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Abstract: Acute inferior myocardial infarction is a kind of heart disease with rapid progression and high
mortality. In order to improve the diagnosis efficiency for inferior myocardial infarction, a novel algorithm for
automatic detection of inferior myocardial infarction based on Bi-directional Long Short-Term Memory
(BiLSTM) network of morphological feature extraction is proposed. Based on the clinical ECG signals of the
cardiology center, noise is reduced and every heartbeat is segmented. According to the cardiology clinical
guidelines and signal analysis, 12 lead waveform distance features and single lead waveform amplitude features
are extracted. Additionally, the neural network structure of Long Short-Term Memory (LSTM) and BiLSTM
are built from to the extracted features. It is cross-validated by Physikalisch-Technische Bundesanstalt (PTB)
public database and chest pain center database, the accuracy reaches 99.72%, the precision and sensitivity
reach 99.53% and 100%. At the same time, the F1-Score reaches 99.76. Furthermore, experimental results
demonstrated that the accuracy of the novel algorithm is still 1% higher than that of other existing algorithms

after adding the chest pain center database.
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