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Abstract

Left Ventricular Hypertrophy(LVH) is defined as a type of response of the myocardium to abnormal heart load. LVH is
considered a risk factor for cardiovascular disease and is closely related to the onset and prognosis of the disease. Therefore, it
is very clinically important to accurately diagnose LVH, an early stage of heart change. Electrocardiography(ECG) is the easiest,
non-invasive, and economical diagnostic method among LVH diagnosis methods. ECG is widely used as a screening test for
LVH, but the coincidence rate of actual left ventricular hypertrophy and diagnosis findings is low. Recently, algorithms and
models using big data and deep learning have been in the spotlight. In this study, we developed attention based deep learning
model that can diagnose LVH. Here, we develop a deep learning model that enables end-to-end learning with only a given ECG
and can classify LVH by considering demographic features and ECG features.
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