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age Numerical  Age
sex Categorical ~Gender
cp Categorical Type of chest pain
trestbps  Numerical  Resting blood pressure
chol Numerical ~ Serum cholesterol
fbs Categorical A condition where fasting blood sugar is greater than 120 mg/dl

restecg  Categorical Resting ECG results
thalach  Numerical = Maximum heart rate

exang Categorical  Exercise-induced chest pain

oldpeak Numerical Exercise-induced ST segment depression

slope Categorical The slope of the ST segment during exercise

ca Categorical Number of large coronary arteries visualized by fluoroscopy
thal Categorical Myocardial perfusion status determined by thallium stress test
target Categorical The presence or absence of hypertension
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Class Precision Recall FI-Score Accuracy
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Hypertension 96.00 99.00 98.00 97.00
Macro Average 98.00 97.00 98.00 97.00
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