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» Global Context: Cardiovascular diseases (CVD) are the leading cause of global mortality. The risk
factors include chest pain, resting blood pressure, cholesterol levels, and fasting blood sugar levels.
Resting ECG, maximum heart rate, exercise-induced angina, and the pgrst segment also play significant
roles in cardiovascular risk assessment. These data highlight the need for a comprehensive approach to
evaluating and managing cardiovascular risk.

» The objective of this work is to compare the performance of a SVM model enhanced with optimization
algorithms (PSO and GA) for early detection of heart diseases.

» The performance metrics are cross-validation, test precision, F1-Score, etc

24y 25 de Octubre de 2024. 3
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Analysis EDA

Hntiaes or quemirane, wENES

For this study, a public heart disease database was utilized (Kaggle, 2024), encompassing various variables. Variables like age, sex, chest pain type, resting BP,
cholesterol, FastingBS, RestingECG, Max HR, Exercise Angina, Oldpeak, ST_Slope, and the target variable HeartDisease. The dataset was balanced before

use to ensure an equal number of male and female participants.

The main objective of an analysis EDA is to study the dataset and find relations between the variables. Some relations are shown in Figure 2 and Figure 4.

Distribution of RestingECG

Distribution of ChestPainType

count

0 1 2
RestingECG

ChestPainType

Figure 4 shows the distribution of the “RestingECG” variable, with categories

The Flgure 2 shows the dlstrlbupon of the_ Ches_tPalnType varia ble V\."th coded as O (left ventricular hypertrophy), 1 (normal), and 2 (ST-T wave
categories c_oded as 0 (asymptomatic), 1 (atypical angina), 2 (non-ar)glnal pain), abnormality). The bar chart indicates that category 1 (normal) is the most
and 3 (typlca_ll angina). The.bar chart reveals that categqry 0 is the most common among participants. Category 0 (LVH) has a moderate number of
common, while category 3 is the least frequent. Categories 1 and 2 have occurrences, while category 2 (ST-T wave abnormality) is the least frequent.

moderate occurrences.
24y 25 de Octubre de 2024. 5
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HeartDisease and Sex: There is a strong positive correlation between HeartDisease
and Sex. This suggests that the likelihood of heart disease is higher in one gender
compared to the other. Typically, a higher correlation with Sex often indicates that
males (coded as 1) are more likely to have heart disease.

MaxHR and HeartDisease: Maximum Heart Rate (MaxHR) has a moderate
negative correlation with HeartDisease. This suggests that individuals with a higher
maximum heart rate are less likely to have heart disease.

RestingBP and Age: Resting Blood Pressure (RestingBP) shows a
positive correlation with Age, suggesting that older individuals tend to
have higher resting blood pressure.

RestingECG and HeartDisease: The correlation between RestingECG
and HeartDisease is relatively weak, indicating that resting ECG results
may not be a strong predictor of heart disease in this dataset.

These visualizations provide valuable insights into the dataset, highlighting
the distribution of key categorical variables and the relationships between
various features. This information is crucial for understanding the data and
preparing it for further analysis, such as training a SVM model for
predicting cardiovascular health outcomes.

24y 25 de Octubre de 2024. 6
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METHODOLOGY "TENE"
Data collection
and preprocessing
Loading the
l dataset
Handling missing » Dataset: Kaggle heart health dataset.
values -]
v | * Preprocessing: Handling of missing values, coding of categorical
Encodin; . .
categorical variables, scaling.
variables
‘ R * Models: Standard SVM, GA-optimized SVM, PSO-optimized SVM.
ca scaling
" l' ] » Algorithms: GA uses crossover and mutation; PSO adjusts the
odel trainm: -y = . -
i ‘ ¢ position and velocity of particles.
Optimization
‘ algorithms
Performance
17 evaluation
Reporting and |
analysis
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Optimization algorithms

Optimization
|

Genetic Algorithm (GA): Involves initialization, selection,
crossover and mutation, and further selection to evolve better GA | PSO
solutions.

. . e e Initialization | Initialization
Particle Swarm Optimization (PSO): Involves initialization,
fitness evaluation, updating positions, and convergence to
optimize solutions. Selection Fitness

‘ evaluation
Both aim to improve model performance through iterative Crossover and
pProcesses. mutation | Update
Selection | Convergence

24y 25 de Octubre de 2024. 8



Table 1
Hyperparameters of the GA
Parameter Value
Population 50
Generations 20
Crossing 0,6
Mutation 0,3
Tournament 3

Table 2

Mutation parameters
Parameter
mu
Sigma
Probability of mutating
each attribute

Value

0,2

Hyperparameters of the optimization algorithms

Table 3
Hyperparameters of the PSO
Parameter Value
No. of particles 50
Dimensions 2
Cognitive Coefficient (c1) 0,5
Social coefficient 0.3
Lower limit [0.1, 0.0001]
Upper limit [10, 1]
Iterations 20
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Comparison of SVM Optimizations

« Standard SVM: Cross-validation ~-- Standard SVM
—— GA Optimization
accuracy of 0.85. 086 | — SWAR Optimization
» GA-optimized SVM: Cross-validation
accuracy improved to 0.86. 0.84-
» PSO-optimized SVM: Best performance
with accuracy of 0.87 and F1 Score of 082
0.87. g
#o0e0
Table 5
Performance metrics
Model Cross- Test F1 0.78
Validatio | Accurac | Score
n y
Accuracy
Standard 0.84112 0.76 -
SVM | 0,851852 | 0,853448 1
Normal
SVM | 0,859259 | 0,844828 | 0,83018
PSO 2f5 SI,O 1?:.5 26.0
Optimize Generation/lteration
dSVM | 0,822222 | 0.87931 | 0.86792
24y 25 de Octubre de 2024. 10
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CONCLUSION el]

PSO optimization shows superior results in test accuracy and F1 Score.

SVM models can benefit from optimization techniques like GA and PSO.

Future work: Focus on avoiding overfitting and improving generalization.

These findings emphasize the importance of evaluating machine learning models using multiple metrics

and across different phases of the optimization process to gain a comprehensive understanding of their
performance.

24y 25 de Octubre de 2024. 11
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