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Özetçe—Kalp ve kan damarı işlev bozukluklarını içeren kardiyovasküler hastalıklar, dünyadaki diğer hastalıklardan daha fazla
ölüme neden olmaktadır. Tarih boyunca, bu tür durumları
teşhis ederek kardiyovasküler sağlığı analiz etmek için birçok
yaklaşım geliştirilmiştir. Metodolojilerden biri, Fonokardiyografi
adı verilen kalbin normal ve anormal işleyişini ayırt etmek için
kalp seslerini kaydetmek ve analiz etmektir. Sağlık hizmetlerinde
makine öğrenimi uygulamalarının ortaya çıkmasıyla birlikte, bu
süreç fonokardiyografi sinyallerinden çeşitli özniteliklerin çıkarılması ve çeşitli makine öğrenme algoritmaları ile sınıflandırma
yapılması yoluyla otomatik hale getirilebilir. Fonokardiyografi
sinyallerinden öncelikle sinyali bireysel kalp döngülerine bölerek
zaman ve frekans uzayına ait özniteliklerinin çıkarılması ve
ardından farklı makine öğrenimi ve derin öğrenme yaklaşımları
ile sinyallerin sınıflandırılması için birçok çalışma yapılmıştır.
Bu çalışmada, sinyalin sadece segmentlerinden ziyade tam sinyal
kullanılarak çeşitli zaman ve frekans uzayına ait öznitelikleri
çıkarılmıştır. Rastgele Ağaç algoritmasının doğruluk, duyarlılık
ve kesinlik açısından en başarılı algoritma olduğu görülmüştür.
Anahtar Kelimeler—Fonokardiyografi; EKG, Makine öğrenimi;
Dengesiz öğrenme.
Abstract—Cardiovascular diseases, which involve heart and
blood vessel dysfunctions, cause a higher number of deaths than
any other disease in the world. Throughout history, many approaches have been developed to analyze cardiovascular health by
diagnosing such conditions. One of the methodologies is recording
and analyzing heart sounds to distinguish normal and abnormal
functioning of the heart, which is called Phonocardiography. With
the emergence of machine learning applications in healthcare, this
process can be automated via the extraction of various features
from phonocardiography signals and performing classification
with several machine learning algorithms. Many studies have
been conducted to extract time and frequency domain features
from the phonocardiography signals by segmenting them first
into individual heart cycles, and then by classifying them using
different machine learning and deep learning approaches. In this
study, various time and frequency domain features have been
extracted using the complete signal rather than just segments of
it. Random Forest algorithm was found to be the most successful
algorithm in terms of accuracy as well as recall and precision.
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I.

INTRODUCTION

According to the World Health Organization (WHO), cardiovascular diseases (CVDs) are the leading cause of death
globally by causing 17.9 million deaths each year. 15.215
million people die due to heart attacks and strokes and,
approximately 5.1 million of these people are under the age of
70 [1]. CVDs are a group of disorders that involves heart and
blood vessels, which include conditions such as myocardial
infarction, coronary artery diseases, congenital artery disease,
and valvular heart disease (VHD). Early diagnosis of CVDs is
important to reduce the mortality rate. CVDs are commonly
diagnosed with methods such as physical examination, angiography, electrocardiography (ECG), and phonocardiography
(PCG) [2].
Analysis of heart sounds for the diagnosis of heart diseases
has been a common practice since the invention of the stethoscope in 1816 [3]. Following technological improvements,
instruments used in recording and analyzing heart sounds have
drastically changed over the last two centuries. The most
primitive way of analyzing heart sounds is called auscultation
and it has been deemed as insufficient to do quantitative
and qualitative analysis on sounds recorded via auscultation
[4]. However, a phonocardiogram device can record and save
Phonocardiography (PCG) signals continuously for set durations of time to enable an in-depth analysis of heart sounds
[5]. PCG signals can also be acquired via microphones, various
sensors, and digital stethoscopes [2].
PCG signal processing has been an emerging topic over the
last decade, and various studies have been conducted regarding
both time and frequency domain analysis of PCG signals. With
the help of machine learning (ML) and deep learning (DL)
techniques, it has been made possible to analyze PCG signals
and classify normal and abnormal recordings which indicate
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whether the signal belongs to a healthy person or a person
with an underlying heart condition [6].
In principle, almost all the studies that have been conducted
in PCG signal processing share the same generalized algorithm as preprocessing, segmentation, feature extraction, and
classification [3]. In the preprocessing step, raw PCG signals
are processed using suitable filters to remove noise. Noise in
PCG signals comes from the instrumentation, other biosignals
such as breathing, and the environment. With the help of wellestablished signal processing filters, it is possible to remove
noise from the raw PCG signal and get the signal ready for
further processing. Types and parameters of the filters depend
on the noises present in the raw signal. After preprocessing, the
PCG signal is segmented to identify individual cardiac cycles
[7]. The segmentation process can either be performed directly
on the PCG signal or with the help of an ECG signal that has
been recorded simultaneously [9]. The main idea behind the
segmentation of the PCG signal into individual cardiac cycles
is to detect distinct sounds, namely, Sound 1 (S1), Sound 2
(S2), Sound 3 (S3), and Sound 4 (S4) that stem from the
movement of the heart [10]. With the help of these individual
sounds in one cardiac cycle and by using the entire PCG signal,
various features are extracted. These features include but are
not limited to peak frequency, peak amplitude, bandwidth,
Q-factor, zero-crossing rate and frequency, amplitude, and
power-related features for individual heart sounds in one cycle
[11]. Using these features, it is now possible to determine
whether a person is healthy or not. In addition, these features
give us the opportunity of detecting the type of underlying
heart condition and deciding whether individuals need further
clinical diagnostics or not.
On the classification of PCG signals, many studies have been
conducted using ML and DL methods. Quality and length of
the recorded signal, successful removal of noise, segmentation,
and selection of a set of appropriate features for an algorithm,
affect the outcome of the studies extremely. For example, in
a paper published by Singh and Cheema, 60 PCG signals
were classified using 23 features, and 93.33% accuracy was
achieved with Naïve Bayes (NB) classifier [11]. Rouhani and
Abdoli performed feature selection with the Genetic Algorithm (GA) to extract eight features from 120 PCG signals,
and 99.47% accuracy was achieved with the Support Vector
Machine (SVM) algorithm [12]. PASCAL challenge dataset
consists of two separate datasets, and Mubarak et al. were able
to get a maximum accuracy of 90.62% along with 84.21%
accuracy for each sub-dataset [2]. There are also various
studies concerning The PhysioNet/CinC Challenge of 2016
dataset (PHY-2016) that is an imbalanced dataset including
3126 PCG recordings. Using PHY-2016, Singh et al. achieved
overall 87.96% accuracy by utilizing the Convolutional Neural
Network (CNN) algorithm with 20 layers [3]. Whitaker et al.
achieved 86.52% accuracy in the original paper, and they were
able to improve their classification accuracy by up to 89.26%
using sparse coding and time-domain features with SVM
classifier. However, they have encountered perfect sensitivity
and specificity issues because of the imbalanced dataset [13].
Dominguez et al. extracted 20 time-domain features, and they
achieved an 89.26% accuracy with the SVM algorithm [14].
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As the last example, Mostafa et al. used Fisher’s Discriminant
Analysis and Artificial Neural Network (FDA-ANN) to achieve
82.63% accuracy [15]. By considering these studies, it can be
concluded that classification accuracy varies depending on the
feature extraction and classification methods, as well as the
size of the dataset used in the study.
In this study, the PHY-2016 dataset was used to classify
normal and abnormal PCG recordings by extracting fewer
features than the previous studies on the same dataset. It
was aimed to decrease feature extraction and classification
durations by compromising overall classification accuracy as
little as possible. In order to tackle difficulties that come from
working with an imbalanced dataset, ensemble machine learning algorithms were combined with oversampling methods.
II.

MATERIALS AND METHOD

A. Dataset
In this study, the Classification of Heart Sound RecordingsPhysioNet Computing in Cardiology Challenge 2016 dataset
was used [16]. The training dataset contains 3126 heart sound
recordings in total, recorded from different locations on the
body. Each recording was labeled either normal or abnormal,
and while abnormal recordings may indicate various cardiac
disorders, details were not given. Recording durations vary
from 5 to 120 seconds, and they are all sampled at 2000
Hz. Sounds are recorded either in the clinical or nonclinical
environment, and they contain noise from various sources
such as breathing, stethoscope motion, intestinal sounds, and
talking due to imperfect recording conditions. The dataset was
imbalanced, meaning that the number of normal recordings
was not equal to the number of abnormal recordings. In the
original challenge, it was allowed to use a third classification
case as unsure, but for this study binary classification with
labels “normal” and “abnormal” was preferred.
B. Analysis of Software and Environment
In this study, Anaconda was used with Python programming
language and a computer that had Intel Core i5-8265U CPU
8GB RAM, Windows 10 64-bit OS was used.
C. Pre-processing
In order to only have the signal that had relevant information
for heart sounds, which were S1, S2, S3, and S4, a lowpass 10th order Butterworth filter with 400 Hertz (Hz) cutoff
frequency was applied to the raw PCG signal. This step was
followed by a high-pass 4th order Butterworth filter application
with a 15 Hz cutoff frequency to remove DC noise. Afterward,
spikes were removed using a median filter with a kernel size
of 7. Finally, the signal was normalized using Equation 1
where µ represents the mean and σ represents the standard
deviation. In Figure 1a and 1b, 5-second segment of a raw
PCG signal before pre-processing and after pre-processing are
given respectively.
P CGnormal = 0.1 ∗ (

P CG − µ(P CG)
)
σ(P CG)

(1)
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(a) Raw PCG signal

105

(b) Pre-processed PCG signal

Figure 1: 5-second segment of raw and pre-processed PCG signal
D. Feature Extraction
Eleven features were extracted using both time and
frequency-domain methods. These features are given in Table
I where peak frequency, peak amplitude, and mean amplitude
indicate the peak frequency, the peak amplitude, and the
mean amplitude found in the whole PCG signal, respectively.
Systole interval was calculated with the help of the heart rate,
using Schmidt’s Heart Rate Calculation Algorithm [17]. Mean
Shannon-Energy of Hilbert, Logarithmic, and Homomorphic
Envelopes were calculated for each envelope and saved as
features. Band powers for each heart sound that corresponds to
the four different frequency bands were obtained by calculating
the area of the periodogram power spectral estimate over the
following frequencies as 10-140 Hz for S1, 10-400 Hz for S2,
15-60 Hz for S3, and 15-45 Hz for S4 [18]. At the end of the
feature extraction process, all features were combined into a
single array with a class variable, and a .csv file was generated
for classification.
E. Classification
At the classification step, Support Vector Machine (SVM),
K-Nearest Neighbors (K-NN), Naïve Bayes (NB), Random
Feature
Number
1
2
3
4
5
6
7
8
9
10
11

Feature

Domain

Peak frequency
Peak amplitude
Mean amplitude
Systole interval
Mean Shannon’s energy of Hilbert envelope
Mean Shannon’s energy of Logarithmic envelope
Mean Shannon’s energy of Homomorphic envelope
Band power of S1
Band power of S2
Band power of S3
Band power of S4

Frequency
Time
Time
Time
Time
Time
Time
Frequency
Frequency
Frequency
Frequency

Table I: Features extracted from normalized PCG signal to be
used in classification

Forest (RF), Decision Tree (DT), and Gradient Boost (GB)
classifiers were utilized on the previously generated features.
Upon initial loading of the dataset, it was shuffled subject to
a fixed random state to decrease bias.
The utilized dataset contained 292 abnormal and 2948
normal recordings, which was considered as an imbalanced
dataset. SMOTE is an acronym for Synthetic Minority Oversampling Technique and is used to over-sample underrepresented class in a dataset. Tomek under-samples the majority
class by looking at noisy or boundary instances and removes
those instances from the dataset [19]. In this study, by combining these two techniques, the “abnormal” class was oversampled via SMOTE, and the “normal” class was undersampled via Tomek algorithms to create a more balanced
dataset which improves the classification accuracy and related
classifier outcome statistics. After SMOTE and Tomek techniques were applied, classification was performed with 484
normal and 467 abnormal classes.
The dataset was split into train and test sets with a ratio
of 80% to 20%, and re-sampled training data was generated
via SMOTE and Tomek techniques. Afterward, 10-fold crossvalidation was performed to decrease the over-fitting.
III. RESULTS
Confusion Matrix (CM) is a helpful tool to represent True
Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) which are used to calculate accuracy.
Upon analyzing the main diagonal for each matrix given in
Table II, RF was the best performing classifier followed by
DT and GB. K-NN has achieved similar performance in terms
of classifying abnormal cases correctly as abnormal, however,
it lacked correct classification of normal cases.
Classification results, training and test accuracy, precision,
recall, and F1-scores for all the algorithms are presented in
Table III. It can be seen that test and training accuracies of
the RF classifier were higher than other classifiers. Along with
that, the precision, recall, and F-1 score metrics of RF were
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Classifier
SVM
K-NN
NB
RF
DT
GB

TP
367
386
395
436
393
387

FP
202
153
206
78
98
110

FN
100
81
72
31
74
80

TN
282
331
278
409
386
374
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Table II: Confusion matrix of classifiers
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0.89, 0.88, and 0.88 respectively which were the maximum
values among all classifiers. After RF, DT, and GB algorithms
were the best performing classifiers according to given metrics
in Table III.
Classifier
SVM
K-NN
NB
RF
DT
GB

Training
Accuracy
0.69 ± 0.04
0.77 ± 0.04
0.70 ± 0.03
0.88 ± 0.04
0.82 ± 0.02
0.81 ± 0.03

Test
Accuracy
0.682
0.754
0.708
0.885
0.819
0.800
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Precision

Recall

F1-score

0.69
0.76
0.73
0.89
0.82
0.80

0.68
0.75
0.71
0.88
0.82
0.80

0.68
0.75
0.70
0.88
0.82
0.80

Table III: Results of classifiers
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were applied to a set of PCG recordings to classify them as normal and abnormal recordings. To achieve this, 11 different time
and frequency features were extracted. Since the dataset was
imbalanced by almost 10 to 1 ratio in favor of normal classes,
over-sampling and under-sampling methods were applied to
the original dataset. In this way, it was aimed to create a more
balanced dataset which can increase classification accuracy.
Results indicated that directly extracting features from the
whole PCG signal, without segmenting them first, was enough
to achieve comparable results to previous studies that were
performed. It is worth noting that many of the existing studies
extracted individual segments from the signals with the help
of the envelopes such as the Hilbert envelope. This study
focused on the mean of Shannon’s Energy of the envelopes
themselves rather than using them to segment the original
signals. The performance metrics of the RF algorithm showed
the effectiveness of this methodology with 88.5% accuracy.
Also, with the help of over-sampling and under-sampling
techniques, the imbalanced dataset was successfully balanced
to enable higher accuracy results without over classifying the
dominant class.
It may be worth investigating these results further with a feature selection method such as Principal Component Analysis
(PCA) or Genetic Algorithm (GA). In this way, the importance
of the features can be determined by omitting underperforming
features which decreases the duration of feature extraction and
classification and improves overall accuracy.
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