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Abstract:

This study explores the effectiveness of Logistic Regression in predicting heart disease using a dataset derived from
multiple international databases. Employing a 5-fold cross-validation method, the research aimed to evaluate the model's
accuracy, precision, recall, and F1-score. Results indicated that Logistic Regression performs robustly, with accuracy
ranging from 80% to 88.29%, and high recall rates, highlighting its potential as a valuable tool in medical diagnostics.
Despite some variability in precision, which may lead to higher false positive rates, the model's high recall is crucial in
clinical settings where missing a diagnosis can have dire consequences. The research confirmed the applicability of Logistic
Regression to binary classification problems in healthcare, aligning with existing literature that supports its use in similar
contexts. The study contributes to the field by demonstrating the model's consistency and reliability across diverse data
subsets, reinforcing the potential for machine learning applications in healthcare diagnostics. Future research should focus
on integrating Logistic Regression with other models to improve accuracy and testing the model on more current, varied
datasets to enhance its generalizability and effectiveness in real-world settings.

Keywords: Logistic Regression, Heart Disease Prediction, Machine Learning, Medical Diagnostics, 5-Fold Cross-
Validation, Model Reliability.

Dataset link: https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset

1. Introduction

Heart disease remains a major public health issue worldwide, accounting for a significant number of premature
deaths each year. The ability to predict heart disease effectively can lead to earlier interventions, potentially reducing
mortality and improving quality of life for those affected. Traditionally, the diagnosis of heart disease relies on a
combination of clinical tests, patient history, and expert interpretation, which may not always capture the early stages
of the disease when interventions can be most effective. The advent of machine learning in healthcare presents an
opportunity to harness large datasets for predictive analytics, offering a path to enhance diagnostic accuracy and

patient outcomes.

The primary problem this research seeks to address is the need for an effective, scalable, and accessible method to
predict heart disease at its early stages. Current methods, while effective, often require extensive resources and are not
easily scalable across different populations. This study explores the feasibility of using Logistic Regression [1], a well-

known statistical method in machine learning, to predict heart disease based on readily available clinical data. By
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applying this model to a comprehensive dataset, this research aims to validate the efficacy of Logistic Regression in

a clinical context, potentially providing a tool that could be deployed in a wide range of healthcare settings [2].

The objectives of this research are threefold: first, to evaluate how well Logistic Regression can predict the
presence of heart disease; second, to assess the reliability of the model through statistical measures such as accuracy,
precision, recall, and F1-score [3]-[5]; and third, to explore the benefits of using a standardized dataset for training
predictive models in healthcare. Through these objectives, the study aims to contribute to the ongoing efforts in

medical informatics to improve diagnostic processes using machine learning technologies.

Several research questions guide this study: How effective is Logistic Regression in predicting heart disease using
clinical data? Can a model trained on a subset of standardized features perform comparably to more complex models?
What are the limitations of using Logistic Regression for this purpose, and how might these be mitigated in future
studies? These questions aim to uncover the strengths and weaknesses of applying Logistic Regression to the problem

of heart disease prediction and to identify areas for further research and development.

This research is limited to the analysis of existing datasets and does not include the collection of new clinical data.
The datasets used have been previously anonymized and standardized, limiting the study’s ability to account for
nuanced regional or demographic variations that might affect the model's applicability to different populations.
Furthermore, while Logistic Regression is a robust method for binary classification, its performance compared to more

complex or newly developed machine learning algorithms is not within the scope of this study.

The contributions of this research are anticipated to be significant in the field of medical informatics. By
demonstrating the potential of Logistic Regression to predict heart disease, this study adds to the body of knowledge
supporting the integration of machine learning into clinical settings. Moreover, it provides a methodological
framework for similar studies, which could lead to broader applications of predictive analytics in healthcare. This
research also aims to stimulate further investigation into the scalability and adaptability of simple machine learning

models across diverse healthcare environments, promoting a deeper understanding of their potential and limitations.

2. Method

This study employs a quantitative research design focusing on the application of a logistic regression model to
predict heart disease. The model is tested using historical clinical data, aiming to validate its effectiveness as a
diagnostic tool. The research design incorporates pre-processing, training, testing, and validation phases to ensure
comprehensive evaluation and robustness of the findings [6]-[8]. A visual representation of the entire research process

is illustrated in Figure 1.
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Figure 1: Logistic Regression Evaluation Workflow
Sample or Data Selection:

The dataset used in this research was originally derived from four separate databases: Cleveland, Hungary,
Switzerland, and Long Beach V. It includes 76 attributes from each record, out of which 14 were selected based on
their relevance to heart disease as determined by prior studies. These attributes include age, sex, chest pain type,
resting blood pressure, cholesterol levels, fasting blood sugar, rest electrocardiogram results, maximum heart rate,
exercise-induced angina, ST depression induced by exercise, the slope of the peak exercise ST segment, number of

major vessels colored by fluoroscopy, and thallium stress test results.
Tools and Technology Used:

The analysis was conducted using Python, specifically employing libraries such as Pandas for data manipulation,
Scikit-learn for implementing the logistic regression model and performing cross-validation, and Matplotlib and
Seaborn for data visualization [9]-[11]. Jupyter Notebooks were used as the development environment to facilitate an

iterative exploration and documentation process.
Data Collection Process

The data utilized in this study are publicly available and have been used in numerous research studies, ensuring
their reliability and validity. The dataset was accessed in its anonymized form, with personal identifiers replaced by

dummy variables to protect patient privacy.
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Table 1: Data Collection

No Age Sex Cp Trestbops Chol Fbs Restecg Thalach Exang Oldpeak  Slope Ca Thal Target
0 52 1 0 125 212 0 1 168 0 1.0 2 2 3 0
1 53 1 0 140 203 1 0 155 1 31 0 0 3 0
2 70 1 0 145 174 0 1 125 1 2.6 0 0 3 0
3 61 1 0 148 203 0 1 161 0 0.0 2 1 3 0
4 62 0 0 138 294 1 1 106 0 19 1 3 2 0
1020 59 1 1 140 221 0 1 164 1 0.0 2 0 2 1
1021 60 1 0 125 258 0 0 141 1 2.8 1 1 3 0
1022 47 1 0 110 275 0 0 118 1 1.0 1 1 2 0
1023 50 0 0 110 254 0 0 159 0 0.0 2 0 2 1
1024 54 1 0 120 188 0 1 113 0 14 1 1 3 0

Data Analysis Method

The data analysis encompassed several key phases:

a.

Data Pre-processing: Standardization of the data was necessary to ensure that each feature contributed equally
to the analysis, implemented using the StandardScaler in Scikit-learn. The formula for standardization is
given by [12], [13]:

X—pu
o D

Where X is original value, u is the mean, and ¢ is the standard deviation.

7z =

Model Implementation: Logistic regression [14], [15] was chosen for its efficacy in binary classification

tasks. The logistic function, or sigmoid function, used to estimate probabilities, is defined as [16], [17]:

o) = 1o @
Where t is the linear combination of input features and their respective coefficients.
Cross-validation: To ensure the model's generalizability, 5-fold cross-validation was used [14], [18]-[20].
This method partitions the data into five subsets, iteratively using each subset as a test set while training on

the remaining four.
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d. Performance Metrics: The model's performance was evaluated using accuracy, precision, recall, and F1-
score, calculated as follows [21], [22]:

Number of Correct Predictions

Accuracy =
y Total Number of Predictions
Precisi True Positives
recision = — —
True Positives + False Positives
True Positives (4)
Recall =

True Positives + False Negatives

Pl = 2 X Precision X Recall
" Precision + Recall

Attached visualizations from the data analysis include a pair plot and a correlation matrix, which provide insights
into the relationships and distributions of the features within the dataset.

Sl

A

Figure 2: Scatter Plots
The histograms and scatter plots in the pair plot illustrate the distribution of individual features and their
interactions see in Figure 2, while the correlation matrix highlights the degree to which different variables are linearly
related see in Figure 3.
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Figure 3: Heatmap
Additionally, the distribution of the target variable within the training and testing sets is shown in Figure 4,

indicating the balance of classes across different phases of the study.
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Figure 4: Splitting Dataset
3. Result and Discussion
Table 2: Performance Metrics Across 5-Fold Cross-Validation for the Logistic Regression

K-n _ Performa

Accuracy Precision Recall F-Measure
K-1 88.29 88.63 88.29 88.25
K-2 85.37 85.67 85.37 85.31
K-3 86.34 86.54 86.34 86.31
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Ken Performa
Accuracy Precision Recall F-Measure
K-4 81.95 82.42 81.95 81.85
K-5 80 80.17 80 79.93
Z Avg 84.39 84.686 84.39 84.33

The results of this study demonstrate that Logistic Regression can be an effective tool for predicting heart disease,
validated through a rigorous 5-fold cross-validation process. The performance metrics calculated from each fold
highlight the model’s consistency, with accuracy scores ranging from 80.00% to 88.29%, precision from 80.17% to
88.63%, recall from 80.00% to 88.29%, and F1-Scores from 79.93% to 88.25%.
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Figure 6: Performance Metrics Across 5-Fold Cross-Validation for the Logistic Regression

Performance - Boxplot - Logistic Regression

11T L T 7

0.86 -

Score

0.82

4] 1

T T T T
Accuracy Precision Recall F1_score
Performa

Figure 7: Boxplot Performance Metrics Across 5-Fold Cross-Validation for the Logistic Regression
The boxplot in Figure 7 shows a relatively tight distribution of scores across all metrics, indicating minimal

fluctuation in model performance across different folds. Meanwhile, the line graph in Figure 6 traces the performance
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across each fold, showing a noticeable decline in the last two folds which could be indicative of certain data subset
challenges or variability in test conditions.
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Figure 7: Confusion Matrix

Furthermore, the confusion matrix for one of the folds (Figure 8) presents a detailed view of the model’s predictive
accuracy, with a significant number of true positives and true negatives, affirming the model's ability to correctly
classify the presence and absence of heart disease. This visual representation helps in understanding the model’s
operational characteristics in a clinical diagnostic setting, providing insights into its strengths in detecting positive

cases and its limitations in avoiding false positives.

Discussion

The findings from this research corroborate the utility of Logistic Regression in medical diagnostics, echoing
previous studies that have also highlighted its suitability for binary classification tasks. The high recall observed across
all folds is particularly critical in a medical context where the cost of missing a positive case (false negative) can be
very high. Although the precision was slightly lower, this trade-off is often acceptable in early diagnostic procedures
where the primary goal is to screen patients for further testing.

This study’s reliance on historical datasets may limit the generalizability of the findings to current populations, as
changes in demographic patterns, disease prevalence, and diagnostic technologies could alter the model's
effectiveness. Moreover, the variability in performance metrics, particularly noted in the last two folds of the cross-
validation, suggests that the model could be further optimized or adjusted to account for dataset-specific
characteristics.

In light of these results and their implications, future research should consider exploring the integration of Logistic
Regression with more complex or newly developed machine learning algorithms to enhance both precision and recall.
An ensemble approach might mitigate some of the limitations observed with a single model and leverage the strengths

of multiple predictive models. Additionally, testing the model on a more current and diverse dataset could help in
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assessing its adaptability and robustness across different populations and conditions, ensuring that the tool remains
relevant and effective in the ever-evolving field of healthcare diagnostics.
4. Conclusion

This research successfully demonstrated the efficacy of Logistic Regression in predicting heart disease using a
well-structured dataset, achieving considerable accuracy and high recall across a 5-fold cross-validation framework.
The consistent performance across different subsets of the data, as evidenced by accuracy rates ranging from 80% to
over 88%, highlights the model's reliability and potential utility in clinical settings. Through the detailed analysis and
discussion, it has been established that Logistic Regression can serve as a potent diagnostic tool, particularly due to
its strong capability in identifying true positive cases of heart disease. Despite a slight decrease in precision, which
could lead to an increased rate of false positives, the high recall rate is particularly valuable in medical diagnostics

where the cost of missing a case far outweighs the cost of additional testing.

The study addresses the initial research questions concerning the applicability and effectiveness of Logistic
Regression in a medical context, affirming its suitability for binary classification tasks such as disease prediction. The
findings contribute significantly to the existing literature by reinforcing the position of Logistic Regression as a robust,
straightforward, and efficient method for medical diagnostics. For future research, it is recommended to explore the
integration of Logistic Regression with other predictive models in an ensemble method to enhance both precision and
recall further. Additionally, applying the model to newer, more diverse datasets could provide insights into its
adaptability and scalability, ensuring its effectiveness in varied demographic and clinical environments. Such efforts
will bolster the model's practical applications and foster more sophisticated, reliable tools for early disease detection

and management.
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