the plots delineates the factors influencing heart disease, 
while the vertical axis reflects the probability of heart dis-
ease onset.
To facilitate a comprehensive examination of these rela-
tionships, the correlation plots are categorized into three 
distinct groups. The first category consists of plots charac-
terized by narrower confidence intervals, which indicate 
high accuracy in model predictions and hold significant 
clinical relevance. These plots assist healthcare profes-
sionals in better understanding and assessing the risk 
factors associated with heart disease. The second category 
encompasses plots with moderate confidence intervals, 
which, while still meaningful, suggest a greater degree of 
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uncertainty. Finally, the third category includes plots with 
wider confidence intervals, indicating poorer predictive 
performance. This systematic approach to categorizing 
the plots allows for a nuanced interpretation of the data, 

thereby enhancing researchers’ understanding of the mul-
tifaceted nature of heart disease risk factors. Initially, this 
part will analyze the six plots characterized by narrow 
confidence intervals in this section.

Fig. 1 Chest pain type versus Probability of heart disease
Figure 1 illustrates a positive relationship between the 
severity of chest pain and the probability of heart disease. 
Coronary artery stenosis or blockage is a common man-
ifestation of heart disease, leading to insufficient oxygen 
supply to the myocardial tissue, which subsequently in-

duces chest pain. This finding underscores the significance 
of chest pain type as a critical predictor of heart disease 
risk; more severe chest pain is often indicative of a higher 
likelihood of underlying cardiac pathology.

Fig. 2 Max HR versus Probability of heart disease
Figure 2 depicting maximum heart rate reveals a non-lin-
ear relationship with the probability of heart disease. It 
shows that as the maximum heart rate increases, the prob-
ability of heart disease decreases, indicating an overall 

negative correlation. A higher maximum heart rate typi-
cally signifies better myocardial function and contractility, 
suggesting that individuals with higher maximum heart 
rates exhibit a lower incidence of heart disease.
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Fig. 3 ST depression versus Probability of heart disease
Figure 3 shows that ST-segment depression is positively 
associated with heart disease, as it often reflects myocar-
dial ischemia. The greater the degree of ST-segment de-
pression, the more pronounced the myocardial ischemia, 
which increases the cardiac workload and elevates the risk 

of cardiovascular events. Consequently, a higher degree of 
ST-segment depression correlates with an increased risk 
of myocardial damage and, thus, a greater incidence of 
heart disease.

Fig. 4 Slope of ST versus Probability of heart disease
Figure 4 shows ST slope with the probability of heart dis-
ease which also demonstrates a positive correlation. The 
ST slope serves a similar diagnostic function to ST-seg-
ment depression, providing further differentiation of myo-

cardial ischemia characteristics. A steeper ST slope indi-
cates a higher likelihood of ischemic events, reinforcing 
the association between increased slope and heart disease 
risk.
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Fig. 5 Number of vessels fluro versus Probability of heart disease
Figure 5 renders the analysis of visible blood vessels indi-
cating a positive correlation with heart disease probability. 
The term visible vessels typically refer to the number of 
diseased arteries identified through imaging techniques, 
such as coronary angiography. An increase in the number 

of affected vessels correlates with a heightened risk of 
heart disease, signifying that as the count of visibly dis-
eased blood vessels rises, so does the incidence of heart 
disease.

Fig. 6 Thallium versus Probability of heart disease
Figure 6 demonstrates the thallium test exhibits a positive 
correlation with the likelihood of heart disease. This nu-
clear medicine test assesses myocardial perfusion status; 
more significant defects in myocardial perfusion indicate 
inadequate blood supply to the heart. Therefore, a greater 

degree of abnormality in thallium test results corresponds 
to an elevated probability of heart disease. Next, this pa-
per analyzed four graphs characterized by moderate confi-
dence intervals.
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Fig. 7 Age versus Probability of heart disease
Figure 7 demonstrates a positive correlation between age 
and the incidence of heart disease. As individuals age, 
vascular aging becomes more pronounced, accompanied 
by an increased prevalence of conditions such as hyper-

tension and diabetes. These complex factors contribute to 
a heightened likelihood of developing heart disease as one 
age.

Fig. 8 BP versus Probability of heart disease
Figure 8 reveals a positive correlation between blood 
pressure and the probability of heart disease. Elevated 
blood pressure exerts additional strain on the heart and 

blood vessels, thereby increasing the risk of cardiovascu-
lar complications. Consequently, as blood pressure rises, 
the likelihood of developing heart disease also escalates.
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Fig. 9 Cholesterol versus Probability of heart disease
Figure 9 indicates a positive correlation between choles-
terol levels and the incidence of heart disease. Elevated 
cholesterol levels, particularly low-density lipoprotein 
cholesterol (LDL-C), contribute to the narrowing and 

hardening of arterial walls, subsequently increasing the 
incidence of heart disease. As cholesterol levels rise, the 
probability of developing heart disease tends to increase 
significantly.

Fig. 10 Exercise angina versus Probability of heart disease
Figure 10 illustrates a positive correlation between exer-
cise-induced angina and the risk of heart disease. Exercise 
angina typically manifests as myocardial ischemia result-
ing from the narrowing or blockage of coronary arteries, 
indicating that the heart is unable to receive adequate ox-
ygen and blood supply during physical activity. Thus, as 

the severity of exercise angina increases, so too does the 
likelihood of developing heart disease.
Finally, this paper examined three graphs characterized by 
wider confidence intervals. While these wider intervals re-
flect a higher degree of uncertainty in the predictions, they 
still retain clinical relevance.
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Fig. 11 Sex versus Probability of heart disease
Figure 11 reveals a positive correlation between sex and 
the incidence of heart disease (coded as 0 for women and 
1 for men), illustrating that men exhibit a higher risk of 

heart disease compared to women. It is noteworthy that 
the relatively wide confidence intervals suggest some un-
certainty in the heart disease risk estimates.

Fig. 12 FBS over 120 versus Probability of heart disease
Figure 12 shows that fasting blood glucose levels exceed-
ing 120 mg/dL are inversely associated with the occur-
rence of heart disease, reflecting a slight decreasing trend. 

This indicates minimal changes in the likelihood of devel-
oping heart disease among individuals with fasting blood 
glucose levels above this threshold.
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Fig. 13 EKG results versus Probability of heart disease
Finally, Figure 13 describes the relationship between EKG 
results and the probability of heart disease is positive, sug-
gesting that abnormal EKG findings are associated with 
an increased risk of heart disease.

3.3 Discussion
In the model, this research included 13 prevailing risk 
factors for heart disease as independent variables and the 
presence of heart disease as the dependent variable to 
complete a multivariate logistic regression analysis. This 
paper then compared these variables to the incidence of 
heart disease to assess the value of each variable. Over-
all, all variables showed great value and the results of the 

multivariate regression analysis showed a high degree of 
goodness of fit.
The expectation for this research paper was to construct a 
methodology for predicting the incidence of heart disease 
based on the most reasonable pool of variables. Therefore, 
the most challenging part of the research process was the 
selection and optimization of variables. The variables 
initially selected are widely recognized. However, further 
optimization could certainly improve the overall value of 
the model. The following are the aspects to be optimized:
Correlation: This research requires each variable in the 
model to contribute independently to the risk of heart dis-
ease while maintaining the simplicity of the model. There-
fore, correlation analysis is crucial.

Fig. 14 Correlation Analysis
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The results of Figure 14 which conduct the correlation 
analysis clearly show that there was no excessive correla-
tion between these variables, indicating that the variable 
pool does not suffer from redundancy.
Quantification of variables: To improve the applicability 
and accuracy of the model, this paper quantified all cat-
egorical variables. This included translating qualitative 
variables such as the presence of certain symptoms and 
medical history into numerical indicators suitable for data 
analysis. However, there are still many other influences, 
such as genetic factors, dietary habits, and ethnicity type, 
that have a significant impact on heart health but are diffi-
cult to quantify and therefore difficult to analyze.
Timeliness of the model: Clinical medicine is a rapidly 
evolving field, and new research and data will continue to 
change the understanding of risk factors. Therefore, this 
paper plans to regularly review and update the models to 
incorporate the latest clinical data and research findings 
and to identify new cardiac influences, thus ensuring that 
the models are based on the most current medical knowl-
edge and practice.
Model Diversity: While the paper has developed a com-
prehensive model to predict the incidence of heart disease, 
this paper recognized that different populations (e.g., 
different ages, genders, races, etc.) may require different 
models. Future studies will explore the possibility of cre-
ating multiple sub-models to more accurately serve specif-
ic groups.
Through these efforts, this research hopes to provide more 
accurate and practical tools for heart disease prediction 
and incidence risk control. This will help improve preven-
tion strategies for heart disease and reduce morbidity and 
mortality due to heart disease.

4. Conclusion
The study evaluated the predictive power of each variable 
by integrating 13 recognized influences on the prevalence 
of heart disease into a multivariate logistic regression 
model to predict the incidence of heart disease. Mean-
while, conducting paired regression analysis to identify 
the independent significance of each variable. The inde-
pendent variables included a wide range of physiologic 
and medical indicators that provided a rigorous and com-
prehensive assessment of an individual’s heart health. The 
results showed a high degree of model fit, suggesting that 
these factors collectively provide strong support for the 
prediction of heart disease. Notably, completed correla-
tion analyses examined the independence of the variables, 
confirming that the model was not redundant and there-
fore each variable was essential to the completeness and 
accuracy of the predictive model.

Despite the high predictive power of the established vari-
ables, challenges remain in quantifying complex multifac-
torial influences, such as genetic predisposition, dietary 
patterns, and socioeconomic factors, which are critical but 
difficult to quantify. With these issues in mind, the models 
are regularly updated and incorporate the latest research 
findings and clinical data to ensure that they reflect cur-
rent scientific understanding and clinical practice, thereby 
improving their timeliness. In addition, given the diversity 
of the population, future research will involve sub-models 
for specific groups to improve the accuracy and applica-
bility of predictions. These models will be able to cater to 
risk profiles associated with different ages, genders, and 
ethnicities, thus refining disease prediction efficiency.
In summary, this study not only reinforces the importance 
of established cardiac risk factors but also emphasizes the 
dynamic nature of model development in cardiology - a 
field that requires constant adaptation and enhancement. 
By continually refining the models, these analyses are 
committed to improving heart disease prevention strate-
gies and thereby significantly reducing its morbidity and 
mortality.
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