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Abstract. Since heart disease is one of the main causes of death globally,
it makes sense to adopt cutting-edge techniques to increase the prediction
accuracy of heart illness, which can lower mortality and save expenses. This
research uses data preprocessing, data mining, machine learning, data
visualization to generate and evaluate several prediction models, obtain that
Random Forest (RF) has highest accuracy but lower ROC-AUC. Although
SVM has lower accuracy than RF Model, it has the highest ROC-AUC.
Therefore, SVM is the best model for medical scenarios. find the top 5 main
factors influencing heart disease are ST Slope Up, Oldpeak,
ST Slope Flat, ChestPainType ASY and Cholesterol, using data
visualization to show the result, which warning people to pay more attention
about these physical indicators and seek medical attention promptly in case
of' mild chest pain or other symptoms. develop a better lifestyle. The research
also reflects that there are still many practical challenges of the application
of machine learning in data, model, and actual use. The future research could
pay attention to improving data qualities, explore better models and
gradually enhance practicality.

1 Introduction

Health is one of the most significant issues that affects everyone. Heart disease is closely
related to health because the number of people who die from heart disease accounts for 31%
of the total global deaths. In addition, with rapid development of socio-economic condition
and changes in residents’ lifestyles, the number of heart disease patients in our country is on
the rise and they are gradually getting younger [1]. Moreover, most patients are missing
diagnosed due to atypical early symptoms (such as mild chest pain and blood pressure
fluctuations), thus missing the golden window period for intervention treatment and leading
to an increase in mortality rate. Therefore, early detection of heart disease can minimize costs
and mortality rates [2]. However, traditional diagnosis of heart disease mainly relies on
methods such as symptom inquiry, physical examination, electrocardiogram,
echocardiography and coronary angiography, due to the drawbacks of strong subjectivity,
dependence on the accuracy of detection equipment and inability to provide early warning,
the efficiency and accuracy of diagnosis are difficult to meet the demands of large-scale
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screening. With the development of medical informatization and machine learning
technologies, predictive models based on supervised learning have provided a new approach
for assessing the risk of heart diseases. For instance, data mining technology can use
classification algorithms to accomplish this task at low cost and high efficiency, which plays
a crucial role in clinical research [2]. This can combine with machine learning to generate
models, this can be applied in medical scenarios to increase prediction accuracy of heart
disease [3]. This article will apply methods based on data mining and machine learning, train
four types of prediction model which are Logistic Regression (LR), Random Forest (RF),
Support Vector Machine (SVM), and Decision Tree (DT) then evaluate the best model for
medical scenarios. In addition, it will also screen out the most critical factors affecting the
incidence of heart disease. Finally, use data visualization techniques to show all the results.

2 Methods

2.1 Data Processing

The dataset used for training models is usually very large and most of data is real so inevitably
there will be missing values and outliners which will affect the accuracy of model; therefore,
it is necessary to deal with the problem through data preprocessing. For example, instance
selection is a data preprocessing technique that seeks to exclude outliers and noisy data from
a given dataset while also lowering storage costs and maintaining mining quality. However,
this strategy would take a lot of time if the dataset is quite large [4]. Therefore, this article
applies code to deal with this problem.

2.2 Model Training

2.2.1 Logistic Regression

The first model is LR, a type of multiple regression method used to examine the relationship
between a binary or categorical outcome and multiple influencing factors. Multiple LR,
conditional LR, polytomous LR, ordinal LR, and adjacent categorical LR are examples of
regression techniques that are frequently used in medical research because they can measure
associations, predict outcomes, and control for confounding variable effects [5]. This article
applies binary logistic regression to train model. The fundamental presumptions of LR, such
as the independence of errors, linearity in the logit for continuous variables, lack of
multicollinearity, and absence of very significant outliers, must be taken into consideration
while applying this method [6]. The core advantage is that as a linear model, it features fast
computation speed and extremely strong interpretability (it can quantify the direction and
intensity of the impact of features on disease probability). It has low requirements for data
volume and is less prone to overfitting.

2.2.2 Random Forest

The second method is RF, which is an ensemble of DT. Each tree is developed using the
repetitive partitioning concept, which starts with the root node and applies the same node
splitting process repeatedly until specific stopping rules are satisfied [7]. The sum of weaker
learners provides the prediction ability, and when each tree has fewer correlations, the
performance will be better [7]. In this article, the performance of RF is relatively balanced,
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the core positioning is "an anti-overfitting nonlinear prediction tool", combining predictive
performance with a certain degree of interpretability.

2.2.3 Support Vector Machine (SVM)

The next is the SVM, a supervised machine learning (ML) technique that can learn from data
and make judgments. Vapnik and Chervonenkis first proposed the basic ideas of SVM in a
theory in the 1960s [8]. However, following two notable advancements in the 1990s, it begins
to garner more interest from the scientific world. First, the SVM can classify highly nonlinear
situations thanks to a kernel method. The second allowed the SVM to be expanded to address
issues in a regression framework known as support vector [8]. SVM is a typical model used
in this task for handling small samples and high-dimensional features. Its core advantage lies
in achieving classification through the "maximum margin hyperplane", which can effectively
deal with scenarios in medical data where the feature dimension is high and the sample size
is moderate (300+). At the same time, it has strong generalization ability and is less prone to
overfitting.

2.2.4 Decision Tree

The last one is DT, DT is the basic unit of RF, it is an efficient and reliable decision-making
method, which performs high accuracy of classification by presenting the collected
information in a simple way. Moreover, it has ability to learn automatically, this makes it
suitable for situations which need to make effective and reliable decisions that usually occur
in medical settings. Therefore, it has been widely applied in various medical areas [9]. In this
article, the core advantage of DT is its low training and usage costs, strong interpretability,
and can be directly used for interpreting medical risk factors.

3 Result

3.1 Evaluation Dataset & Experimental Setup

The dataset of the research comes from Kaggle website and also codes run in Kaggle, the
sample size is 918, use 12 feature dimensions including Age, Sex, ChestPainType, RestingBP,
Cholesterol, FastingBS, RestingECG, MaxHR, ExerciseAngina, Oldpeak, ST Slope and
whether have Heart Disease or not. The training set and test set were randomly divided in an
8:2 ratio, and 5-fold cross-validation was used to reduce overfitting

3.2 Definition of Evaluation Metrics and Data Visualization

The research results are listed in table 1:

Table 1. Performance comparison of different models

scenarios, the
closer to 1 the
better)

Model | Accuracy(the | ROC-AUC Precision F1-score Recall
Type higher the Score(core
better) indicator in
medical
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LR 0.9130 0.9316 0.91(Healthy); | 0.89(Healthy); | 0.90(Healthy);
0.91(Diseased) | 0.93(Diseased) | 0.92(Diseased)
RF 0.9076 0.9340 0.92(Healthy); | 0.87(Healthy); | 0.89(Healthy);
0.90(Diseased) | 0.94(Diseased) | 0.92(Diseased)
SVM | 0.8967 0.9456 0.88(Healthy); | 0.88(Healthy); | 0.89(Healthy);
0.91(Diseased) | 0.91(Diseased) | 0.90(Diseased)
DT 0.8152 0.8661 0.79(Healthy); | 0.80(Healthy); | 0.80(Healthy);
0.82(Diseased) | 0.82(Discased) | 0.82(Diseased)

Accuracy: One of the main evaluations, the formula is "the number of correctly predicted
samples / the total number of samples", which is used to intuitively reflect the overall
classification accuracy of the model for positive and negative samples. It is suitable for
scenarios where the sample distribution is relatively balanced. A bar chart is generated using
data visualization (figure 1):
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Fig. 1. Comparison of Accuracy of Different Models

Figure 1 shows that the LR has the highest accuracy which reaches 0.9130, all the models’
accuracy is over 0.8.

ROC-AUC Score: Another main evaluation, the full name of ROC-AUC Score is
Receiver Operating Characteristic - Area Under the Curve, Receiver Operating Characteristic
(ROC) is widely used to reflect the performance of a model or algorithm when analyzing
binary outcomes [10]. ROC analysis is a tool used to understand and explain models and text
results, also is a goal of explainable artificial intelligence [11]. The area under ROC is called
AUC, it has been used for medical diagnosis since 1970s [12]. The receiver operating
characteristic curve (ROC Curve) and calculating the area under the curve (AUC) can
measure he ability of the model to distinguish between positive and negative samples (The
closer to 1, the better). Due to the typical class imbalance problem in medical scenarios where
"the number of disease samples is usually less than that of normal samples", the ROC-AUC
score can better reflect the actual generalization ability of the model than the accuracy rate.
Therefore, it is set as the core evaluation indicator. A bar chart is generated using data
visualization (figure 2):
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Fig. 2. Comparison of ROC-AUC of Different Models

Figure 2 shows SVM has the highest ROC-AUC scores which reach 0.9456, and all the
models’ ROC-AUC scores over 0.85.

3.3 Results and analysis

Then combine the figure 1, Figure 2 and do the data visualization (figure 3):

Combination Figure
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Fig. 3. Comparison of two mixed indicators.

Figure 3 directly shows the accuracy, ROC-AUC scores and comparison of each model.
Although RF has the highest accuracy, higher than SVM, SVM has the highest ROC-AUC
score, which is the core evaluation, and its accuracy is also reach 0.8967 that is relatively
high and enough to use. In general, SVM performed the best and had higher practical value
in the medical field.

The research also used SVM to further identify the five most critical factors influencing
heart disease. The results are displayed as follows:
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Table 2. Top 5 Influencing Factors Medical Interpretation

Influencing Factor Medical Interpretation

ST Slope Up ST segment slope upward: An upward ST segment on an
electrocardiogram is a strong signal of myocardial ischemia, with the
highest risk of disease.

Oldpeak ST segment depression degree: Reflects the range of myocardial ischemia;
the larger the value, the higher the risk.

ST Slope Flat This feature is a categorical variable encoding and needs to be analyzed in

combination with the original variable.

ChestPainType ASY | This feature is a categorical variable encoding and needs to be analyzed in
combination with the original variable.

Cholesterol Cholesterol level: High cholesterol leads to atherosclerosis and is a core
inducement of coronary heart disease.

Data visualization used to generate a bar chart that can make the result clearly:
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Fig. 4. Visualization of Top 5 Influencing Factors Medical Interpretation

Table 2 and Figure 4 shows that ST Slope Up, Oldpeak, ST Slope Flat,
ChestPainType ASY and Cholesterol are the top 5 factors influencing heart disease.

4 Conclusion

This research still reflects some practical challenges of the application of advanced methods
like machine learning, data mining, and data visualization in medical scenarios. In data aspect,
data may have issues such as distribution differences, missing values, and outliers, which
could potentially affect the generalization ability of the model since the collection of clinical
heart disease data involves multiple centers and multiple devices. In addition, the data may
lack coverage for specific groups (such as rare heart disease types, specific age groups),
resulting in poor performance in these groups. In model aspect, each model has their own
advantages, conversely, they also has their own disadvantages, for instance, RF and other
ensemble models have good predictive performance, but they have poor interpretability and
are difficult to explain to medical professionals and patients about the key influencing factors
of diseases; linear models such as LR have strong interpretability, but they are insufficient in
handling complex nonlinear relationships, making it difficult to balance the two. Through
data preprocessing, model training and evaluation, the performance of LR, RF, SVM, and
DT were compared. The optimal model was selected based on ROC - AUC, and the feature
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importance of the optimal model was analyzed and interpreted in the context of medicine. At
the same time, the top 5 influencing factors medical interpretation were identified. The
overall process was standardized, and the training, evaluation of the model, and explanation
of key factors were achieved. However, there are still practical challenges in terms of data
and models. The future research can start from these aspects: Integrate multi-center and
multi-source medical data to build a larger-scale and more representative dataset, covering
more special populations and disease stages. At the same time, utilize advanced data cleaning
techniques to improve data quality; explore other models which can integrate the advantages
of existing models, Moreover, it is also necessary to promote the clinical validation and
standardization of the model, and collaborate with medical institutions to conduct multi-
center clinical trials to verify the effectiveness and safety of the model in real scenarios, and
gradually incorporate it into the clinical auxiliary diagnosis process.
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