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LERFMBHOEERNEBERR. RAEES5FERLERE
N EHEREERR. BAWBFRFE— 1 ERNTER D
S EEILARR. EROTENLARE, YERFEG, &
BEHARASHE LR, T BEIAESEHT S R,

BAEREUAT TR LU FHIE

1. B AR E & -

2. FAk 3R &0z 1R BUAFAE -

3. FFA&TFMEEL,

4. UALIREL,

5. B A EMERE=RSE.

BMNEZWEFRBTERIZTG. RFTEHIZ MATLAB® K5, ARKEBER
FARTH AR “KIRRIESS] " ERRHITIRIE

HEART SOUND RECORDING

NORMAL

CLASSIFICATION ALGORITHM
ABNORMAL

FREET E
T8 % 249 MATLAB 30 it AT THI S5
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Heart Sound Classification
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TR 1. e ERENE

HANRBIERBIEIEERB 2016 F PhysioNet and Computing in
Cardiology Btk 3, BIEET&KiICEKALE, KEM S5 #F 120 #AR

SKPRIRIELR S

BT RESREANE—ES . ZBAFERE 2016 & PhysioNet and Computing in Cardiology
RO EHBETHAEMARBTIERX.

5
HERE A 3240 £ATRAIGMIZRA 301 KATFHERIE
IR, THLEER, RIVEIGEMBIERIEES SRS HIX
FFSeeh, RS S R A SR,

RELE

EANRFIMBEBNE—TETREERANEMH AR, REHUE
HERAZERRNE-LEHR, OERTRLUR (BG4 ERAES
AR R LR AR AR

ETMXPERSAEERLES R4, IEFRAMNAGT—E£ERFE.

4 | FREHEEEF S

\

What do the signals look like in the frequency domain? -0.04 :

To explore what we might use to distinguish these signals with a classifier, let's look at their frequency content. To this end, you can use
MATLAB's Signal Analyzer app to inspect and compare the power spectrum of the two signals.

008" " " . " "
signalAnalyzer (PCG_normal, PCG, _abnormal ) 0 1000 2000 3000 4000 5000 600(

7£ MATLAB SLRHRIER P E BT ER LD EHRE.

SKBRIRIELR S

TR ES ARG E B RPIREIAEEFEE O EREAR. MATLAB 21 Audio Read (ESHIZED
#0 Audio Player (Z4IERD , FFREBERHF. XL THERGIBIZAR “What does an (ab)
normal heart sound like?” (AIAIEE/FEELE? ) FHOPEH.

ETRTEERESLEARENAE, AORZAERE. EELE
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nES LN, LBk Z BT RE.
f8M Signal Processing Toolbox™ a1k Signal Analyzer app HHEE EXMIEIRERTFEMIEESZZE, BRITEABEIREHANRNFHITH

St ES, TERSEMAE, NI FA BRI Eye O MMMBTU?P%WWF%AE%A%Mkﬂﬁ . BEEED
ﬂﬁ%tﬂ@—Aﬁm,%ETUHWW@¢M—AI%¢ﬂﬁﬁoN

=
FTo )
FREIEE, MATLAB gEIEZ NMTEZESTHIIT.
T BERICFEHEZE—INEIXH, FREIAFREETHIEE. BAFRNEEE
“f*f-’.,.@”"“ = JeL .“"“”"“"“. “’”“‘“"”'13% = “””‘““’"*’—. BEDEIMNCHIEESLSS ("BEEZE") , IUARNAUER 4ELF

e NN ST 5, #EZEMBMARIEEMZEEENE AN Gat) , RAEIIZGE

r"

i

B, {EHRE gets X Fh &R B MG N =4 & TR A FIUI .

1’ (\W |

SSSSS

SKPRIRIELR S

ERINGEEFHENMMEELANBINAT, BFETRETH ESBEERIARE 1 “QI8EH
XHBMRER" .
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55555 e

Signal Analyzer app FERHIEELE (X) fHTIE%'ILE (B .
TaEgikiEEAESLEENEH 200 Hz £HRIR

5| BB EFE

\
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TR 2. AR SR FIEE EURHE

ARIUFIEZH, RZAFREARFTE— LR, HAEES AR
FREEMBEE. HIMRRIIE UL HRREITA—H. ZBEER
FEMITIXEA(ES, EA PhysioNet ZERIALLE S LHIT T TLIE,

18I M E T & 7] e = £ A5 1 45 SREUE BB ENFNSFAEIR B, AT A5 Bh estst 4/l
BRFEINEZE.

e BRFFAE

I E R B F I REENR T Z—,
EEIEFIFENER.
&, BEMTEIMERAZIL.
78

E AR R TR
FHERBUHR T ZF XN EHEPHIT RN
iz B e X E A AR B U S RY R

THE%
BFH 67 MATIAB #7475 5 NRT femag. EfR. MIRFIRZ 5 HIRAE AHERIEA.

6 | FHEEEF

12 FFAE
BEAFHERIES —F, HNFBERERIZ L. EEXSHEN
REANGHRFEEZHERR MERAXZSFHEZSBEME.

TR R T 2 RER B BIFE P E RN BRI ERIFFE.
FHERE R EF L E S EERCBAVFFE, JIRTLER TR

(ERYEHE . FHEREERAEEEZRSEYT. FIFFEERZFEFEN
&,

MRIBE—NREFEEFIFZHFE, WEHEREAI gEIEFFER . AR
X—i3%, WBAILUER Parallel Computing Toolbox™ HH] parfor {&
7
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SR 2. FAl IR HEFNIEENFFAE — 45

&, Bl (3 BA—IESR) 761 E

Z’EID—‘ELT-T’?'JEP RIFPIAVIES D RFIR, HANREAT LB BYHFHE
o ll_.\ ;E'V'_ $i’>ﬂ§ EF'{E*D*—\/E%

° ‘/Fﬁﬂi EMER. S KEFHERINE AL RE (MFCC)

TEEBI_I:JL_JL_M""_-*.!WI%?E, BINEES

hrFEE 26 MFHE

SERRIR{ESR )

I AR “Preprocess Data” &35 F| i & U UK LESHE, B=
VABRIA T A B BY4FIE A 2 M FeatureTable .mat C{Edi5ENAY.
wa) WXH, ARIEITXERSHIZA.

ATEIREFE/LSHW, A
EFITHERE, JEMFR (BE

7| fBEHREFES

\

AFEEE, BIAREEIEMGEBIVRKEFIE. AR EIH, 3]

i—/\%’l‘ﬁ HpG—5RFX—MFE. TERR—LLHERINREILH
AR ( “IE'""” B “AEE” LERNEEZEFD .
CC8 MFCC9 MFCC10 MFCCT1 MFCC12 MFCC13 VS
11315 | -0.28488 | 1.6218  -0.53338  -1.6926 | -2.0239 = "RIEE"
2.394 | 0.10001 | 2.9168  -1.3413 | -0.90557 | -1.4914  "JRIEE"
1322 | -0.42672 | 2.3943 | 1.5946 = -2.0933 = -1.3693  "RIEE"
8257 0.865  2.4926 | -0.91656 = -0.55254 & -2.2298  "REE"
5196 | -0.64708 = 3.923 | -0.5634  -1.7582 | -0.4827 @ "FRIEE"

(&h5) HFESR-
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FETNBRR—ERTE, BEUTHE, L R NI B
T ENGEIHRBE 2, RNBERHIEU SN GBIEE. BiFs
e BT ERRF & TR ANSHRE. o FAREE, WOBERE, RS
. RESEEE. —EEH RERIEEN. M TR AR, BYTRBIE, BA
i R R, SEERA LRI ANMIER, B ST L EFORE.

HIGEE “TWIE” B, BAEBDSEE EXRETIIGINEE, F
AEIERBEE. EBEMEEE LEMINGEIE AT ER W EEEE,
AREREGHIEEEFFTRRMERLT. THREREIIISGE LRNRE
RIEE, FAABRMEXT R ZH—S B EERES.
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3

TRt eI =B5 X FOERAG, FAVER Classification Learner app FIRIE LbER 572
RE—MHURELEESEN O, REERMEZREEMRED
. B2, THSWHEINIEHS silEaRtsRmmes: F | SRRESS

THRIGET B9 E . TRIIE T RIToERE L/4E S, AN TR £ F /B 31 Classification Learner app, SIBEEMSITE OFEN
ClassificationLearner URIEARNEsN. AR WEHSIER, £#F feature table fEAZELL

BREHE EREL-—SRPERMMAEA 26 MHE (BRI . #4FiEE “Holdout Validation”
(REBIIE) , 1REE 25% BIEIRIEATIET X

5o
TR R [ ZRiR E ‘ NTFEH FZIFN — RIS
ZAEEIT (FAzk!E SYM) S (S 1) /)N BRERALZIERERID TN E)E
RR {PS (S 1) /L BAMREF, BERZEEMS
(JE&1%) SVM (FRiZEEEYD 1€ 1 3% /L TBRRRRVEZ it o), RETR 4T HbALIR S 4 2 23R
ERITSP & B/)) 3% /)N FRELBUR, 1B 5T (£ AFNRER
FvE= AR {PS {PS %% /L [TZRTFR, SRR AR
R & 1 EHK /L TR IRERSR, BES, [HRELTF
THZE P 4% & 1 FE| X R% Eim AT 22, E4E. IRAF0F

\
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. 2 8l x0T (L 5 LK iEE

AR CMIF e R ENGFNEARE B ES . FATBLAT LLUETRE 7
EE, BITHEEE (FIA Classification Learner app 1(RE 5
WED , WALMNFEESLXESHEUREUSE LA

B LU BN s, REFEEZ Mo 3RS, Hlan “All support
vector machines” . PAfE, BAILAFITIINSR 9 2EEE, EEREUEL LR
18R . M TFRINGHEN»ERSE, LURBIRIERIESRFERRZX
WUEXT AR EFHITIE M, EMREURTEBEL—SBHIEFER TEIERIE
i

MFHRNBCERRIER, SVERETR (“Fine” ) KirgB (KNN)
DERBRIRYF, HERIXFEEN (SVM) # (Fine) REH.

HATRMIE OB LB[ T LUEE 90% KL ERIEHHRE. ITERAsE, B
MCRETREN AR, XEATE. FATIAE—T ORI RE

10 | #5BHL=EF S

\

CLASSIFICATION LEARNER
' 3 wl o r i
@2 Bl « a 8 l[@ @ . BE O B ¢
v
New Featwe PCA  AlQuck-To- Al AllLinear | Fine Tree Advanced  Use T Scatter Confusion ROC Parallel Export
Session v Selection . Train  Parallel Pt Matrix Coordinates Piot  Model v
R
FLE | FEATWRES | MODEL TYPE | TRaNMG | PLOTS PPORY, _
Data Browser ® Scatter Plot Confusion Matrix
v History
1  Tree Accuracy. 89.3%
Lastchange: Fine Tree e Predictions: model 1
2  Linear Discriminant Accuracy. 85.8%
Last change: Linear Discriminant 27/27 teatures
3 Logistic Regression Accuracy. 86.4%
Last cnange: Logistic Regression 27127 teatures 0.2
4  SVM Accuracy. 87.0%
Last change: Linear SVM 27727 teatures
5  KNN Accuracy. 91.5% x
Last change: Medium KNN 27727 features 0.1
6 SWM Accuracy. 90.3% °
Last change: Quadratic SVM 27727 features .
.
0r e} .: x x
v Current Model .
Model 1: Trained (]
=
© -
Results 2 -0
Accuracy 89.3% Kl
Prediction speed ~380000 obs/sec B
Training time 0.84827 sec €
-02 -
x L]
Model Type .
Preset: Fine Tree
Maximum number of splits: 100
Split criterion: Gini's diversity index 03} " " x
Surrogate decision splits: Off % .
Feature Selection ° x *
All features used in the model, before PCA
-04 -
PCA ®
PCA disabled
x
05 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5
standardDeviation

BN EBEIRBINGE LB

THE%
EF NG ITIERIZIR, EVE (€77 L5 350 72 it {7418 # 2 5:12.
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TR 4. U RE

TRSMAIL, RTERE (EER) EEN, BITBEEXR

wE. BEAENEFNES IRAFENUTE—HE;

o BERASH. BUENEEERSH, TREARKARE R
L
TR EEIRE AL

o FMBEHINGEIE. FMIGHERER, EEAEIHES
(YRIREFREMET) . BT L0 AR AR RORIR
A5 CNRFHRIE. SEESREE MIEAEE.

o THSUREUHE. RHAVA L FHER R IR EG M
TR, ERESSETEANRR. BT, NRENEHINE
g, TEDEREHEAR, WMERSHN (PCA) . HHHIZI5
#i (LDA)
HEFEHE (SVD), H—SRIE. MBRISEEREEE LT
w
Ry, WA EUEBNIA— 12 RAEL .

1 | FFEEES

o HITHETEFAIMNE . MRELRSELAKRZIRID, FATAILUE
FARCARFERE, F4FEFME (Flan, BRIROCRIRSENERE) 2
[

SKPRIRIELR S

BTGB AH B “Split data into training and testing sets”  CIEEHRER 5 AN GRFNNEIE) B
7, DUMEEEES R BRI EE LA S MR AR

EHIINE.
LA AR R B AN SR £ L5 8 5ill 803 L HRER A R E,
NINE ZINGEBEA KRBT, AT #H—T# O FHLEF[E
WE, RINBFEESX—FHEEXNEZX, ARNBREMATIRES
#.
SR EE R LS
FREMNSRMEESHEMSINGEE. A7 mRXMbE, A
BERERZ I EN CBEMRA “BEIHFRHA" ) . ERHOEEE, &
4= (bagged) RRMEEIRIXE] 93% BIFEMRE, EXMIBRT, WHIFH
2R (B =y il
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NRIRE

FRRTALLE, RINBEME S XBRABEZATES, BHERFFAEZRE
Xt EOBMARERT, W, Kk CREERMEBISSPROMR®) iR
&

GRIRMFIER DCEFE D RAARER) HRRFERSS.

A TEHRWARIR T X Z BRI E, FAVMER—MRERERE. (BEE
Classification Learner app FHIElREIFLE 111k, HAVREFHFEI—
MREERE. ) LENERREEEETR, RINPOMTERELRE 5%
HERLHRDEARESR, MG 12% HAESLESEANES. #
=P

BARMNRIRITT 5% BIERCH, BE, FiTARERNE 10% UL
RISEBR OB, XMIERELRETRRARAIES.

I RBIRA, FIRESAERESTIEAE (LEED 94% £6) RA

12 | 5B F S

Z
FEIRS. SHEATENSZEXMER, XG5, HNSHESE
BEMERLEAMBEFAERT LERITMGE.

Scatter Plot Confusion Matrix

Model 3

Abnormal 12%

True class

Normal 5%
A
46'7% 0’@0 True False
% / Positive Negative
Rate Rate

Predicted class

ABEFFEE SR IERE, RATI AN LE, FEFRORRYIR
NEEZRR. FESREZEBTLTRASLEAANCESE, XMHNEZEA
LI RY,

1 Classification Learner app &2 %K FRIRE
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Ti{E.

N

B 5 KBRS ERIINBAES, MRARAIZSH S

>

BTESH

THMRBBIIAN—DRAEL, = 20 RN AER O EFHIR S LM

Ti{E.

Develop Predictive
Models

Train the classifier with misclassification cost

To compensate for fewer ‘Abnormal’ observations in the data, and to bias the classifier towards fewer misclassifications of abnormal
sounds, we use a cost function that assigns higher misclassification cost to the ‘Abnormal’ class. At the same time, we perform
hyperparameter tuning by using Bayesian Optimization to find optimal values for model parameters.

Since the ensemble of trees outperformed the SVM classifier in the Classification Learner, we continue with the ensemble.

Estimated objective function value = 0.077005

Function evaluation time = 467.9228

Best estimated feasible point (according to models):

Method NumLearningCycles

LearnRate

AdaBoostM1 468

©0.95583

Estimated objective function value = ©.077005
Estimated function evaluation time = 468.8481

trained_model =

classreg.learning.classif.ClassificationEnsemble
s . Ty PredictorNames: {1x27 cell}
% Assign higher cost for misclassification of abnormal heart sounds ResponseName: ‘class’
= [e, 20; 1, @]; CategoricalPredictors:
ClassNames: {'Abnormal® ‘Normal'}
= = scoreTransform: ‘none’
% Create a random sub sample (to speed up training) from the training set NumObservations: 9111
%subsample = randi([1 height(training_set)], round(height(training_set)/4), 1); HyperparameterOptimizationResults: [1x1 BayesianOptimization]
= [1:-hel int 3 NumTrained: 468
subsample = [1:height(training_set)]; Ethods adcBoostita
LearnerNames: {'Tree'}
rng(1); ReasonForTermination: ‘Terminated normally after completin
FitInfo: [468x1 double]

% Create a 5-fold cross-validation set from training data
cvp = cvpartition(length(subsample), ‘KFold',S);

if ~exist('TrainedEnsembleModel.mat"')
% perform training only if we don't find a saved model

FitInfoDescription:

properties, Methods

{2x1 cell}

EEMEER, SREERERNEAE 8% HWALER

_I_.\n

ILEIRT

=FIZEA 5%)

’L‘:‘élr_’ ﬁﬁ){%
YRATREFTRRIEZ —L (8%, tHILZT, KIFEZER G
- HRBIR B ABRENSIE 92%.

Abnormal

Nomal

Min objective vs. Number of 0.2
% train ensemble of decision trees (random forest) [— Mmmom‘
disp("Training Ensemble classifier...") Estimated min objective |
10.18
% bayesian optimization parameters (stop after 15 iterations)
opts = struct('Optimizer', 'bayesopt’, 'ShowPlots',true, 'CVPartition’,cvp,... 10.16
'AcquisitionFunctionName', 'expected-improvement-plus’, 'MaxObjectiveEvaluations',15);
trained_model = fitcensemble(training_set(subsample,:),'class’, 'Cost’,C,... 2
‘OptimizeHyperparameters',{'Method', ‘NumLearningCycles','LearnRate'},... 10-14 32 Abnomal Norrnal
'HyperparameterOptimizationOptions',opts) g
\ 0.12 §
save('TrainedEnsembleModel2’, 'trained_model'); \ . N s s . P—— . s
- =
— 18 i BEL MO ARERCEIRSE
aee ' B EANAES, RORESCENRNSE.
% load previously saved model
load('TrainedEnsembleModel.mat')
end 10.08
% Predict class labels for the validation set using trained model 0.06
% NOTE: if training ensemble without optimization, need to use trained_model.Trained{idx} to predict 0 5 10 15

predicted_class = predict(trained_model, testing_set); Function evaluations

HIIANRARE, EFRFHEMRRESEZEIAZAE /YT E

SLPRIRIESS]
BITRBIBIA S A “Train the classifier with misclassification cost”
5. ZBIAE R ARSERE, ERHITIEES E80 WAHET 1L

LRI

ﬁj\-)-l‘

(fE R
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HTRE S
BRT ER S BEIEEEMRTEERSRERZE/INE, FHATLA

SUE it TESSME (ROC) B2, ROC fh%s 2B WA R RIS
ERSBELZENEHEHTE. TSR ROC HkikiZmma%

BHRETIEASAE, SARE BN E B R A R E E X BB R
}ﬁ ¢ n
Model 3
(0.05,0.88)
08}
© 06
e
% AUC =0.98
§ 04
0.2
0f =~ ROC curve
Area under curve (AUC)
@  Current classifier

1 1 1 1 L
0 0.2 0.4 0.6 0.8
False positive rate

R4 (bagged) HEE AL L3R HY ROC k.

14 | FF@HEFS

NRTAmE, AILGET TR E IR ESHRIAREIFRIME .. Ralge
RUSEEAENSHENTREBENRA “BSERAM” . AHEBSHIF
MEMSH FRSXISMSHERINE, JANVATLUER MATLAB
HY B zh 818 2 A AT ER UL -

MigEREMRERZSHEEHSHARE, B EFERNRIK.

R Hr RN A L BSH =B — PN RITRE, EESRKREMIR LD
HEMEMFIHIREHNE.

IR E A M B AL AT S E0AM, FIRESI AR E L.

THES
RFHFAE L #E2
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£ RFFIEIRERYEIR D EXFIIUS

Bal, HANEXEHTHEINGEERRINBIME 26 MFE. ILitae
MEE—D B% THHEEE: BRAIKRBAAHEGREERFE. T
BRI ERAMEFEER, FEFAE— T AKATREIUERIES
BIRAL

WRAFIEEX L ENAREFTIER, BATEARBMEEIRX), EZ
ERZEBRANRE LIE.

FHERE T ZERAFUMITEFETSR (XETELRGR) , UK
BEXNENFHEN ANE, B EEFEMAEEEZEETSE (ERRDM
FHER B THEAREMBRDEINGIERERIBFEED .

HEHEMNOLESER, RiTzHSEIESH (NCA), X2—1 &
KEY. ReALIRIERE SRR MFFIEEZFERAR. NCA &R, KH—F
HY
FHEMRESBEZ(ER. Bit, JATATLURDHHERSE, M 26 TR
Z 15 1,

15 | #HBH=EF S

SLPRIRIESS]

EITRBIBIZARH A “Perform feature selection using Neighborhood Component Analysis” ({5 F3 4B 13}
SESTHITIEER) 34, FERFIEIT “Train model with selected features” ({5 B &£ BY4FIET)|
ZiRED)

152

L 0}
0.8 (0]

0.6 -

0.4

0.2

& &
OO 0020202020

0 5 10 15 20 25 30

BFEIEFERE R, (ERASE S E 9IRS E KA HFE.

THE%

EFRFFUEXT SR EH T 7
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https://www.mathworks.com/examples/statistics/mw/stats_featured-ex40823572-selecting-features-for-classifying-high-dimensional-data?s_tid=srchtitle

TR 4. IRE - &

AT G RIREFE 15 MFER RN, FKNNEBRFESECAMMARAE RAZTMHUURAGERZ DA EEMR. B LUESRIEER ST Pk
1B R TR S AER. EﬁFMEN%%ﬁmmxmgﬁﬁﬁa MR, Bl BRE KNN Bk, ZHEE A RIRE. GH
R 6% (EEABIRIF—S) , 815 15% MESIEREIRMOLARE ZEFLIRRIFFHERRM EESIHEMSFE. HixHHERE, REL
= EENSFITIERENARME B R ERIE. HIEgEEE T ITmS
TSR T B AR . EXRESFS, AMAMEREEHRSHETE IR ESRM AR, BHEETIREES
HMEEEE, MFIIETRE R HERR 15% Rk IR X Z £

AR ERGF, RIVEEHITT—TE, U2

RESit H i £

R ER:

okl

RE 5

pail

I:l

KEF o
AFE—THHRE, HANTUAARNEZSZRERRIIBNMILTE,
ITERATIVE MACHINE LEARNING PROCESS
---------------------I
|
v |
CAPTURE ﬁ EXTRACT ' RUN ' EVALUATE
SENSOR DATA FEATURES MODEL MODEL
4 1 |
:.QC.........'O.........OO.........OC.........OO.........:
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TR S. RO AsbERE R4t

MBRFINARFAURSNEEMES RS, &I 1T BRE (PUH
=im) FABMARNRSE. WFREEAEN 1T B, TAERS S LER

E,

MATLAB RzF#2FF, BRI B&mIFAMINARER, B S5KAEM
ES (W C/C++. Python®. Java® ¢ NET) HREHIRHIEFER.

%

BRARNHEFFERERA ¢ REEHE.

MATLAB Coder™ j@id B #11% MATLAB 3% C K53, 2 KIMAEHR
AR ARG LHIEEE

4 i C K53

AL EZ T B2 F IR ZFEVO R EIF R FETRETFN
App L£izfT. ATHIFNAREFAELER, TITEIHITUTEERM
iz B C RS

1. FEEE S FE A FERERE,
2. Bzl MATLAB Coder.

3. BB ANOEE, KARBERES
EFHALER.

MATLAB Coder B #h4&E MBS C (X8,

SEERIEAMAN, BERENLOEDELA

17 | FF@IE=EE>

(&) MATLAB Coder

Select @ (=

MATLAB Coder

Entry-Point Functions:

classifyHeartSounds /7 X

+ Add Entry-Point Function
Project location: HeartSoundClassificationNew\Helperfunctions\dassifyHeartSounds.prj
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