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Abstract 

Objective: This research pertains to classification of the heart sound using digital Phonocardiogram 

(PCG) signals targeted to screen for heart ailments.  

 

Approach: In this study, an existing variant of the decision tree, i.e., XGBOOST has been used 

with unsegmented heart sound signal. The dataset provided by PhysioNet Computing in 

Cardiology (CinC) Challenge 2016 has been used to validate the technique proposed in this 

research work. The said dataset comprises of six databases (A through F) having 3,240 heart sound 

recordings in all with the duration lasting from 5-120 seconds.  

 

Main results: The approach proposed in this paper has been compared with 18 existing 

methodologies. The proposed method is accurate with the mean score of 92.9, while sensitivity 

and specificity scores are 94.5 and 91.3 respectively. 

 

Significance: The timely prediction of heart health will support specialists to attain useful risk 

stratification of patients and also assist clinicians in effective decision-making. These predictive 

facts may serve as a guide to provide improved quality of care to the patients by way of effective 

treatment planning and monitoring. 

 

Keywords Heart Sound, Decision Tree, XgBoost, PCG Signal 

 

1. Introduction 

As per the European Society of Cardiology (ESC), tentatively 3.6 million new people count is 

detected with Heart Failure (HF) every year globally; and a total of 26 million adults have HF 1. 

A pro-active strategy for managing disease needs severity assessment, predicting adverse 

happenings and detecting the condition early. This inhibits disease progression, may reduce the 

medical cost associated with treatment, and improves the class of patient’s life. Machine learning 

techniques are continuously contributing towards this direction by doing useful pattern analysis 

and data mining from patient’s dataset. Machine learning helps in medicine by making clusters for 

the discovery of disease subtypes, and reducing medication faults through incongruity detection, 

and ML-augmented physician. In today’s era, medical science has made significant progress for 

exploring the complicated pathophysiology related to HF, but converting accurate and useful 

diagnosis for HF using the data gathered from the variety of patients is still a big challenge. 

Machine learning with data analytics is a promising domain to explore towards early diagnosis of 

HF. Additionally, even if the data analytics has been applied at the data related to latter stages in 

HF, a timely prediction of morbidity, mortality, and readmission risk can help patients and family 

members in a productive way. Various therapeutic interventions can be made using the machine 

learning models viz., prediction of symptom improvement, classifying cancer subtype, predict 

multi-drug resistant bacteria, etc. 2, 3. Machine learning assisted diagnosis, and medical treatment 

for HF can be less time consuming as well as accurate. Detection of heart health is a two-class 

classification problem, in which a machine learning model classifies the heart as normal or 

abnormal. 

 

Following criteria have been used to select the studies stated in the current work: i) studies 

emphasizing on the status of heart healthiness as normal/abnormal, ii) manuscripts written using 



English language only, iii) works published on the role of computers in cardiology (like PASCAL, 

PhysioNet/Computing in Cardiology (CinC) Challenge 2016), and iv) choosing keywords, viz. 

normal/abnormal heart sound, classification of normal/abnormal heart sound, heart health 

prediction, Phonocardiogram (PCG) with machine learning practices. 

 

The organization of the present work is as follows: Section 2, focuses on reviewing the signals in 

heart sound and generic approach for classifying heart sound as normal and abnormal. Section 3 

provides a discussion on the related work. The parameters used for evaluation of the proposed plan 

are described in Section 4. The proposed method is presented in Section 5 with sub-sections on 

features extracted from sound signals. Section 6 is dedicated to experimentation and discussion. 

Finally, Section 7 concludes the study and also presents the scope for further research. 

 

2. Background 

 

2.1 Signals in Heart Sound 

 

First of all, electrical activity is generated in the human heart for the period of a cardiac cycle, 

which causes atrial and ventricular contractions. These contractions drive blood between the heart 

compartments and all over the body. Accelerations and decelerations of blood are closely linked 

with the opening and shutting of the heart valves. This induces vibrations of the whole cardiac 

structure, i.e., a variety of heart sounds and murmurs that are detectable near the chest wall. An 

indication of heart health can be made by listening unusual heart sounds. The graphical rendering 

of heart sound recording is known as phonocardiogram (PCG). Valve sound can be perceived 

optimally at four sites, viz. pulmonic, mitral, tricuspid, and aortic area. Where aortic is centered at 

the second right intercostal space; second intercostal space along the left sternal border is 

pulmonic; fourth intercostal space along the left sternal edge is the tricuspid area; and finally, fifth 

intercostal area on the mid-clavicular line (or the cardiac apex) is referred as the mitral area. 

 

 
 

Figure 1: Graphical depiction of a PCG recording. 

 

Usually, first (S1) and second (S2) heart sounds are treated as Fundamental Heart Sounds (FHSs). 

S1 arose when a quick rise of pressure within ventricles resulted in the closure of mitral and 

tricuspid valves, which is an isovolumetric ventricular contraction. The closing of aortic and 

pulmonic valves at the start of diastole results in S2. Although FHSs are the most noticeable sounds 

of the heart cycle, but few other audible sounds like third and fourth heart sounds (S3 and S4 

respectively), opening snap (OS), mid-systolic click (MC), systolic ejection click (EC), and heart 

murmurs are caused by mechanical activity of the heart like turbulent, high-velocity flow of blood. 



The PCG and its associated four sub-regions, viz. S1, S2, Systole, and Diastole are exhibited in 

Figure 1. 

 

2.2 Generic Approach for Classifying Heart Sound as Normal/Abnormal 

 

Figure 2 explains the general steps followed to segregate normal and abnormal heart sound. 

Initially, heart sound is gathered using heart sound recorder or an electronic stethoscope. After 

this, the recorded sound signal is pre-processed by passing it through specific bandpass filters (if 

needed); and extracted the features like statistical, frequency-based, time-based, etc. A sub-set of 

features may be selected for applying a suitable classification algorithm. A wide range of 

classification algorithms are available to be deployed for classification viz. Decision Tree, 

Artificial Neural Network (ANN), Convolution Neural Network (CNN), Support Vector Machine 

(SVM). 

 

 
Figure 2: Generic steps for heart sound classification 

 

Krishna Dwivedi 2 undertook an extensive review of studies on the subject in the year 2019, where 

considerable variation was reported at the level of feature extraction and classification algorithm. 

Till now, Computing in Cardiology (CinC) 2016 challenge is the most significant reported 

contributor towards the usage of computer-aided methodologies for cardiology 2. However, for the 

purpose of this work, the literature reported in CinC 2016 was mainly reviewed. 

 

3. Related Work 

 

CinC 2016 is the latest reported challenge that has been conducted in the domain of human heart 

classification and machine learning algorithms. Seminal contributions made by CinC 2016 on 

classification of a heart sound as normal/abnormal have been reviewed and listed in Table 1. 

 

Table 1: Literature review for normal/abnormal heart classification using machine learning 

approaches 

 

S.No. Author(s) and Year Summary Drawback(s) 

1. Vernekar et al. 4 The researchers have pre-

processed the heart sound 

signal using bandpass butter-

worth filter, Schmidt spike 

removal technique. Four states 

of heart sound were obtained 

Segmentation algorithm 

of Springer is 

computationally 

expensive 5. Further the 

learning process for 

Heart Sound
Feature 

Extraction
Classification 

Algorithm



using Springer’s segmentation 

algorithm. An ensemble of 

ANN and XgBoost has been 

used for classification. The 

research considered   Markov 

features as a feature set to 

capture the temporal 

dynamics of a sound signal. 

neural networks is time 

taking 6. 

 

2. Singh-Miller and Singh-

Miller  7 

In this research work, the 

authors have used 

unsupervised segmentation, in 

conjunction with data 

clustering algorithms using 

Principal Component 

Analysis (PCA). After feature 

extraction, the model was 

trained using Random Forest 

Regressor. Parameters were 

optimized on the training set 

using cross-validation. 

Finding proper 

categorization for 

coronary artery disease 

(CAD) and “other 

pathologic” using the 

proposed model was 

reported as an unfinished 

task using their model. 

Poor feature selection 

resulted in poor 

performance of the 

proposed model. 

3. Potes et al. 8 In this seminal research work, 

a total of 124 time-frequency 

features were extracted from 

the phonocardiogram (PCG) 

and given to a classifier based 

on AdaBoost. A second 

classifier using a 

convolutional neural network 

(CNN) was also trained using 

PCGs cardiac cycles. The 

final decision rule to classify 

PCG signal as 

normal/abnormal was 

centered on an ensemble of 

classifiers combining the 

outputs of AdaBoost and the 

CNN. 

Segmentation used here is 

computationally 

expensive 5. 

4. Banerjee et al. 9 In this research work, five 

different methodologies have 

been explored, viz. baseline 

two-class classifier, baseline 

method on the unbalanced 

recording, a separate model 

for long-short recording, 

independent model for 

balanced long recording, three 

Approaches 

recommended finally for 

usage were having either 

high sensitivity or 

specificity. A balanced 

value for these two 

matrices is always 

preferred. 



class classifier for noisy data. 

The random forest was used to 

classify dataset with 88 

features from the area of time 

and frequency. 

5. Antink et al. 10 In this manuscript, after 

applying Springer’s 

segmentation algorithm to 

fetch S1, S2, S3, and S4; its 

spectral shapes were extracted 

using a non-negative matrix 

factorization method. Further, 

the random forest was used as 

a classifier. 

The classification 

developed was purely 

data-driven. Hence, the 

classification results 

obtained were not up to 

the mark, which could be 

improved further by 

incorporating 

physiological information 

like frequency bands. 

 

6. Grzegorczyk et al. 11 In this research, firstly the 

PCG signals were segmented 

using HMM and Springer’s 

segmentation algorithm. The 

quality of signals was assessed 

before classification. Signals 

having poor quality were 

labeled as uncertain or not fit 

for classification. Some 

signals were pre-classified as 

abnormal from their systolic 

and diastolic phases (i.e., 

without using neural 

networks). From normal 

signals, the time and 

frequency-based features were 

extracted and fed to a neural 

network model. The method 

proposed here seems to be 

useful for detecting signals 

from patients with mitral 

regurgitation. 

 

The difference between 

sensitivity and specificity 

obtained on the training 

dataset was quite large.  

 

The proposed 

approach/algorithm 

suffered from not having 

any mechanism to deal 

with entities occurring 

irregularly due to external 

factors viz. machine hum, 

human voice, etc. 

7. Clifford et al. 12 Here, the researchers have 

selected training set with a 1:1 

ratio of normal and abnormal 

heart sound recordings. 

Springer’s algorithm 

segmented the PCG signal to 

four states of a heart sound 

When classes in a dataset 

do not have a linear 

boundary, a linear 

classifier is supposed to 

be a bad fit 4. 



(S1, S2, S3, S4). Randomly 

selected twenty features from 

PCG were used to classify 

heart sound through a binary 

logistic regression classifier. 

8. Goda and Hajas  13 A support vector machine 

(SVM) was used on time, 

frequency and wavelet-

enveloped features, extracted 

from segmented 

phonocardiograms. 

 

SVM is computationally 

expensive, i.e., uses a lot 

of time for training 14. 

9. Langley and Murray  15 In this manuscript, the 

feasibility for classifying the 

heart sound using short and an 

unsegmented recording was 

tested. 

 

To segregate PCG as normal 

and abnormal, the Wavelet 

entropy and its threshold 

values were used.  

 

The main shortcoming of 

this method is the big 

trade-off between 

sensitivity and specificity. 

The sensitivity is much 

higher than specificity 

which may result in 

higher rates for false 

positives to be detected. 

10. Zabihi et al. 5 Researchers, in their work 

used unsegmented 

phonocardiograms for 

classification. Initially, 40 

features were extracted from 

the time, frequency and time-

frequency domain, which 

were further reduced to 18 

using a sequential forward 

search algorithm. In 

classification phase 20 neural 

networks were taken as an 

ensemble. 

 

The feed-forward ANN 

has the disadvantage  of 

finding the most 

appropriate value set for 

training, learning and 

transfer function used to 

classify data sets 16. 

 

 

11. 

Homsi et al. 17 

In this research work, the 

authors pre-processed the 

heart sounds by resampling 

them to 1000 Hz. Further, 

these sound signals were 

segmented using Springer’s 

segmentation algorithm to 

identify four states (S1, 

Systole, S2, diastole). A total 

The dataset class in the 

minority has resulted in 

improper learning of 

classifier. Due to this 

sensitivity and specificity 

are having a difference of 

almost 9-10%. 



of 131 features from time, 

frequency, wavelet, and 

statistical domains were 

extracted and used in an 

ensemble of 3 classifiers viz. 

Random Forest, LogitBoost 

and Cost sensitive classifier. 

 

12. Homsi and Warrick  18 Heart sound signals were 

resampled to 1000Hz and 

segmented using Springer’s 

algorithm to extract states S1-

S4. A total of 131 features 

were retrieved that falls in 

time, frequency, statistical, 

and wavelet domain. Outlier 

detection was performed 

using IQR and signals were 

separated into two datasets 

(with outlier signals and 

without outlier signals). An 

ensemble of 20 base 

classifiers was used where 

each classifier was further an 

ensemble of random forest 

(RF), a cost-sensitive 

classifier (CSC), and logit 

boost. 

 

A statistical method like 

HMM is not perfect to 

segment, when dealing 

with heart sounds of a 

newborn and senior 

citizens, as noisy FHS is 

hard to model in a unified 

way. Where FHS for a 

newborn and senior 

person differs from the 

one belonging to rest of 

the age groups 19. 

13. Whitaker et al. 20 Springer's algorithm and 

Sparse coding were used for 

segmentation and feature 

extraction respectively. Five 

different SVMs were trained 

for each sparse matrix; and 

their results were fed into a 

separate (6th) SVM for 

classification. This is 

commonly referred to as 

stacking. 

 

As an ensemble of 6 

SVMs has been used; it 

becomes challenging to 

train the model due to 

excessive time 

consumption. 

14. Plesinger et al. 21 Amplitude envelope was used 

to spot S1 and S2 sounds using 

the frequency band of 15-90 

Hz. Further, an averaged 

shape of S1 and S2 was 

Training process using 

Probability Assessment 

(PROBA) is 

exceptionally time-

consuming due to brute 



computed. As many as 53 

features were extracted and 

processed further using 

logical rules and probability 

assessment. 

 

force optimization of the 

sigmoid function. 

15. Maknickas and 

Maknickas  22 

Researchers used Mel-

frequency spectral 

coefficients in conjunction 

with Deep convolutional 

neural networks for PCG 

classification as normal and 

abnormal. 

The authors have missed 

the detailing regarding the 

structural schema used for 

the CNN approach. For 

example, researchers 

have taken a size of 

3*129*129 at input layer, 

but gave no reason for the 

same. 

 

16. Abdollahpur et al. 23 In this seminal research, Cycle 

quality assessment has been 

applied to heart sound after 

finding the systolic and 

diastolic components. The 

features were extracted from 

the time, time-frequency, and 

perpetual domains. Fisher’s 

discriminant analysis was 

applied to pre-detect normal 

heart sounds. The 

classification was performed 

using an ensemble of three 

feed-forward NN and voting. 

 

The absence of 

implementation of the 

non-linear algorithms for 

feature extraction process 

hampered the 

discrimination process 

between normal and 

abnormal recordings. 

17. Kay and Agarwal 24 The hidden semi-Markov 

model algorithm was used to 

segment heart sound. Features 

were extracted using wavelet 

transform. Mel-frequency 

cepstral coefficients, and 

interbeat features were 

considered which were 

normalized and fed into a two-

layered neural network for 

classification. 

In the context of sequence 

length, for the worst case 

scenario, the time 

complexity of hidden 

semi-MM comes out to be 

quadratic, instead of 

linear for simple HMM.  

It becomes difficult to 

analyze the long 

homogeneous regions in 

the signal by using this 

type of model. 

 

18. Langley and Murray 25 In their work, the researchers 

used time and frequency 

A big difference between 

sensitivity and specificity 



features of the PCG signal and 

analyzed it using wavelet 

entropy, spectral amplitude 

and decision tree for 

classification. 

 

 

for training dataset was 

reported which made the 

model classifier not 

suitable for using in 

practical circumstances 

because this could cause a 

high misclassification 

rate (High False 

Positives). 

 

 

4. Parameters of Evaluation 

 

A series of clinical trials need to be conducted for confirming or disproving the existence of an 

ailment. These clinical trials decide the diagnostic process further. These tests help to identify 

patients who are either diseased or disease-free; where ideally test result never comes positive for 

a disease-free patient and negative for a diseased one. Here are a few fundamentals for 

understanding the efficacy of clinical tests 26: 

 

i. True positive: When test results are positive for a disease and the patient is diseased. 

ii. False positive: When test results are positive for a disease, but the patient is not 

diseased. 

iii. True negative: When test results are negative for a disease and the patient is not actually 

diseased. 

iv. False negative: When test results are negative for a disease, but the patient is diseased. 

 

While doing the evaluation of a clinical test, the frequently used terms are sensitivity and 

specificity, which are independent of the population of interest subjected to testing. The ability of 

a clinical trial to identify diseased patients as diseased is referred to as sensitivity, whereas 

specificity gives the capability of a test to determine patients without diseased as normal 26. In 

domain related to machine learning, the Confusion matrix or error matrix is a depiction of the 

performance of an algorithm (especially in supervised learning). In this matrix, each column 

signifies instances in the actual class, whereas each row symbolizes instances in a predicted class.  

 

The name “Confusion” stems from the fact that it makes it easy to visualize if the machine learning 

model is mislabeling one class as another (or creating confusion among two classes).  Figure 3 

depicts a confusion matrix that provides information about sensitivity, specificity, recall and fall-

out. 

 

 

  True Condition 

 Total 

Population 
Condition Positive Condition Negative 



P
r
e
d

ic
te

d
 C

o
n

d
it

io
n

 
Predicted 

Condition 

Positive 

 

True positive (TP) rate, 

Sensitivity, Probability of 

detection 

=
Σ 𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

Σ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

 

False positive (FP) rate, 

Probability of false alarm 

=
Σ 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

Σ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

Predicted 

Condition 

Negative 

False negative (FN) rate,  

=
Σ 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

Σ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

True negative (TN) rate, 

Specificity,  

=
Σ 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

Σ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

 

Figure 3: Confusion matrix showing formulas for sensitivity, specificity, recall, and fall-out. 

 

The set standard parameters, viz. sensitivity, specificity, and accuracy have been considered for 

comparing the proposed algorithms with already existing ones. Mean accuracy is taken as an 

average of sensitivity and specificity. 

 

Mean Accuracy =  
Sensitivity + Specificity

2
 

 

The data pertaining to the results of sensitivity, specificity, and mean accuracy obtained from the 

various studies under review is presented in Table 2. It also highlights the methodology used in 

these works.  

 

Table 2:  Approaches followed on the research contributions from CinC Challenge 2016 and 

seminal contributions on the classification of heart sound as normal/abnormal from the journal 

Physiological Measurement. 

 

Year Author(s) Sensitivity Specificity 
Mean 

Accuracy 

Name of 

Methodology Used 

2016 
Nicholas E. Singh-Miller et 

al. 

Not 

Available 

Not 

Available 
84.80 

KNN for feature 

selection and 

Random Forest  

2016 Cristhian Potes et al. 88.00 82.00 85.00 
Ensemble of Ada-

Boost and CNN  

2016 Rohan Banerjee et al. 

95.00 72.00 84.00 Random Forest (Out 

of five results best 

two methodologies 

are reported here) 
80.00 90.00 85.00 

2016 Christoph Hoog Antink et al. 92.00 83.00 88.00 Random Forest 

2016 Iga Grzegorczyk et al. 83.00 62.00 73.00 Neural Network 

2016 Gari D. Clifford et al. 66.00 77.00 71.00 
Binary Logistic 

Regression 



Year Author(s) Sensitivity Specificity 
Mean 

Accuracy 

Name of 

Methodology Used 

2016 Marton Aron Goda et al. 93.08 84.70 88.70 
Support Vector 

Machine  

2016 Philip Langley et al. 95.00 60.00 78.00 Wavelet Entropy 

2016 Morteza Zabihi et al. 94.23 88.76 91.50 
Ensemble of Neural 

Networks  

2016 Homsi et al. 94.40 86.90 88.40 

Random Forest + 

LogitBoost + Cost 

Sensitivity 

2016 Sachin Vernekar et al. 

79.20 
(With Markov 

Features) 

84.30 
(With Markov 

Features)  

81.75 
(With Markov 

Features) 

An ensemble of 

ANN and Gradient 

Boosting trees with 

bagging. 72.90 
(Without Markov 

Features) 

80.90 
(Without 

Markov 
Features)  

76.30 
(Without Markov 

Feature) 

2017 Homsi et al. 95.97 90.51 93.24 

Random Forest + 

LogitBoost + Cost 

Sensitivity 

2017 Bradley M. Whitaker et al. 88.67 88.16 88.41 Sparse Coding 

2017 Plesinger F. et al. 86.90 93.70 90.30 
Probability 

Assessment 

2017 Vykintas Maknickas et al. Not Available 99.70 
Convolution Neural 

Network 

2017 Mostafa Abdollahpur et al. 

Net 1 90.10 93.10 91.60 Fisher's 

Discriminant 

Analysis (FDA) and 

Fusion of Neural 

Networks 

Net 2 87.00 87.00 87.00 

Net 3 84.60 84.50 84.55 

2017 Edmund Kay et al. Not Available 74.80 
Drop Connected 

Neural Network 

2017 Philip Langley et al. 

75+6 60+3 68+3 Spectral Amplitude 

94+3 65+3 80+2 Wavelet Entropy 

77+5 80+3 79+3 
Decision Tree/ 

Classification Tree 

 

It was found after the review of literature on the subject under study that heart sound was 

segmented in pre-processing phase by almost all the researchers. However, in the proposed work, 

heart sound waves have been used without performing segmentation in the pre-processing phase; 

and in the classification phase, a more appropriate algorithm has been applied to meet the concern 

of data skewedness. 

 

5. Proposed Methodology 

 

Components other than fundamental heart sounds need to be detected in the cardiac cycle while 

performing heart sound analysis. The presence of added components (that are not original heart 



sounds) in the cardiac cycle label it as abnormal heart sounds. These unusual extra heart sounds 

make it cumbersome to identify normal sound segments. In their works, the researchers 27, 19 have 

presented that the segmentation process can create concerns for heart sound analysis as almost all 

the segmentation algorithms are built on determining the type of FHS.  The researchers, in their 

work 27, mentioned that no particular segmentation algorithm could claim to work on various 

categories of abnormal heart sounds, with varying degree of severity. The process of segmentation 

is computationally more expensive than the un-segmented one 5.  Here in this research, PCG 

signals at 2000Hz. are taken and sliced into a time frames of 5 second each. Statistical and 

frequency domain features are extracted for each sub-part of the signal; and whole dataset is 

segregated into 4:1 for training and testing dataset. Finally, XgBoost algorithm has been applied 

for classification. 

 

Figure 4 describes the methodology used in the proposed work for classifying heart sound as 

normal and abnormal. 

 
Figure 4: Methodology followed to classify heart sound as normal/abnormal in the proposed 

work. 

 

The current study uses the dataset taken from PhysioNet (Computing in Cardiology) Challenge 

2016 for human heart sound. The training set used in CinC 2016 comprises of six datasets (A-F) 

with a total of 3,240 PCG signals lasting 5-120 seconds. All heartbeat sound samples have already 

been provided at 2000 Hz. Using MATLAB 2018a for feature extraction, a window length of 5 

seconds has been taken for each sound wave with non-overlapping adjacent windows. A parallel 

computing toolbox has been used for speeding up the process of feature extraction. PCG data (or 

current signal) has been processed using MATLAB 2018a to find the 27 features as listed in Tables 

3 and 4. 

 

Table 3: Statistical and frequency features extracted from heart sound signal. 

 

S.No. Domain Feature Name 

1. 

Statistical 

Mean Value 

2. Median Value 

3. Standard Deviation 

4. Mean Absolute Deviation 

Classification 
Algorithm

Segregation 
of dataset 

into training 
(80%) and 

testing (20%)

Feature 
Extraction

5 Sec. non-
overlaping 

time window 
for PCG 
signal

PCG 
Signal at 
2000 Hz.



5. Quantile25 

6. Quantile75 

7. IQR 

8. Skewness 

9. Kurtosis 

10. Coefficient of Variation 

11. 

Frequency 

Entropy 

12. Dominant Frequency Value 

13. Dominant Frequency Magnitude 

14. Dominant Frequency Ratio 

 

 

 

 

 

(a) (b) 
 

Figure 5: (a) PCG signal with a rectangular block that depicts the portion of PCG signal under 

consideration (5-sec frame) (b) Visualization of PCG signal as a waveform, where points refer to 

amplitude values taken for the parameter under consideration. 

 5.1 Features from heart sound signal 

Figure 5 shows a waveform signal which is a plot of amplitude versus time. The pattern of 

variations contained in the waveforms provides information about the signal.  

5.1.1 Mean 

Mean of a signal is represented as the average amplitude of the signal over the total time. Taking 

amplitude elements at the signal as {𝑥1, 𝑥2, 𝑥3 … … 𝑥𝑛 }; mean (𝜇) of the amplitude for signal under 

consideration is formulated as given in Equation 1. Where, 𝑥𝑖 is the value of an amplitude of the 

signal at 𝑖𝑡ℎ instance 28. Mean value in abnormal signals is, generally, higher as compared to the 

normal signals 17. 



𝜇 =
1

𝑁
 ∑ 𝑥𝑖

𝑁−1
𝑖=0 ……………............................................……(Eq.1) 

5.1.2 Median 

Arranging the amplitude values  {𝑥1, 𝑥2, 𝑥3 … … 𝑥𝑛 } of a signal in an ascending order and 

considering the middle element from a sorted list of 𝑁 elements, an 𝑖𝑡ℎ position is computed using 

the formula given as Equation 2.  

𝑖 = (𝑁 + 1)/2……………............................................……(Eq.2) 

5.1.3 Standard Deviation 

It means how much the values of data vary from the mean of the data. The expression (𝑥𝑛 − 𝜇) 

describes how far the 𝑛𝑡ℎ sample deviates from the mean of the waveform 28. A low standard 

deviation shows that the data points tend to be very close to the mean, whereas high standard 

deviation indicates that the data points are spread out over an extensive range of values. To analysts 

(physicians, cardiologists, etc.), standard deviation serves a vital feature to distinguish for 

normal/abnormal heart sound, where abnormal heart shows a large standard deviation from the 

normal threshold. As shown in Figure 6 29, parts of the signal having variations in the heartbeat 

can be observed clearly. This helps a medical practitioner to diagnose heart abnormality.  

 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =   √
1

𝑁−1
∑ (𝑥𝑛 − 𝜇)2𝑁

𝑛=1 ……………………. (Eq.3) 

Equation 3 is used to compute the standard deviation of a signal. Here, N represents the total 

number of observations; 𝜇 represents the mean of the given data; and 𝑥𝑛 is the value of each 

amplitude point considered. A significant deviation in the heart sound signal can be observed from 

Figure 6. 

 

 

Figure 6. Heartbeat Standard Deviation 29. 

5.1.4 Quantile25 (C25) 

The first 25% of the elements from a set of amplitude values of the signal, which are arranged in 

an ascending order {𝑥1 < 𝑥2 < 𝑥3 … … … . < 𝑥𝑛 } w.r.t. their magnitude. These are chosen by 

dividing the total number of elements by 4. The value obtained after performing this calculation is 



the 25th percentile element of the signal. C25 denotes Quntile25 and is computed as C25 = N/4; 

where, N = total number of values in a signal (from 𝑥1 to 𝑥𝑛, where 𝑥𝑛 is having maximum 

amplitude). 

5.1.5 Quantile75 (C75) 

The first 75% of the elements from a set of amplitude values of the signal, which are arranged in 

an ascending order {𝑥1 < 𝑥2 < 𝑥3 … … … . < 𝑥𝑛 } w.r.t. their magnitude. These are chosen by 

dividing the total number of elements by 4 and multiplying the resultant by 3. The value obtained 

after performing this calculation is the 75th percentile element of the signal. C75 denotes Quntile75 

and is computed as, C75 = 3N/4; where, N = total number of values in a signal (from 𝑥1 to 𝑥𝑛, 

where 𝑥𝑛 is having maximum amplitude). 

5.1.6 Inter Quartile Range (IQR) 

 

In a data collection, the IQR gives a measure of spread; and is also considered as a number of 

measure of dispersion. Instead of using the mean, it uses the idea of the median. To produce the 

difference among the quarter and three-quarters value, the Median of the lower half (or Lower 

quartile) is computed and subtracted from the median of Upper half (or Upper quartile). It indicates 

data spread on either side of the median. It is the difference between Quantile75 and Quantile25 

of a signal and formulated as IQR = Quantile75 – Quantile25. Figure 7 exhibits PCG waveform 

and box-plot representing Q25, Q75, and IQR. 

 

  

(a) (b) 

Figure 7: (a) Illustration of the PCG signal as a waveform, (b) Box-plot representing Q25, 

Q75 and IQR 

5.1.7 Skewness 

It is a measure of the asymmetry of the probability distribution of the signal. It is the ratio of the 

average cubed deviation from the mean divided by the cube of the standard deviation. It refers to 

how much distribution of signal differs from the normal distribution/the mean value of the signal. 

A signal is made up of amplitude values {𝑥1, 𝑥2, 𝑥3 … … 𝑥𝑛 }. To compute the skewness summation 



of the cube of a difference of amplitude value and mean value for all the data points of PCG signal 

under consideration are divided by count of observation points; which get further divided by the 

cube of their standard deviation 30. For the cardiology domain, the research also pointed out that a 

high positive skewness might be an indicator of the early onset of arrhythmia 31. Ganguly et al. 32  

indicated that the value of skewness differs for normal and abnormal heart rate significantly. 

Equation 4 is used for computing the skewness of the dataset. 

1

𝑁
∑ (𝑋𝑛−𝜇)3𝑁

𝑛=1

𝜎3
……………………. (Eq. 4) 

Here, N is the total number of observations; 𝜇 is the mean of the given data; 𝑋𝑛 is the nth instance; 

and 𝜎 stands for the Standard Deviation of the data. Measuring skewness is essential, as it provides 

an indication regarding the existence of outliers in the dataset. Estimated skewness of the 

population is taken into consideration for making decisions related to the employment of 

inferential statistic and measure of location used for reporting, etc. 

 

Aberrant observations were identified and rejected using different statistical tests viz. coefficient 

of skewness test, the coefficient of kurtosis test, etc. The researchers used rigorous statistical 

schemes (skewness and kurtosis) tests for detecting the false data. Its application resulted in 

estimates of mean with generally smaller standard deviation values 33 . 

 

5.1.8 Kurtosis 

It tells about signal distribution, i.e., whether the data points at signal are peaked or flat relative to 

a normal distribution. Kurtosis feature helps in detecting the existence of high amplitude loading 

in the signal. Furthermore, these statistics are required to be integrated with other parameters to 

extract the low damage segmental signal 34. In 35 researchers have shown that the kurtosis beneath 

a specific threshold means a normal heart rate and if it exceeds a particular threshold, it increases 

the chances of arrhythmia. The formula for computing kurtosis is given in Equation 5 as: 

1

𝑁
∑ (𝑋𝑛−𝜇)4𝑁

𝑛=1

𝜎4
……………………. (Eq. 5) 

Where, N is the total number of observations; 𝜇 is the mean of the given data; 𝑋𝑛 is the nth instance; 

and 𝜎  is the Standard Deviation of the data. Higher kurtosis means more of the variance is due to 

infrequent extreme deviations.  

 

5.1.9 Mean Absolute Deviation (MAD) 

It describes variations in a dataset, and provides a glimpse about spread out of values in a dataset. 

For a waveform, MAD is an average of summation of the difference of each amplitude point on 

the wave, with the overall mean of the signal. MAD can be computed using Equation 6  



1

𝑛
 ∑ |𝑥𝑖 − 𝑚(𝑋)|𝑛

𝑖=1 ……………………. (Eq. 6) 

Where, n is the total number of observations in data; ∑ is summation; 𝑥𝑖 is the 𝑖𝑡ℎ instance of the 

waveform; m(X) is the mean of the data under consideration. 

 

 

 5.1.10 Coefficient of variation (CV) 

 

The CV is defined as the ratio of standard deviation to the mean value. The value of CV shows the 

dispersion around the mean; where more significant value relates to the higher level of distribution 

nearby mean. The estimate is said to be more exact when the value for CV is lower; and the formula 

is given in Equation 7. 

𝐶𝑉 =
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑀𝑒𝑎𝑛
……………………. (Eq. 7) 

5.1.11 Spectral Entropy 

For a signal, the spectral entropy measures the spectral power distribution. Domains like 

biomedical signal processing, speech recognition, and pattern recognition substantially employ the 

concept of spectral entropy 36. Entropy was initially defined by Shannon 37. In the frequency 

domain, the normalized power distribution of a signal was treated as a probability distribution for 

computing its Shannon entropy, which is interpreted as spectral entropy of the signal 38. Based on 

the assumption of having an organized spectrum for speech/sound segments as compared to noise 

segments, the entropy can be used for the same. The spectrum’s spectral peaks are thought to be 

more robust to noise; hence low entropy is induced by voiced region of the speech. A flatter 

distribution will be shown by the spectra of noise or unvoiced region which reflects higher entropy 
38. 

5.1.12 Dominant Frequency Analysis 

The most widely employed technique for feature extraction from electrocardiogram signals 

recorded during Atrial Fibrillation (AF) is the ablation of Complex Fractionated Atrial Electro-

grams (CFAEs). CFAEs are defined as low-voltage fractionated electro-grams with a cycle length 

<120 ms. An alternative targeting method is an identification of the spatial distribution of 

excitation frequencies during AF by spectral analysis of intra-cardiac electro-grams. This method 

is referred to as the Dominant Frequency (DF) in the literature 39. 

Unlike CFAE, that is most often presented as a time domain feature of the electro-grams (the mean 

cycle length); DF approaches contemplate the frequency contents of the electro-grams. Dominant 

frequency is defined as the highest magnitude sinusoidal component of the electro-gram and is 

found by decomposing the electro-grams into a finite number of sinusoidal constituents and finding 



the one with the highest magnitude 39. Theoretically, DF indicates the source of fibrillatory activity 

by recognizing the signal with a higher frequency compared with its surroundings 39. 

Further, the dominant frequency includes three sub-parameters viz. dominant frequency value, 

dominant frequency magnitude, and dominant frequency ratio. The dominant frequency value is 

the frequency at which the maximum of the spectrum occurs (Hz.). The dominant frequency 

magnitude is the amplitude value of the dominant frequency value, while dominant frequency ratio 

is the ratio of the energy of the maximum to the total energy 40, 41. 

5.1.13 Mel Frequency Cepstral Coefficients (MFCC) 

 

MFCC feature compactly signifies prime information in continuous speech signal taken for short 

sample time. Hence, it plays an important role in automatic speech recognition and speech theory 
42.  

 

Table 4: Mel frequency cepstral coefficients taken from heart sound signal. 

 

S.No. Domain Mel Frequency Cepstral 

Coefficients 

Passband Edges 

1. 

Frequency 

MFCC1 Passband Edges [133 267] Hz 

2. MFCC2 Passband Edges [200 333] Hz 

3. MFCC3 Passband Edges [267 400] Hz 

4. MFCC4 Passband Edges [333 467] Hz 

5. MFCC5 Passband Edges [400 537] Hz 

6. MFCC6 Passband Edges [467 600] Hz 

7. MFCC7 Passband Edges [533 667] Hz 

8. MFCC8 Passband Edges [600 733] Hz 

9. MFCC9 Passband Edges [667 800] Hz 

10. MFCC10 Passband Edges [733 867] Hz 

11. MFCC11 Passband Edges [800 933] Hz 

12. MFCC12 Passband Edges [867 999] Hz 

13. MFCC13 Passband Edges [933 1071] Hz 

 

On a signal, an operation of Fast Fourier Transform (FFT) results into spectra of the small time 

signal, which is considered as MFCC. In this, a non-linear frequency scale has been taken for 

approximating the speech/sound behavior. Also, MFCC serves as a feature extraction method for 

the domains of audio-centered automatic identification systems 43. In MFCC, there exist 

coefficients (or filters or frames) from 1-40, but only the first thirteen have been used 44. Figure 8 

displays the MFCC window and its overlapping. The reasons for discarding the other coefficients 

are that they represent fast changes in the filter bank coefficients; and these fine details don’t 

contribute towards Sound Recognition (SR). 



 

 

(a) 

 

(b) 

Figure 8: Overlapping and windowing for MFCC Coefficients (or Filters or Frames). 

The overlapped frame windows corresponding to coefficients in MFCC are taken for a smooth 

transition from one to another. The Hamming window has been used to eliminate discontinuities 

around the edges for each time frame. This is to avoid a loss of the information; and as per the 

study 45, 60% of the overlapping is sufficient. 

 

5.2 Class Imbalance and Classification Algorithms 

 

One of the challenges of data mining and machine learning domain is the class imbalance. This 

lowers the performance of machine learning and data mining algorithms due to biased decision-

making towards the majority class that leads to misclassification of minority class samples. 

Assuming training set as balanced is not factually correct, but this was an assumption taken into 

account for majority of concept learning systems designed/modeled a few years ago. In real life 

scenarios, it can be observed that a big count of entities depicts one class while only a few signify 

other. Researchers 46 showed experimentally that imbalanced class hampers the fulfilment of a 

standard classifier for the connectionist systems. In such a state, the classifier is influenced to the 

class having the majority and resulted in poor classification rates for the class in the minority. 

Possibility for predicting every entity as dominant and ignoring the minor class cannot be ruled 

out. The problem of class imbalance has impacted various domains in the real-world applications, 

viz. network intrusion detection, fault monitoring, remote sensing, biomedical and bioinformatics, 

pollution detection, and fraud detection in credit cards, phone calls, insurance sector, etc.  

 

In their work researchers 47 have mentioned that the traditionally used classification algorithm like 

decision tree is not fit for the class-imbalanced data. Here, for the purpose of this study, the 



ensemble methods such as AdaBoost, Random Forest, and XgBoost have been used, where more 

than one decision tree is constructed. AdaBoost comes under the category of boosted trees, and 

can be used to deal with the problems related to regression and classification. In this, an ensemble 

is built incrementally by training each new instance to emphasize the training instances that were 

mis-modeled previously. The random forest appears under the variety of Bootstrap aggregated (or 

bagged). It incorporates recurrent resampling of training data with replacement and uses voting 

the trees to predict consensus for building multiple decision trees. XgBoost is a gradient boosted 

tree algorithm, where the training process proceeds iteratively by adding new trees. To make the 

final prediction, XgBoost fits the new model to new residuals/errors of the previous projection, 

instead of allotting different weights to the classifiers after each iteration. Doing this, it minimizes 

the loss while adding the latest prediction. A comparative analysis of the results obtained from 

execution of traditionally used decision tree and its advanced variants has been provided in Section 

6. 

 

6. Experimentation and Discussion 

 

PhysioNet 2016 is having the heart sound recordings in .wav format. In all 3240 recordings are 

available, which consist of normal as well as abnormal records. Each .wav file is having a specific 

length of record in the context of time (e.g., 15sec, 27sec, 30sec, etc.). A segment length of 5 secs 

has been chosen, and each recording has been divided into segments of length 5sec, e.g., a 

recording of length 27sec has been divided into five sections of 5sec each, and ignoring the value 

after decimal that comes after dividing record length by 5. By following this, a total of 13015 

segments have been obtained with a segment length of 5sec each. Segment length of 5sec has been 

chosen since the condition of the heart can be judged in the said span by cardiologists.  

 

Using MATLAB2018b, 27 features have been extracted from the heart sound segment of 5 secs. 

As the sound signal is already having a tag regarding the condition of heart health, i.e., 

normal/abnormal, the dataset has been divided into a proportion of 80:20. Where, 80 is for training; 

and 20 is for testing data. 

 

6.1 Confusion Matrix 

 

The Confusion matrix provides the count of occurrences amongst the expected (or predicted) and 

real (or actual) classes. Using this metric misclassification of the specific instances can be observed 

as this labels the resultant case as normal/abnormal PCG signal. The results pertaining to confusion 

matrix obtained after the application of Decision Tree (DT), Random Forest (RF), AdaBoost, and 

XgBoost are displayed in the Figure 9. 
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Figure 9: Confusion Matrix obtained after applying (a) Decision Tree, (b) Random Forest, (c) 

AdaBoost, (d) XgBoost on the dataset. 

 

6.2 Other Evaluation Matrices 

 

In the case of a class imbalanced dataset, accuracy cannot be taken as a sole criterion to estimate 

the performance of a classification algorithm. Whereas, few additional parameters viz. Recall, 

Precision, and F-measure are regarded as more appropriate to use in this scenario 48. Recall value 

is taken as the percentage of labeled events that comes under true fault. Precision is defined as the 

percentage of expected erratic events that are accurately labeled. F-measure is a function of 

confusion matrix and considered as the weighted harmonic mean of recall and precision. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

The machine learning models considered for the purpose of this study have been executed to obtain 

the results for Recall, Precision and F1 score. These results are presented in Table 5. 

 

Table 5: Recall, Precision and F1 Scores for (a) DT, (b) RF, (c) AdaBoost, (d) XgBoost 

 

Classifier Decision Tree Random Forest AdaBoost XgBoost 

Recall 77.2 85.6 71.82 91.3 

Precision 76.18 87.0 77.8 84.5 

F1 76.7 86.3 74.7 87.8 

 

 

 

 

 



6.3 ROC and AUPR as Performance Evaluation Matrices 

 

 6.3.1 Receiver Operating Characteristic (ROC) 

 

Domains like machine learning and data analytics use ROC curves for visualizing and comparing 

the performance of classification algorithms. ROC is a 2-D graph, where false positive and true 

positive rates are plotted on X and Y axis respectively. Generally, the area under ROC curve gives 

efficacy of the technique under consideration, i.e., bigger the area, better would be the algorithm. 

Figure 10 displays the ROC curves for DT, RF, AdaBoost, and XgBoost. 
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Figure 10: ROC Curve for (a) Decision Tree, (b) Random Forest, (c) AdaBoost, (d) XgBoost 

 

Researchers in 49 have stated that in machine learning the ROC curves are generically employed 

for binary decision problems. For algorithmic performance, in addition to ROC, the Precision-

Recall (PR) curves are more beneficial to use, when the dataset is highly skewed. The PhysioNet 

2016 database is highly skewed with almost a ratio of 4:1 {Normal: Abnormal}. The results of the 

current work are presented through an AUPR curve which shows the precision and recall of the 

data obtained on different feature sets and combinations. 

 

 



  6.3.2 Area Under Precision Recall (AUPR) 

 

In the case of imbalanced classes Precision-Recall is a suitable parameter for predicting the 

robustness of classification algorithm 49. Precision gives an estimate of result appropriateness, and 

recall gives the count for truly relevant results returned. AUPR curve depicts trade-off among 

recall and accuracy at different threshold levels. Bigger the area under AUPR, higher would be the 

precision and recall. Large precision symbolizes a low false positive rate, whereas, high recall 

means a low false negative rate. The system having a high precision as well as recall will provide 

correctly labeled results 50. Figure 11 highlights the AUPR curves for Decision Tree, Random 

Forest, AdaBoost, and XgBoost. 
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Figure 11: AUPR Curve for (a) DT, (b) RF, (c) AdaBoost, (d) XgBoost 

 

7 Conclusion and Future direction 

 

The results obtained after the use of XgBoost algorithm for the proposed methodology are more 

reliable and authentic in comparison to those of Decision Tree, Random Forest and AdaBoost.  

The mean accuracy obtained for machine learning models under consideration is 85.55 for the 

Decision Tree, 90.65 for Random Forest, 82.50 for AdaBoost, and 92.85 for XgBoost. It is evident 

that XgBoost algorithm has outperformed when compared with other existing peer variants. 

Further research can be directed towards exploring the utility of Support Vector Machine (SVM) 

in conjunction with XgBoost algorithm. Also, the XgBoost algorithm can be combined with meta-

heuristic algorithms such as genetic algorithm and ant colony optimization for hyper-parameter 

tuning. 
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