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Prediction of recurrence after catheter ablation in patients with atrial fibrillation based on

convolutional neural network
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2. Department of Cardiology, the Second Affiliated Hospital of Army Medical University, Chongqing 400037, China

Abstract: The basic medical history, and the results of imaging examination and biochemical examination of patients before
operation are collected for predicting the prognosis of catheter ablation by the combination of statistics and convolution
neural network. A total of 121 patients with atrial fibrillation (AF) after radiofrequency ablation were enrolled in this study.
The 60 indexes of biochemical examination are used for deep learning to establish 3 different prediction models of AF
recurrence by adjusting the structure and parameters, and a recurrence prediction accuracy up to 0.7 is achieved (95% CI:
0.536-0.864). Then, statistical screening and data standardization are performed on the characteristic information of basic
medical history and image examination information. According to the P value, the 10 features with the largest difference are
combined with the 60 features of biochemical examination to carry out multi-factor cross-modal in-depth learning. The
highest accuracy of the AF recurrence prediction model obtained from the 3 models reaches 0.8 (95%CI: 0.657-0.943).
Through multiple groups of experiments, it is found that the deep learning model is not the more complex the better. In the
case of limited sample size, selecting a reasonable model complexity and incorporating multiple modal features can obtain
higher prediction accuracy.
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Table 1 Statisticsof medical history data [ cases (%)]

A5 FEiY PEN(B)  BMUkg-m?  WGUH/ARESL el BRR RIE AT RS
WEAL (n=38)  60.9¢10.0 16(42.1)  25.5#3.7 92122032 9(23.7)  6(158)  16(42.1)  0(0.0)  8(21.1)

FHRZH (n=53)  62.2+£10.9 26(49.1) 25.6+4.0 94.3+£221.4  10(18.9)  7(132)  25(47.2) 3(5.7) 10(18.9)
P{H 0.555 0.512 0.935 0.961 0.577 0.729 0.298* 0.136* 0.796
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Table 2 Statistics of medication history [cases (%)]
)1 ACEIZ{ARB  BZ{RBHLANR  CCB AR  FRMASZSY FRlBEZiY IZEPUOMRE  Pusizy oy
REAL (n=38) 6(15.8) 11(28.9) 8(21.1)  3(7.9) 3(7.9) 5(13.2) 3(7.9) 12(31.6)  1(2.6)
Xif B (n=53) 13(24.5) 15(28.3) 11(20.8)  3(5.7) 6(11.3) 4(7.5) 1(1.9) 14(26.4)  1(1.9)
P 0.312% 0.946 0.972 0.672 0.589 0.377* 0.168* 0.591 0.811
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Table 3 Statistics of imaging features [ cases (%)]

SO SO RS

205 o o o DIaEsy BEAR LAWK QRSESEH  FS EF SV/mL %% /bpm
IRIGAH (n=38) 18(47.4) 19(50.0) 17(44.7) 17(44.7) 19(50.0)  3(7.9)  8(21.1) 36.7+7.5 622+7.7 69.6£13.9  110.2+4.2
XPHRZ (n=53) 24(452) 23(43.4) 24(45.2) 25(47.2) 23(43.9) 43(81.1) 7(13.2) 36.4+£59 63.6£6.2 68.7£154 111.2+6.1
PiH 0.616  0.376% 0.873 0.574 0.376% 0.000% 0.320% 0.852  0.353% 0.787 0.395
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Table 4 Prediction performances of different models (based on biochemical examination)

I 265 44 Bk (S 24 [ £6% S HEE5 K5 [Mean(95%C1) ] fUSE[Mean(95%C1)] 4% 5-#:[Mean(95%CI)]
Conv1(40*3), BN(40), ReLU, maxpool(3)
MulModel 1 4232 Conv1(30*3), BN(30), ReLU, maxpool(3)  0.633(0.461~0.806) 0.667(0.391~0.862) 0.611(0.386~0.797)
Fc(150)
Conv1(40*3), BN(40), ReLU, maxpool(3)
MulModel 2 1762 0.667(0.498~0.835) 0.250(0.089~0.532) 0.944(0.742~0.990)
Fc(760)
Conv1(30*3), BN(30), ReLU, maxpool(3)
MulModel 3 1322 Fo(570) 0.700(0.536~0.864) 0.500(0.254~0.746) 0.833(0.608~0.942)
c
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Figure 3 Loss curves based on biochemical examination
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Table 5 Prediction performances of different models (based on all-factor examination)

o 2% 44 W25 250 W2 LA

A% [Mean(95%CI)]

U [Mean(95%C1)] 455 PE[Mean(95%CI)]

Conv1(40*3), BN(40), ReLU, maxpool(3)

MulModel 1 4292 Conv1(30*3), BN(30), ReLU, maxpool(3)

0.700(0.536~0.864)

0.250(0.089~0.532) 1.000(0.824~1.000)

Fc(180)
Conv1(40*3), BN(40), ReLU, maxpool(3)
MulModel 2 2002 Fo(850) 0.767(0.615~0.918) 0.500(0.254~0.746) 0.944(0.742~0.990)
c
Conv1(30*3), BN(30), ReLU, maxpool(3)
MulModel 3 1502 0.800(0.657~0.943) 0.500(0.254~0.746) 1.000(0.824~1.000)
Fc(660)
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Figure 4 Loss curves based on all-factor training
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