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Classification Model of Heart Sounds in Pulmonary Hypertension Based on Time-Frequency
Fusion Features

WANG Yanlin' , SUN Jing' . YANG Hongbo® ,GUO Tao? ,PAN Jiahua® and WANG Weilian'
1 School of Information Science and Engineering, Yunnan University, Kunming 650500, China

2 Kunming Medical University Affiliated Cardiovascular Hospital, Kunming 650102, China

Abstract Pulmonary hypertension associated with congenital heart disease has a high mortality rate,and early screening and
identification of it is particularly important for cure. At present,diagnosis is made by right heart catheterization, which is an inva-
sive examination,it is not easy to use in screening.and has high risk and high cost. Therefore.it is urgent to study a non-invasive
and convenient method for identification. In this paper,a time-frequency fusion heart sound classification model is established.
First, the heart sound signal is preprocessed,then the signal is converted,and the dynamic time-frequency characteristics are ob-
tained by using the fusion filter bank. Finally.the obtained fusion feature parameters are input into the TabPFN network for clas-
sification and recognition. Experimental results indicate that the algorithm has average accuracy, precision, sensitivity, specificity
and F1 scores of 92.21%,92.15%,92.15%,96.11% ,and 92. 14% respectively in normal, CHD-PAH,and CHD. It is important
for the early screening and identification of pulmonary hypertension associated with congenital heart disease.

Keywords Heart sound,Congenital heart disease-associated pulmonary arterial hypertension, Dynamic feature extraction, Time-

Frequency feature fusion, Tabular prior-data fitted network(TabPFN)
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Fig. 1 Flowchart of classification model of heart sounds integrated with filters
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Table 2 Comparison of different feature recognition methods
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MFCCl6]  CHD-PAH 0.8455 0.9342 0.8653 0.8553 0.9018
CHD 0.8630 0.9214 0.8455 0.8542
E% 0.9979  0.9981 0.9962  0.9971

DMFCC CHD-PAH 0.8475 0.9374 0.8732 0.8602 0.9053
CHD 0.8726  0.9219 0.8489 0.8606
a4 0.9951 0.9974  0.9948 0.9950

DEFCC CHD-PAH 0.8715 0.9339 0.8685 0.8700 0.9101
CHD 0.8630 0.9338 0.8663 0.8647
E# 0.9982  0.9956  0.9910 0.9946

DBFCCL8] CHD-PAH 0.8386 0.9264 0.8482 0.8434 0.8942
CHD 0.8477 0.9187 0.8446 0.8461
a4 0.9966 0.9978 0.9958 0.9962

AX¥#3# CHDPAH 0.8822 0.9455 0.8891 0.8856 0.9221
CHD 0.8857 0.9401 0.8796  0.8826

38 bR S g X L AT, Bk fE A Mel U8 % 4% . BARK

3.4 LIWHERILE
T 5 XA A A ‘fiz;/*%il-@?ﬁﬁ TabPFN Al H: At 43
5% X BreastCancer UG 42 B AT 43 28 52 3, H 3 %00
=109,
F 1 RIS R
Table 1 Tests of classifier accuracy
SE SP PR F1 ACC
ELM 0.9256 0.7910 0.8888 0.9068 0.8776
GBDT 0.9504 0.7910 0.8914 0.9200 0.8936
KNN 0.9504 0.8805 0.9349 0.9426 0.9255
TabPFN 0.9835 0.9851 0.9917 0.9876 0.9840

I8 A% ERB Uk 2545 B0 S0 0 AUR W R A R AE AL A R
BEMACRE . X FERH T LR 3 g A T
B RS IE 4 BB B X A [RD A4 A8 B A T ok 2 4 B A ) v
BB A5 BOARE 58 4, R B0 40 PR AE B g 2 g . T AR
SCAEF 3 A Uk 2R a5 A RO 10 3h A B S 4 AT BE 9% T 4
SR TR R LR 0. 9221 M HER A, T
M 6 b5 T, AR S0 vk A% 5 G P BE R T R D0 64 AR A 4R
WOk,
TEZCHE 4 [ Y
g 3 A,

GIEOLR A [ B 03 28 ik R AT L8
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Table 3 Comparison of different classification algorithms

SE SP PR Fl1 ACC
ELM % 0.9588  0.9471 0.9034 0.9303
(€738 CHD-PAH 0.7089 0.7957 0.6283 0.6662 0.7235
23] Al CHD 0.4964 0.8438 0.6124 0.5483
GBDT ¥ 0.9971 0.9896 0.9798 0.9884
(B E4 A CHD-PAH 0.7552 0.8735  0.753  0.7541 0.8262
B F A CHD 0.7253 0.8761 0.7408  0.733
% 0.9997 0.9882 0.9765 0.9879
(Klfiliﬁ) CHD-PAH 0.8461 0.8917 0.8002 0.8225 0.8690
CHD 0.7629  0.9229 0.8312 0.7956
LIGHTGBM E# 0.9962 0.9938 0.9876 0.9919
(%E% CHD-PAH 0.7830 0.8874 0.7775 0.7802 0.8474
#E AR CHD 0.7652 0.8892 0.7774 0.7712
% 0.9772  0.9674 0.9371 0.9568
uyg};um CHD-PAH 0.7062 0.8407 0.6884 0.6972 0.7698
CHD 0.6278 0.8462 0.6735 0.6498
% 0.9988 0.9917 0.9834 0.9911
<F‘ﬁ£%ﬁw CHD-PAH 0.8007 0.8986 0.8007 0.8007 0.8602
CHD 0.7831 0.8993 0.7954 0.7892
SVM % 0.9988 0.9946  0.9895 0.9941
(X H CHD-PAH 0.7393 0.8432 0.7000 0.7191 0.8053
i\ E AL CHD 0.6768 0.8702 0.7238 0.6996
XGBOOST E# 0.9920 0.9932 0.9866 0.9893
(W24 E CHD-PAH 0.7568 0.8796 0.7573 0.7570 0.8322
# ) CHD 0.7477 0.8755 0.7513 0.7495
) % 0.9966  0.9978  0.9958  0.9962
(i“;;;) CHD-PAH 0.8822 0.9455 0.8891 0.8856 0.9221
CHD 0.8857 0.9401 0.8796  0.8826

T X AN R Y 4 28 BB 5 AR SO A 9 TabPFN 4328
FRACEG A, TT LA A8 AR B A R B9 BT, TabPEN 76
IE# .CHD-PAH #l CHD 3 /285 L& B TR 47 1 1 B
o5, X 3 —# N TabPFN 1 S — F0 A &L Y 43 25 28 i 0
ik e FE A B BRI T SR

T T Al S B AT LU AR ST 4R 43 38 T W A 3 2K o R
I A5V de Am b 38 R B A R O B, Al AR ST 4R T i
XiF 5 0 99 A DG il 3 Bk s TR0 A5 5 R AT 43 28 RE ISR v Y

iRTEE
BRI AR Z 5 RS AT 20 WU 4F — R 51

TiUab 2R, K b 3 IS 0945 5 2830 mel, erb FI bark 38 4% 4 iE
Frie o, Z 5 3 S B BUAR 5 1Y 20 Z5 I S3URR AL L K 45 1) B9 R AIE 2k
AL S 15 8 RA WS BE B B i K 28U A TabPFN
Rt AT 25 )L 9 5 SVM, XGBOOST, LIGHTGBM 4 43
O TR HEAT X LG UE ST T AR SCRT 4R 9 58 25 S Tab-
PEN 73268045 2 19 = 73 WO SR 4 A7 BT 1 550 0 B G i
S Bk v B 0 A v o e A AR SO 4R D7 VA A BT X TE S A
i 5l Jok s 0 AR 5 HEAT =40 28 L OF R B O H A E
BEAT UM . TR — 2 BRI 5 E SR T R A O I AT R
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