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Research on heart sounds classification based on machine learning

MA Jing, CAI Wenjie, YANG Li

College of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: The heart sound signals can reflect the pathological information of the heart and is therefore one of the important
evidences for the diagnosis of heart diseases. In this paper, 145 features, such as time-frequency domain and Meier cepstrum
coefficient, were extracted from heart sound signals as input data sets for machine learning, and then the best classifiers are
selected from five classifiers, namely Random Forest, LightGBM, XGBoost, GBDT and SVM. The classifier is combined
with the recursive feature elimination algorithm to conduct data mining, in order to find out the important feature set and
compare and analyze its classification effect. Finally, the Stacking model fusion method is applied to optimize the model. The
data mining feature subset improved the accuracy, recall rate, precision and F1 value by 33.51%, 14.54%, 20.61% and
24.04% respectively over the same number of feature subsets; the fusion of LightGBM and SVM models improved the F1
value to 92.6%. In this paper, an effective heart sound recognition classification method is proposed to mine the eight most
important features of heart sounds for clinical diagnosis.

Keywords: machine learning; classification of heart sounds; data mining; model fusion
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Fig.1 The result ofheart sound signal segmentation

REAIE i BB ok 2 A IR AR | A O AR AR R
#((Mel Frequency Cepstral Coefficents, MFCC)'""'  i%
SN o I SR A 5 R S AR T () R BB B
At 735 S I R] ¢ 4 o850 5 AU 53 B D7 8 S T o e L I
R ARARAT T R SRR U A o RS x ()1
AN

‘-

1 +0
WTab) = =] xwe (=,

o a MG T, b R IR T, w() BN . AR
BRI % 5% Morlet /N S BE/INEE 32 FH Matlab /)N
T HA P — LA R ewt X5 S b 5/ N AR e

b)dz (1)

MFCC 33k T —Fii FH I M 35 403 2] SR
FRHYRREOCER Y o O AR AR A LA 4

£, =2 595 10g10{1+7€0} (2)

MFCC S U AR L R Ay X045 5 A7 10

WAL AL 10 ms, W HL 25 ms XFH{F 5 #4770 Wi,
JoitE B 0I5 AT PR A B A e S i 26 S UK 2%
HEAT U8 A 220 R T 4, 0 IBOG B e B B9 15 S e
AR TR A — 14k .
113 DEFEHERLE T HIRHEA R R
ARy O D T IR AEA R A R AR A T
M) 2 B o S B FI W R R, A KRR ™ B
R o ASHIF 5% R smote A T & B 10 07 59 78 5%
HOEHHE " . smote B ML IAL IR A - D
WA 5 AR B S W HEAS x, 1 KA 4R 0
ne @ M n I BEPLIIIC— D REA x, , A2 Wl — A5 L
(0,1 A FEHLEL S, ¥4 /8 x, =x,+0* (x,~x,,) , 2 BUFTAHEAR
Yoo QTR Qi U, BIAT A 1l i N FEAR

XoF 2 0 Ak 3 5 3 Sy« R A v B R (B
TERVRRIE (B B ERAAORF B R AE . 1 F B (E bR
HEAL Ty 0 B s AR i A7 0 — ARk 3L
1.2 DEFUESEETERERESHMANL

Fir FHBL 2% 5 > 4 25 4% 3 %2 A Light Gradient
Boosting Machine (LightGBM) . 3% % [w] & #/L ( Support
Vector Machine, SVM) | eXtreme Gradient Boosting
(XGBoost) . 6 i 4 Ft Yt % # (Gradient Boosting
Decision Tree, GBDT) B HLFE AR . A< SCR H Python
W Ao 2y T RAL S BLZ I RE

LightGBM >R FH R B 5 T+ 19 75 20, 5 3 T2 o 3
B3 A A AR AT AR & . SVM ZEN 7R
ity > B R VC BIR FZE 1 KU 5/ i 2 R
filiz 20 SVM Y 32 2R ARUR R 2R gk bl i —
{14 RS A 38 e 24 B ) 5 ] A e 4 s ) 74 e A
1 43 28 T . XGBoost s #8 B ii K “# BR K A &
Gradient Boosting Machine .14 (1Y) C++3Z B | GE %
F 2 A B0 CPU 1Y 2 -1 ATHH A BRI 3
7% FE . GBDT f f i Friedman & H X /> & .
GBDT i 12 >Rk AU ALY | DLW NI 2t 7 rp
P B BR 22 R B AT Ay BEPLARAROE — A
& Z AP o 26 4% PR BTG IR — & D
BRAT A 3 T A T e

FE S BRI b s TR 28004k T A s
HRIE MBS EAR A . A SCE B HL S50 Ak
BT HRESEL



1 b

- 77 -

1.3 HEEZHRE

B2 2 KA ALY £ s, SR R B A
Horbof B A G B . AR5k g A
B 1F 78 B (Recursive Feature Elimination, RFE) J5 i
VAT B A2 I, L 5 AR 20 RIS A
RFE M9 =25 A8 R - (1) F WAL 35 A R 1R I 25 BT
PRI o3 A i 5 (2) % BRSR A R AF - 2 A7 R AE 1
e, PR B S URHE .
1.4 SFRBR TN IR

TEGR 2877 20 0 4 PP AG 98 b A A
(Accuracy) . R ¥ (Sensitivity ) i % (Precision) .
F1{E . 7ES5, TP AN I 515 5 1000y ik 1Y
S TN S5 15 5 1 R S A0 8 8, FP AR
FEKe 50 A5 5 BUI A IEH A RB, PN AR R (S
5 TR Ay S 1) AR

HER R RIR R

TP + TN
Accuracy = TP+ TN + FP + FN (3)

RIPPEFRIAAN
TP

Sensitivity = m (4)

B SIS WoR
TP

Precision = ——— (5)
TP + FN

F1{EZRIRAN

2 x Accuracy x Sensitivity

F1 - (6)
Sensitivity + Accuracy

2.1 IVEYFEIR VR $iR Y 7

ODEESa g Lk BERESLIE i
FHES: B JRBHRAB AL 73 B B al Y ST e ]
S2 Pk, AR Sk . MFCC LA B/ N AR 48 1
FLHLE 145 MEFAE . 55 1~36 PRFAE A I URRAE 55 36~
T2 AR AL 5 55 73~90 MFAE iy MECC 4#11F ;
55 91~145 MRFAE Ry /N AR 8 (B 1] 52 2% BE DG 1S 5 4%
JEFFIE , SEHU R BE S A 8O0 3 153%145, FEIE
SR B RIS Hh A LA 800 25 E il il 4
HABIEAE RN ZRbE FIRIESE , 38 i smote 575 K 5+
B U 2R 500 R 465 458 78 1860 5%, Rl 2 )5
YIRS UEAR H I 5O B R 5 52 O B REE
BAE 94 1 888 451 1 860 2%, LUl 1:1, F£1H
TEF FHARIR 4325 2% LightGBM 5 100 T IR A B 48 5
P FEBHE A RO XS L, AT T TS R 45 243
FAGHRAR IR, I 70 J5 B 4R L R R B8 A A 4 25 1
T RERUE KEREE FLE 23l 1 16.05%.24.6%.,
12.92% .20.58% , AT UE BG4 70 (1) 0 BE M FAT 300k

R1 I RBEERTE 2 EAR I ELE (%)
Tab.1 Comparison of classification effects before and

after data expansion (%)

BlELE R REE  K%E  FUE
iR GRE i S 74.27 65.8 7824  69.78

¥ JE BdE 90.32 90.4 91.16  90.36

2.2 VEYFAE S KR T

FEE R AE R ALAT AL, #2840 1 9 He i 43 e 25 )1 25
LR IEAE o DA 1 48 B2 R 800x145, S5 43
2% F] LightGBM .SVM . XGBoost .GBDT . i /L #k #k
TR AT YNGR AT . SEAREE R s X T
LightGBM, max_depth=60,
n_extimators=150, num_leaves=300; X T SVM f AU |
1 HT A 1) Bk pR B A% PR, C=1, gamma=0.01; Xf T
XGBoost fi& % | colsample_bytree=0.8, gamma=0.1,

learning rate=0.15,

learning_rate=0.3,
min_child weight=1, subsample=0.6; %} F GBDT,
learning_rate=0.1, max_depth=40, n_extimators=200,
min_samples_split=70; X} F B HL #HF Fk B2 # |

max_depth=156, max_features=30; n_extimators=120,

max_depth=10, reg alpha=0.1,

min_samples_leaf=70,

St BT E T — AL Y RS 85 b B
Jo L A& e AR TN i A5 B 19 43 R RCR Ik 2 Ko , HE
H$ o ZRAE RS SR 9 1E 5 S H AN S A A
BE.

TE 53 FEUERA AR D5 T, Pt 3R 2 7T Hh, TEAH ] Y £
P55 T, LightGBM &0 5 i 4F , i 1 K 24 90.32%,
XGBoostIKZ . H T IEAEA g 2 b J e E A
A Ny GO A B A2 I8 R T4 A Dy
IEREAS A O, DR R R RS 3 PR 2
RGP AT AR E . B 2R AR dE bn b O MER R\ R
BEORE RS A P 22 BEA/ N B T BE ML AR RN BEAR
ZWAE 1% it . 455X 48R il A i, LightGBM
ORI

R2 BENEFBOFDEYUR(%)

Tab.2 Heart sounds classification effects of each classifier (%)

ik HER 2 RIS itiiEs F1{H
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SVM 86.76 86.80 89.24 86.78
XGBoost 87.40 87.80 89.18 87.60
GBDT 84.18 84.40 85.40 84.29
FfAILAR bR 71.28 72.00 79.50 71.64
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