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Abstract : Electrocardiogram(ECG) being the recording of the heart’s electrical activity provides valuable
clinical information about heart’s status. Many researches have been pursued for heart disease diagnosis using
ECG so far. However, electrocardio-graph uses foreign diagnosis algorithm in the con due to inaccuracy of
domestic diagnosis results for a heart disease, This paper proposes ST-segment extraction technique
diagnosing heart disease parameter from raw ECG data, As the ST-segment is used for prediction of Coronary
Artery Disease, we can predict heart disease using classification approach in data mining technique. We can
also predict patient’s clinical characterization from patient clinical data.
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