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[Abstract] Objective To observe the value of the constructed deep neural network based on coronary CT angiography
(CCTA) for automatic detection and classification of left anterior descending branch (LAD) myocardial bridge. Methods
Data of 726 patients who underwent CCTA for chest pain and discomfort were retrospectively analyzed. The diagnosis and
classification (superficial type or deep type) of myocardial bridges were performed by 2 radiologists. Patients with and
without myocardial bridges were assigned to training set and test set according to the ratio of 7:3 and 1:2. respectively.
Then a deep neural network residual network-long short-term memory (Resnet-LSTM) model was established based on
CCTA to detect and classify LAD myocardial bridge. Data in the training set were used to train the model, while those in
the test set were used to test the performances of the model according to the diagnostic results of radiologists. Results
CCTA showed that, among 726 patients, 453 cases were found with at least 1 myocardial bridge in LAD, and totally 654
myocardial bridges were diagnosed, 561 in LAD and the rest 93 in the left circumflex branch or the first diagonal branch,
including 503 superficial type and 58 deep type. In the training set, there were 333 cases with myocardial bridge and 91
cases without myocardial bridge, totally 406 LAD myocardial bridges including 365 superficial type and 41 deep type. In the
test set, 120 cases were found with and 182 cases without myocardial bridge, and totally 155 LAD myocardial bridges were
detected, including 138 superficial type and 17 deep type ones, among which 139 located at the proximal or middle part and
16 at the distal of LAD. In the test set, Resnet-LSTM model detected 137 LLAD myocardial bridges in 130 cases,
misdiagnosed 27 cases and missed 17 cases, with the sensitivity of 85.83% (103/120) and specificity of 85.16% (155/
182), with high consistency to the radiologists” diagnostic results (Kappa=0. 70, P<C0. 05). Resnet-LSTM model detected
131 proximal or middle LAD myocardial bridges, misdiagnosed 2 and missed 10, the diagnostic accuracy was 92.81%
(129/139). Resnet-LSTM model detected 36 distal LAD myocardial bridges. misdiagnosed 28 and missed 8., and the
diagnostic accuracy was 50.00% (8/16). Resnet-LSTM model correctly classified 120 LAD myocardial bridges as
superficial type and 17 as deep type, misdiagnosed 13 deep type as superficial type and 9 superficial type as deep type, the
classification accuracy was 83.94% (115/137). Conclusion The established deep neural network Resnet-LSTM model
based on CCTA had good performances for detecting and classifying LAD myocardial bridges, hence having certain clinical
application value.
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