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rov-Arnold Network(KAN) kR M # 3w F oA , X FIRET KANARESFFRAFTHRM AT AAZELNR
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wE KA KAN AR5 EBHRAITRANFR., EHFERROGEIIANT KAN SR BEF AR fo £ 5, LSRRI 54
JESESEBNBEARLT KAN ARGMALEMF EMNHF R ARFERGRINGES, ZHEPETEARMBKELERS —
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Application of End-to-End Convolutional Kolmogorov-Arnold Networks in Atrial Fibrillation
Heart Sound Recognition

DENG Hong' .CHEN Yan®,YANG Hongbo® ,ZHAO Feng® .JIANG Yongzhuo' .GUO Tao® and WANG Weilian'
1 School of Information Science and Engineering, Yunnan University s Kunming 650504, China
2 The First Medical Center of Chinese PLLA General Hospital,Beijing 100853, China

3 Fuwai Yunnan Hospital,Chinese Academy of Medical Sciences, Kunming 650102, China

Abstract  Atrial fibrillation(AF) is a severe cardiac arrhythmia that requires early diagnosis. Traditional diagnostic methods typi-
cally involve cardiologists using electrocardiograms(ECG) and echocardiograms to make diagnostic conclusions. To address issues
such as high costs,excessive reliance on clinical expertise,and limited accessibility, this study proposes an innovative application
of Kolmogorov-Arnold Networks(KAN) in AF heart sound analysis. This study explores the application of convolutional KAN
(CKAN) in AF heart sound recognition, proposing an end-to-end AF identification framework based on CKAN architecture,
which incorporates flexible linear activation functions and exhibits superior parameter efficiency. To enhance the usability of heart
sound signals,the methodology first applies preprocessing,including signal segmentation,quality assessment,and data cleansing.
Subsequently, the model autonomously learns discriminative features through KAN-based convolutional and pooling layers. Fina-
lly,a CKAN-based classifier is employed for classification. During the feature extraction phase,self-attention mechanisms and fo-
cus modulation are incorporated into CKAN to efficiently extract signal features. In the classification phase, CKAN’s bottleneck
structure and regularization techniques are explored to improve the model’ s recognition performance. The proposed model is
evaluated on a heart sound dataset from The First Medical Center of Chinese PLLA General Hospital, achieving an accuracy of
97. 86 % »sensitivity of 98. 18 % »specificity of 97. 43% .and an Fj score of 98. 06%. The results indicate that the CKAN model
provides significant advantages in aiding the diagnosis of AF from heart sound signals.

Keywords Atrial fibrillation,Convolutional KAN, Heart sound recognition, End-to-End,Data cleansing
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Fig.1 Framework of end-to-end convolutional KAN heart sound recognition algorithm
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Model 128 filters 256 filters
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Gram-KAN 0.245x10% 0.983x106
ReLU-KAN 0.444x1085 1,773x108

Bottle Gram-KAN , attenuation=2 0.114X10% 0.458%108
Bottle Gram-KAN, attenuation=14 0.069X10% 0.278x106
Bottle Gram-KAN, attenuation=8 0.056>x10% 0.225%106
Bottle ReLU-KAN , attenuation=2 0.164x 105 0.657x108
Bottle ReLU-KAN, attenuation=4 0.082x10% 0.328x106
Bottle ReLU-KAN . attenuation=3 0.059x 105 0.238x108
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Fig. 8 Convolutional KAN using attention module
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3.3 RWERILL

2)8 layers:16,32,64,128,256,256,512,512,

3.3.1 3 EKAN AR EE B S 3 7E NVIDIA RTX 2080 b k47, B 45 41 [ 19
KAN BRBEME A 4 F 50 8 20 —4E KAN & WESH., 54 KAN BT @R 2 ral, aHF %
J HEAT X LS g, TR A Y KAN 45 R0 38 £ 34 A 1R - A KAN £ BSR4 it B B0 IE & 0 35 15 5 1 310 00 o 1 %
1)4 layers:32,64,128,512, RIGE Fe 57 F, [AMS R,
F 2 RRZEZIMW KAN AL 10 B s
Table 2 Results of different layers of multi-type convolutional KAN on experimental data
Model Ace/ % Se/ % Sp/% F,@/% Params

KAN Conv,4layers 88.31 90. 59 86. 85 90. 38 8.640x 108

Gram-KAN Conv.4 layers 88. 65 91. 84 81. 94 91. 64 3.840 108

Bottle Gram-KAN, 4 layers 88.57 93.63 77.78 92.03 1.930x 106

MOE Bottle Gram-KAN,4 layers 88. 32 90. 30 85. 66 89.52 2. 246107

ReLU-KAN.4 layers 93.21 95.29 89.05 94. 94 8.200x 108

Bottle ReLU-KAN.4 layers 90. 00 94.61 79.62 93.15 2.980%10°

KAN Conv,8layers 94. 95 96. 85 93.94 95.99 5.426X107

Gram-KAN Conv.8 layers 96.07 96.67 94. 90 96. 89 2.417 X107

Bottle Gram-KAN, 8 layers 96. 22 97.58 94.49 96.73 8. 780106

MOE Bottle Gram-KAN, 8 layers 90. 79 89.70 91.91 91.05 5.031x107

ReLU-KAN.8 layers 95.71 95.08 96.99 96. 47 5.432X107

Bottle ReLU-KAN.8 layers 96. 19 97.15 95.97 96.51 1.132x107

42 8 E M4, Gram-KAN Fll ReLU-KAN #J i
BRI T I s KAN, 3B 2 00208 e R 0% 34 0 KAN 195
AE 42 MLRE 1 5 75 i HDM 506 AR5 4 5 S 400t RIS 17 () e B A5
T AR R, 8 J2 W Bottle Gram-KAN X 8. 78 X 10° [
SR IA T 96. 22 MHERA R L T S 8 KA Gram-
KAN, 7R 37 350 45 #7 1) os 25 Pk 5 188 45 FRUZ R B A B T 4
T AR (A SR M B 2, Gram-KAN M 4 J2 (88. 65 %) #4 finn 5]
8 JZ(96.07%) ERIRIET T 7. 42 A~ H 2 4% - Ui B B IR B9 K
2 BEME 2 S B 5 RO ERAE LR T AR R U RE
3.3.2 EMAFRER

0T SR ST S AT, 4 i N % 455 T G D) Ak 3k B b %t T et

WEMWRE S RIE R 2 WL m R, EHEEA 8 4 Bottle
Gram-KAN (1 % U2 JF A7 BF 58, R T W F A 8] 58 B (1
KAN % .

1) Slim:16,32,64,128,256,256,512,512,

2)Wide:32,64,128,256,512,512,1024,1024,

M 2548 8 A~ KAN %5 U, 3l i 4 J/ F 249 3l 4k % 45 45
TE 4 B 2 S Pk R AR B IR 5 (IR BN 25 R STt B P L BR
T IEAL R S HO AR W4 SHII AR, B R 7E 42 R b A (8
H Dropout, It4h, 78 KAN 35U 43 2 2 1L1/1.2 £
1k, 78 KAN 5 BUN % BUZ L £ 3% #: 2  H Dropout 1E W 1k,
R[] I 46 T BEAE Slim JZ F1 Wide JZ R R BLI0Z 3 B3,

# 3 AFIENALTE S 3B [y 5 3 45
Table 3 Experimental results for different regularizations on experimental data
%)
Regularization Slim Wide
Ace Se Sp Fp Ace Se Sp Fp
none 96. 22 97.58 94.49 96.73 96. 35 98. 20 92.55 97.41
L1 Activation,1 X109 96. 55 98.48 94.12 97.16 94. 24 96. 64 91. 27 95.09
L1 Activation,1X10"8 95. 89 97.58 93.75 96. 50 96. 71 97.58 95.59 97.09
L1 Activation,1x10"7 94. 90 95.45 94.12 95. 34 97.37 99.09 95. 22 97. 88
L1 Activation,1 X106 95. 56 96. 36 94. 49 96.01 97.53 97.58 97.43 97.70
L2 Activation,1X10? 96. 37 97. 88 96.59 96. 64 97.37 98.18 96. 32 97.70
L2 Activation,1x10"8 96. 88 98.18 95.22 97. 34 96. 88 98.79 94.49 97. 46
L2 Activation,1 X107 96. 38 97.27 95. 22 96. 79 97.04 98.18 95.59 97. 46
L2 Activation,1X 106 95.72 96. 36 94. 85 96.12 96. 88 96.97 96. 69 97.09
Inner-Dropout, 0. 10 97.20 97.58 96. 69 97.45 97.53 98.18 96. 69 97.82
Inner-Dropout, 0. 20 97.37 98.48 95. 96 97.76 96. 05 96.67 95.22 96.43
Inner-Dropout, 0. 30 96. 88 97.46 94. 25 97.02 97.53 98.52 94.49 98.17
Out-Dropout,0. 10 96. 88 96.97 96. 69 97.09 97. 86 98.18 97.43 98. 06
Out-Dropout,0. 20 97.37 98.18 96. 32 97.70 96. 71 97.27 95. 96 97.03
Out-Dropout,0. 30 95. 89 98.18 93.01 96.62 97.53 98.18 96. 69 97.82
5 L1/L2 IE WAL . Dropout 1E A6 76 3 7 4% 7Y i 1 M AY T B %5 5 B 43 X E i 2 7 A K, L1 Activation

Ak m RN F, L HE A Slim JZ ', Inner-Dropout
0. 1O I BRI Y Ace, S, , S, Bl #E 3] 97, 20%,97.58 %,
96. 69% . B B 0L T L1/L2 1E W4k 7 ¥ 5 78 3 58 A A 1 (Wide)
L IE DU Ak R s e B O 3 DR AE L1 A L2 GE Ak, iE

(1X1077) FEFEBETI P AV 2y 97. 37 % . T Se F1 Sp Y V-1 3 I
A2, 5RIENMLY 96. 35 %M LE . R REA SR THEfE . XTI
2% 2 M 3 RIS AL Y TR R G A 3 2 0 H g in 45

T B4 5 3 Gl 3 9 i U %) B BB O S 3 B9 ME R R R T, A
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4 RERZYRE 8 2 MEMRRT T 7.5 N E R
TC e A R Al T U Ak T B B 33 R R E 2 %0 iR
3.3.3 BEZTAMMAELANEERER

AR5 T Bottle Gram-KAN BERZ A FEE S
ML A SR ] 5 AdamW OE AL 2877, IR0 40 248 58 A
FE A5 2 BRI, batch size #HI7E 12,43 2K [/ 19 A W22 4L
i) AR S A5 SR 3R 4 FRE

4 ORI R IR G 52 5 45

Table 4 Experimental results of different attention modules

Model Ace/ % Se/% Sp/% Fp/% Params
Self-Gram-KAN 86.23  90.33 81.88 82.32  4.77x10°
Bottle Self-Gram-KAN 87.88 94.86  84.21  86.02 1.36x10°
Focal-Gram-KAN 87.50  90.17 87.11 88.70  2.67x10°
Bottle Focal-Gram-KAN 92,45 95,68  90.36  92.16 1.18x106
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SR — AN R AR R A [R5 3) FE AR 2 P TR b R Y
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