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Three-dimensional deep neural network integrating transfer learning for preoperative coronary
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Abstract: Objective To develop a three-dimensional (3D) deep neural network based preoperative classification model for coronary
computed tomography angiography (CTA) in atrial fibrillation patients, and to explore the effects of transfer learning on the
performance of medical image classification models, thereby providing preoperative decision support for catheter ablation to
advance atrial fibrillation treatment toward precision and personalization. Methods Utilizing 3D ConvNet and 3D ResNet as
backbone network, the three-dimensional classification features were extracted from coronary CTA sequences. The publicly
available pre-trained weights were used for transfer learning. The model performance was evaluated through metrics such as
confusion matrix, classification accuracy, and area under the curve (AUC). A comparative analysis was also conducted to evaluate
the performance differences between the transfer learning model and the initialized training model. Results Transfer learning
yielded significant performance improvements over the initialized training models, attaining AUC improvement of 9.1%-16.7%
and accuracy enhancement of 6.2%-23.5%. Among all models, 3D-ResNetl18 model with MedicalNet pre-training weights
performed the best, achieving an AUC of 0.77 and an accuracy of 0.71. Conclusion The proposed three-dimensional deep network
enhanced by transfer learning can effectively identify atrial fibrillation patients requiring additional ablation besides pulmonary
vein isolation through preoperative coronary CTA, which will assist clinicians in optimizing surgical strategies and improving
treatment outcomes, thereby reducing long-term postoperative recurrence rates.
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Figure 1 Image dataset augmentation method
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Table 1 Model training hyperparameter optimization settings
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3D-ResNetl8  Afdi ] le-3 0.5, step=5 Se-3

3D-ResNet34 A ff] Se-4 0.5,step=5 Se-3

3D-ResNet50  Afli le-3 0.5,step=5 8e-3
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Table 2 Baseline clinical characteristics of atrial fibrillation patients

AR HHRXH(n=120)  PVIH(=139) ox’ Pi
1 59.17+10.13 59.74+10.81 0.439  0.661
PERI (%) ] 4.539  0.033
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Fr A [ 5] (%) ] 61.275 <0.001
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¥4 2 o B 40(33.3) 113(81.3)
A NR/mm 48.45+4.91 48.28+4.40 -0.293  0.770
7 iy AR /mm 40.80+5.11 37.32+4.88 -5.594 <0.001
HE N/ mm 31.95+3.24 30.85+3.35 -2.677 0.008
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7 % J BEJR i /mm 9.60+3.49 9.37+1.92 -0.678  0.498
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Jits 259 J e 11 95 3 /e - 71 80.61+17.22 87.37+17.83 3.082  0.002
Lo E LU % 57.84+7.00 60.17+5.54 2.930 0.004
Lo E AR Y% 30.44+4.60 32.44+6.76 2.735 0.007
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Figure 5 Confusion matrices of the test results of 3D deep neural network models after initialized training
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Table 3 Classification performance of 3D deep neural network

models after initialized training
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Table 4 Classification performance of 3D deep neural network

model integrating transfer learning

Y AUC  fEFR  RIEEE  FRE FIAOK

A AUC iR REUE R FLAH

3D ConvNet 0.53 0.51 0.31 0.68 0.36
3D-ResNet18 0.66 0.61 0.64 0.59 0.60
3D-ResNet34 0.55 0.55 0.53 0.57 0.51
3D-ResNet50 0.66 0.65 0.53 0.75 0.58

3D ConvNet 0.61 0.63 0.67 0.59 0.62
3D-ResNetl8 0.77 0.71 0.69 0.73 0.68
3D-ResNet34 0.62 0.59 0.61 0.57 0.57

3D-ResNet50 0.72 0.69 0.69 0.68 0.67
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Figure 6 Confusion matrices of the test results of 3D deep neural network models integrating transfer learning
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