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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(

£ MATLAB SLRHRIER P E R ER LD EHRE.
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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
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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}

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

LRI IEL S
BITTHIBIA S HE “Train the classifier with misclassification co
9. ZBAREARAERE, FEHITESER R

LRI

ﬁj\-)-l‘

(fE R
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(&) MATLAB Coder

Select @ (=

MATLAB Coder

Entry-Point Functions:

classifyHeartSounds /7 X

+ Add Entry-Point Function
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