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Abstract
This article investigates the classification of normal and COPD subjects on the basis of respiratory sound analysis using machine
learning techniques. Thirty COPD and 25 healthy subject data are recorded. Total of 39 lung sound features and 3 spirometry
features are extracted and evaluated. Various parametric and nonparametric tests are conducted to evaluate the relevance of
extracted features. Classifiers such as support vector machine (SVM), k-nearest neighbor (KNN), logistic regression (LR),
decision tree and discriminant analysis (DA) are used to categorize normal and COPD breath sounds. Classification based on
spirometry parameters as well as respiratory sound parameters are assessed. Maximum classification accuracy of 83.6% is
achieved by the SVM classifier while using the most relevant lung sound parameters i.e. median frequency and linear predictive
coefficients. Further, SVM classifier and LR classifier achieved classification accuracy of 100% when relevant lung sound
parameters, i.e. median frequency and linear predictive coefficient are combined with the spirometry parameters, i.e. forced vital
capacity (FVC) and forced expiratory volume in 1 s (FEV1). It is concluded that combining lung sound based features with
spirometry data can improve the accuracy of COPD diagnosis and hence the clinician’s performance in routine clinical practice.
The proposed approach is of great significance in a clinical scenario wherein it can be used to assist clinicians for automated
COPD diagnosis. A complete handheld medical system can be developed in the future incorporating lung sounds for COPD
diagnosis using machine learning techniques.
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Introduction

Chronic Obstructive Pulmonary Disease (COPD) is an ob-
structive pulmonary disease which is progressive by nature.
This disease ranked at the 3rd position for causing world-wide

health crisis [1–3]. It is a wide umbrella term consisting of
diseases like emphysema, chronic bronchitis, and refractory
asthma [1]. As per the global health organization, around 3.17
million people have lost their lives because of such life-
threatening disease. COPD is though not treatable, the prog-
ress of it can be controlled with proper medication [2, 4].

Chronic Obstructive Pulmonary Disease is a chronic respi-
ratory disorder which affects the respiratory process, thereby
deteriorating the exhalation capability of the lungs, subjecting
to poor health quality. Cough, sputum production, breathing
difficulty and wheezing are its symptoms. Symptoms at its
very severe stage are weight loss, coronary heart disease, de-
pression, anorexia, cognitive dysfunction and lung cancer [5].
The air sacs and airways are elastic by nature. Lungs are hav-
ing stretching property. They expand and compress during air
passages through it while respiration process. This elastic
property deteriorates slowly in people with COPD [6].
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Stretching property of the lungs is affected, airways are
obstructed and mucus formation in the lungs increases during
COPD [7]. Tobacco smoke, biomass fuel smoke, pulmonary
tuberculosis, frequent respiratory infections from childhood,
indoor air pollution, outdoor air pollution, aging, alpha-
antitrypsin deficiency, and long term asthma are the risk fac-
tors of developing COPD. People exposed to particulate mat-
ter in a poorly ventilated house are more liable to develop
COPD [8, 9]. Outdoor air pollution comprises vehicular, emis-
sions from chemical plants, poisonous gas emissions from
chimneys. Aging could be another significant fact behind
COPD [10].

There are clinical methods to classify COPD and healthy
cases. Monitoring the symptoms, blood gas testing, pulmo-
nary function testing and radiographic methods, including
X-Ray, CT, etc. It is difficult to detect COPD if the patient
has a long history of asthma. Patient’s symptoms and spirom-
etry outcomes are not enough parameter to diagnose COPD
correctly [10]. Moreover, spirometry performance entirely de-
pends on the patient’s efforts. Spirometry results are affected if
the patient is aged, weak or noncooperating. In addition, aging
causes morphological changes in the respiratory organs which
therefore affects the respiratory functions and hence the spi-
rometry results [10, 11]. In such situations, it becomes difficult
to diagnose COPD [12]. In such cases, the diagnosis is done
using radiographic methods. Such techniques are costly as
well as harmful for the patient’s health due to irradiation [13,
14]. COPD mostly prevails in low and middle-income coun-
tries [3]. It is thus required to develop an economical, non-
invasive and harmless method to diagnose COPD.

Normal lung sound is the sound produced by the lungs
during respiration. The characteristics of lung sound are af-
fected by respiratory diseases [15]. Adventitious sounds are
the added sounds like wheezes; crackles, etc. which are com-
mon in people with COPD [16, 17]. Keen observation of
variations in lung sound behavior can aid COPD diagnosis.
There are few studies available on lung sound based COPD
diagnosis. Malmberg et al. [18] assessed respiratory sound
features of Asthma, COPD and normal lungs. A non-paired
t-test was used to differentiate lung sound features available
among the study groups. Quantitative lung data (QLD) were
examined in the lower and upper lung. A lower median fre-
quency of mean lung sound spectra was observed in COPD
than in asthma. The study was insufficient to distinguish the
spectral behavior of asthma and COPD. Morillo et al. [19]
introduced the detection of acute exacerbation stage of
COPD using computerized breath sound analysis. Frequency
domain features were evaluated. Cluster analysis was done to
investigate the association of variable groups. The principal
component analysis was used to decrease the high degree of
association between the features. Student t-test and Chi-square
(χ2) test were employed for bivariate comparisons. The sig-
nificant association was obtained between forced expiratory

volume in 1 s (FEV1) and χ2 value. This study could aid the
remote analysis of COPD exacerbations.

Mineshita et al. [20] proposed the relationship between
respiratory sound distribution and pulmonary function param-
eters in COPD patients. Lung sound intensity was found
higher in the lower lung compared to the upper lung in
COPD patients. Mann-Whitney U-test was used to differenti-
ate the lower, middle and upper QLD of COPD and the
healthy subject. The correlation between pulmonary function
parameters and the ratio of lower QLD to upper QLD was
determined using Spearman’s rank correlation coefficient.
The obtained correlation was moderate with r = 0.45 and
p < 0.005. The ratio of lower QLD to upper QLD was found
to decrease with respect to disease severity. Bennette et al. [21]
introduced a study to identify the relationship between the
crackle features and HRCT variables in people with COPD.
Lung sound feature extraction was done. One-way analysis of
variance (ANOVA) and post hoc comparison tests was used
along with Bonferroni correction to contrast the mean of the
three subject groups mean. The linear relationship between
independent and dependent variables was tested using the
Pearson correlation coefficient. A positive correlation was ob-
tained between conductive airway measurements and crackle
characteristics.

Poreva et al. [22] presented diagnostic signs of COPD
based on breath sound. An algorithm was developed to sepa-
rate the inspiration and expiration phases of the signal. The
values of bicoherence coefficient and skewness coefficient
values were evaluated. Bicoherence was lying in between 20
and 50 with bifrequency pair f1 ≠ f2. The frequency value at
which maximum bicoherence was achieved is the bifrequeny
pair. Skewness was found less than 0.15 in healthy subjects,
whereas greater than 0.15 in COPD. Ishimatsu et al. [23] dem-
onstrated a study on lung sound intensity during tidal breath-
ing of COPD subjects. Inspiratory and expiratory phases were
identified using computer programs. Noisy sections were re-
moved by observing the spectrogram of the breath sound sig-
nal. Power is computed in low, middle and high frequency
bands with the help of fast frequency transform. Octave power
band values were averaged during deep inspiration, deep ex-
piration, resting inspiration and resting expiration for each
subject. These values were contrasted using unpaired t-test
between the control and COPD group. Similarly, unpaired t-
test was used to compare airflow between the two groups.
During resting breathing, high lung sound intensity was ob-
served during both inspiration and expiration phases. Whereas
during deep inspiration, the breath sound intensity was found
to be decreased in COPD compared to controls.

Recently, a study on the diagnosis of COPD based on the
computerized lung sound analysis conducted by Jacome and
Marques et al. [24]. Reliability and variability of lung sound
were assessed. Intraclass correlation coefficient (ICC) method
to determine relative reliability and Bland-Altman method
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were used to compute the absolute reliability. The coefficient
of variation was used to compute intersubject variability.
Breath sound could be a significant biomarker at an airflow
of 0.4–0.6 L/s was concluded in this study. Recently,
Jacome et al. [25] presented the breath sound based dis-
crimination of acute exacerbation COPD (AECOPD) and
stable COPD. Butterworth band-pass of order 8 was used to
denoise the recorded lung sound signal. Re-sampling of the
signal was done before computing short time Fourier trans-
form. Box filtering was used for signal smoothening.
Sample characteristics were determined using descriptive
statistics. Statistical evaluation was done by independent
t-test, Mann-Whitney U test, and chi-square test. The
wheezes and crackles occurrence rate was found lesser in
stable COPD than in AECOPD.

After reviewing the aforementioned studies it is found that
lung sound based automated COPD diagnosis using machine
learning techniques is a little explored area. Most of the
existing studies attempt to find a correlation between COPD
and lung sound features using statistical significance analysis
methods, parametric and non-parametric tests. Techniques
such as t-test, Mann Whitney U-test, correlation analysis,
Spearman’s rank correlation coefficient, ANOVA, etc. have
been employed by researchers for the same. Thus, the devel-
opment of a model for risk stratification of COPD using ma-
chine learning techniques is of immense significance in the
field of medical systems.

There are certain shortcomings in the existing studies.Most
of the studies are conducted on a limited data set. They have
presented a moderate association of lung sounds with respect
to pulmonary function parameters. No studies are available on
the classification of COPD and healthy subjects using lung
sound examination. Thus, there is a need to explore the clas-
sification of COPD subjects based on lung sound. The hypoth-
esis states that machine learning techniques can assist clini-
cians in deriving unforeseen relationships within lung sound
features thereby significantly improving the time complexity,
observational human errors, and prediction accuracy of
COPD. This article presents an automated, convenient, eco-
nomic, harmless and non-invasive way of classification of
COPD. This work includes the classification of COPD using
respiratory sound analysis. The contributions of this work are:

(a) The lung sound data used in this study are original.
Overall, 42 features are computed which includes 39
features extracted from lung sound and 3 spirometry
based features for COPD diagnosis. Using such a large
number of features and combined lung sound features
and spirometry data for COPD classification is a novel
aspect of this study.

(b) Statistical approaches, as well as machine learning pro-
tocols, are implemented and evaluated to determine the
most significant features to diagnose COPD. The

proposed method can aid an automated risk stratification
system for COPD diagnosis.

The organization of the rest of the article is as follows:
second section discusses the material and methods. It involved
the data collection, lung sound signal denoising, feature cal-
culation, and statistical feature evaluation and performance
evaluation. Third section demonstrates the result and discus-
sion followed by conclusions and future work in fourth
section.

Material and methods

Figure 1 represents the strategy for the development of a
risk stratification system for automated COPD diagnosis.
It includes two phases: the online phase and the offline
phase. The right section of Fig. 1 is the online phase,
whereas the left side of it is the offline phase. The offline
phase represents the indirect way of determination of
COPD biomarker. The offline phase includes various
steps like feature extraction, statistical significance analy-
sis and development of machine learning model using
ground truth data. The machine learning model thus de-
veloped is then used for automated diagnosis of COPD in
online mode. In the online phase only relevant i. e. statis-
tically significant biomarkers are extracted for COPD di-
agnosis to save computational time.

Study design and participants

The data included in the study is collected from the
Department of Pulmonary Medicine & Tuberculosis, All
India Institute of Medical Sciences, Raipur, Chhattisgarh.
Approval of Institutional Ethical Committee was taken before
conducting the study. Thirty stable COPD and 25 normal sub-
jects aged between 20 and 60 years were enrolled in the study.
Most of the participants were from Chhattisgarh state.
Informed consent was obtained from all the participants be-
fore enrolling them into the study. Twenty-six male and four
female COPD participants were recruited into this study.
Fourteen male and 11 female healthy subjects participated in
the data recording of the control group. Those COPD patients
diagnosed strictly by the standard criteria of the Global
Initiative for Chronic Obstructive LungDisease (GOLD)were
included in this study. Only those participants were included
in the study that performed spirometry successfully. Patients
with a history of respiratory, neurological and musculoskeletal
disorders were excluded from the study. Both smoker and
non-smoker subjects were included. A spirometer is used to
perform pulmonary function testing. Subjects with normal
spirometry and no past history of respiratory disease were
enrolled in the control group. Breath sounds were recorded
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with the help of electronic stethoscope (3 M Littmann
Electronic Stethoscope model 3200). Breath sounds were re-
corded at deep breathing for a period of 20 s at a sampling rate
of 4000 Hz from the left posterior chest location.

Signal processing and feature extraction

Noise often degrades the quality of lung sound signal. Signal
processing can be flexibly integrated to improve the quality of
lung sound signal [26]. The recorded signal is first allowed to
pass through a bandpass filter of order 6; with the passband
frequency chosen as 20–2000 Hz. The breath sound signal is
then filtered using a Savitzky-Golay filter wherein the main
objective is to adjust a specific polynomial to a frame of the
signal by using the least squares method recently applied in
[27]. Compare to the other existing approaches, Savitzky-
Golay filter achieves improved signal smoothening ability
with retained characteristics of the original lung sound signal.
The details of experiments conducted for lung sound prepro-
cessing can be found in [27]. Signal processing is done in
MATLAB® environment. Total of 39 lung sound features
are computed namely, 13 Mel-frequency cepstral coefficients

(MFCC1, MFCC2… MFCC13), Linear predictive coeffi-
cients (LPC1 and LPC2), first three formant frequencies, me-
dian frequency, spectral centroid, dominant frequency, stan-
dard deviation, mean, root mean square value (RMS), vari-
ance, minimum value, maximum value, peak value, dynamic
range, crest factor, autocorrelation time, sample entropy, zero
crossing rate, spectral roll-off, skewness, maximum frequen-
cy, Renyi entropy, kurtosis and Katz’s fractal dimension (Katz
fd). Three spirometry features namely forced expiratory vol-
ume (FEV1), forced vital capacity (FVC) and a ratio of FEV1

and FVC are also utilized.

Statistical significant analysis

Not all the extracted features are equally important to discrim-
inate the sample between groups. The large pool of features
only enhances computational complexity and processing time.
Hence, the removal of redundant and unimportant features is
done by statistical significance analysis to reduce the feature
space. In this work independent t-test and Mann-Whitney U
test is carried out to check the significance level of an individ-
ual feature. As the COPD, lung sound data are highly varied in

Respiratory sound data

Normality test
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classification(Training)

K-nearest neighbor

(Fine, medium,

coarse, cosine.

Cubic and weighted
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Fig. 1 The proposed risk
stratification system
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nature; it’s not easy to predict the form of distribution.
Therefore, the application of non-parametric test alongside t-
test gives a superior view for reasonable characterization of
information. All tests are done by using the SPSS (Statistical
Package for Social Sciences) software and the significance
level was chosen to be less than 0.05.

ROC analysis of individual features

Receiver operating characteristics (ROC) analysis is a widely
used approach to evaluate machine learning models. The area
under the ROC curve (AUC) is a well-known parameter
which can be derived from ROC and used as a performance

measure. In the present work, ROC analysis is used as an
additional tool to evaluate the most relevant features which
had the highest discrimination capabilities for the diseased and
control groups. The ROC analysis for individual features is
done using MedCalc software following the principles and
method given by DeLong et al. [28] for the calculation of
standard errors of AUC.

Classification

Classification is the last stage of the proposed risk stratifica-
tion system. The job of a classifier is tomap the input variables
to the correct class label. In this paper supervised learning

Class 1

Class 2

Max

Margin

Support 

Vectors

Class 1

Class 2

(a) (b)

Fig. 2 a Linear Support Vector
Machine Classifiers, b Non-
Linear Support Vector Machine
Classifiers

Table 1 Significant features and
its performance Name of feature Normality test

(p value)
Independent sample t-test
(p value)

Mann-Whitney U test
(p value)

ROC analysis

FEV1/FVC 0.003 0.000 0.000 AUC =0.977

FEV1 0.005 0.000 0.000 AUC =0.977

FVC 0.013 0.000 0.000 AUC =0.895

Standard deviation 0.200 0.012 0.008 AUC = 0.711

Variance 0.007 0.020 0.008 AUC = 0.711

Zero crossing rate 0.200 0.003 0.003 AUC = 0.733

Spectral roll off 0.001 0.001 0.001 AUC = 0.765

Median frequency 0.005 0.000 0.000 AUC = 0.855

Spectral centroid 0.200 0.003 0.001 AUC = 0.752

Dominant Frequency 0.000 0.012 0.001 AUC = 0.799

LPC2 0.001 0.000 0.000 AUC = 0.837

Kurtosis 0.000 0.049 0.020 AUC = 0.684

Sample entropy 0.047 0.014 0.014 AUC = 0.693

Formant frequency 2 0.000 0.004 0.035 AUC = 0.667

Formant frequency 3 0.000 0.001 0.003 AUC = 0.636

MFCC2 0.200 0.047 0.035 AUC = 0.667

MFCC3 0.090 0.000 0.000 AUC = 0.805

MFCC5 0.168 0.035 0.002 AUC = 0.747

MFCC6 0.200 0.000 0.000 AUC = 0.816

MFCC7 0.200 0.001 0.000 AUC = 0.784

MFCC8 0.200 0.039 0.039 AUC = 0.663
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based classifiers namely support vector machines, linear dis-
criminant classifier, quadratic discriminant classifier, logistic
regression, decision trees and K-NN classifiers as depicted in
Fig. 1 are implemented and evaluated.

Support vector machine

Support vector machines (SVMs) are the famous and wide-
ly utilized supervised classifiers developed by Vapnik et al.
[29]. SVM is a binary classifier which separates the two
distinct groups based on their element values. The separa-
tion is done in the form of a hyperplane between the classes
based on support vector theory. Figure 2 displays an exam-
ple of classification by SVM. Figure 2a illustrates an ex-
ample of a linear SVM classifier. Here the two classes are
being classified by a separating hyperplane given by the
dashed blue line. There are several hyperplanes that can be
constructed to separate both the classes, but the optimum
one with maximum margin criterion between support vec-
tors (SVs) of two classes is chosen [30, 31].

Practical classification problems are hardly distinguishable
by any linear classifier as the data points are distributed in a
random manner. In that case, a non-linear approach is
employed as in Fig. 2b. This is done by SVMwith kernel trick
[32]. Here, the input feature space is transformed into some
higher dimensional space where the data points are perfectly
separable. The transformation is denoted by ψ :M→ ψ(M).
The kernel function performs inner product of variables in
higher dimensional feature space as k(mi,mj) = Ψ(mi). Ψ(m).
Examples of kernel functions investigated in this study are
the linear kernel, polynomial kernel, Gaussian kernel (Radial
Basis Function), etc. Further, the subtypes of polynomial ker-
nel namely quadratic SVM (polynomial kernel with degree =

2), cubic SVM (polynomial kernel with degree = 3) and sub-
types of Gaussian SVM kernels (coarse (standard deviation =
2), medium (standard deviation = 0.7) and fine (standard de-
viation = 0.25)) are also evaluated.

Discriminant classifiers

Discriminant classifiers are based on Fisher’s discriminant
theory which primary purpose is to have a projection of fea-
ture vectors of lower dimensional feature space to increase the
separation between the classes. This is done by maximizing
the ratio of the variance of between-class to the variance of
within-class [33]. This concept is known as linear discrimi-
nant analysis (LDA). Between-class variance is given by com-
puting distance between the mean of two classes and within-
class variance is defined by calculating the distance between
the mean and individual samples of that particular class.

The quadratic discriminant analysis (QDA) works in close
principle as LDA but does not follow the assumption of the
identical covariance matrix. So it is more suitable when the
two classes possess different variance structures. Here, the
distance calculation for each class is done through the sample
variance-covariance matrix of each class instead of consider-
ing the overall matrix for all samples [34]. As the name, QDA
draws a boundary in the form of a quadratic curve, which in
turn can also classify the non-linearly distributed samples.

Logistic regression

Logistic regression (LR) is a statistic based method to predict
an outcome or label with the help of some independent vari-
ables of the data set. LR is widely used for the binary level
problem. Here, regression refers to the process of mapping the

Table 2 Classifier performance
using spirometry data at 33%
holdout

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Fine Gaussian SVM 100 100 100 1

Linear SVM 94.4 88.9 100 1

Quadratic SVM 94.4 88.9 100 1

Cubic SVM 94.4 88.9 100 1

Linear discriminant 94.4 88.9 100 0.98

Quadratic Discriminant 88.9 88.9 88.9 0.98

Logistic Regression 88.9 100 77.78 0.94

Table 3 Classifier performance
using spirometry data at 5-fold Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Logistic Regression 98.2 96.7 100 0.98

Fine Gaussian SVM 96.4 96.7 96 0.99

Cubic SVM 96.4 93.3 100 0.96

Quadratic SVM 94.5 90 100 0.98

Medium Gaussian SVM 94.5 90 100 0.98
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input explanatory features which serve as independent vari-
ables to a dichotomous characteristic of interest which is noth-
ing but dependent variables or outcomes consist of two
values: 1 (yes) or 0 (no). The LR is modeled to compute the
probability, what is its value corresponding to a particular
outcomewhen subjected to input variables. It is not a classifier
by nature, but by deciding an appropriate threshold value and
comparing it with the probability computed for input variables
could make it work as a binary classifier.

The name LR is because of the function used at the core of
the method, the logistic function. It is in the form of the sig-
moid function. According to Brownlee, et al. [35], “The logis-
tic function was developed to describe properties of popula-
tion growth in ecology, rising quickly and maxing out at the
carrying capacity of the environment”. The logistic function is
a continuous function between 0 and 1, whose shape resem-
bles the letter ‘S’. Mathematically,

Pi ¼ 1

1þ e − 1;mT
ið ÞKð Þ ð1Þ

Where ‘mi’ is the sample input features, K is the parameter
vector and Pi is the probability of an outcome.

The expression for ‘Pi’ to attain the value 1 can be given as:

Pi ¼ P y ¼ 1jSx;mið Þ ð2Þ

The values of parameters or coefficient vectors K is defined
by maximum-likelihood estimation. The best values of K tend

to minimize error in probabilities of predicting the correct
class by model according to the input variables.

K-nearest neighbor

K-nearest neighbor (KNN) is a popular classification tech-
nique which classifies a sample by determining its distance
from the closest sample (K refer to the number of neighbors).
Some common distance measures used are Euclidean,
Chebyshev, and Manhattan. In this study, different types of
KNN are used depending on the value of K and distance
metric used that is, fine KNN (K = 1, Euclidean), medium
KNN (K = 10, Euclidean), coarse KNN (K = 100,
Euclidean), cosine KNN (K = 10, cosine), cubic KNN (K =
10, Minkowski (cubic)) and weighted KNN (K = 10,
Euclidean with squared inverse distance weight).

Decision trees

Decision trees are supervised techniques used in classification
and regression problems. It includes branches and nodes. Two
types of nodes specifically, root node and leaf node are pres-
ent. The classification of an unknown sample is done based on
the split criterion in the root node and finally reaching the leaf
node through branches. In the present work, different types of
decision trees are investigated namely simple, medium, com-
plex, boosted, bagged.

Table 4 Classifier performance
using the spirometry data at 10-
fold

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Logistic Regression 96.4 93.3 100 1

Fine Gaussian SVM 96.4 96.7 96 0.99

Medium Gaussian SVM 96.4 93.3 100 0.99

Quadratic SVM 94.5 90 100 0.97

Cubic SVM 94.5 90 100 0.96

Linear discriminant 92.7 86.7 100 0.95

Quadratic Discriminant 92.7 90 96 0.98

Table 5 Classifier performance
using lung sound parameters
(median frequency and LPCC2)
at 33% holdout

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Fine Gaussian SVM 72.2 77.8 66.7 0.73

Medium Gaussian SVM 72.2 77.8 66.7 0.79

Linear SVM 66.7 66.7 66.7 0.80

Quadratic SVM 72.2 88.9 55.6 0.84

Cubic SVM 66.7 88.9 44.4 0.78

Linear Discriminant 72.2 88.9 55.6 0.85

Quadratic Discriminant 72.2 88.9 55.6 0.84

Logistic Regression 66.7 66.7 66.7 0.78

Simple tree 77.8 77.8 77.8 0.78
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Performance evaluation

Several experiments are conducted to obtain the best classifi-
cation performance. Different feature combinations are ap-
plied to classifier input to evaluate features as well as classi-
fiers. Firstly, the classification performance is evaluated by
taking spirometry parameters alone. Then two most relevant
lung sound parameters, i.e. median frequency and linear pre-
dictive coefficient are used at the input of classifier for COPD
diagnosis. Further, classification is performed by taking the
two most significant lung sound parameter, i.e. median fre-
quency and linear predictive coefficient along with the spi-
rometry parameters. The classifier performance is evaluated
to understand the system’s capability to classify COPD and
normal lung sound correctly. The performance of the classifier
is evaluated in terms of accuracy, sensitivity, and specificity.
Various data division techniques such as holdout and k-fold
cross validation are used to evaluate classifiers on separate
training and test dataset. In the holdout approach, 33% of
the samples are used for testing the classifiers while remaining
samples are used for training. In the cross-validation tech-
nique, 5-fold and 10-fold schemes are used. In each case,
one fold is used for testing the classifier model while the
remaining folds are used for its training. Further, the area
under the ROC curve (AUC) is also used for evaluation of
classifiers. The ROC curve demonstrates the true positive rate
versus false positive rate for the presently chosen trained clas-
sifier. It utilizes various thresholds which are used to calculate
every point in the ROC curve. The individual point of the
ROC curve (i.e. threshold) represents the particular values of
sensitivity and specificity. The AUC is an abstract parameter
of concern that signifies if on average a true positive is graded
higher the above the false positives. The optimal performance
at a specific threshold is chosen. To calculate sensitivity and
specificity we have used confusion matrix which gives true
positives (TP), true negatives (TN), false positives (FP) and

false negatives (FN). On the other hand, AUC reported in the
paper is estimated for optimal performance at a specific
threshold using classification learner application of
MATLAB software.

Results and discussions

Development of an automated approach for diagnosing
COPD using lung sound features is important predominantly
in settings with low resources. The existing studies suffer from
various shortcomings due to restrictions imposed by the small
size of data used. Most of the studies concentrated on evalu-
ating the correlation between lung sound parameters and
COPD using statistical significance analysis. Application of
machine learning strategies for COPD diagnosis for risk strat-
ification is little explored area. No benchmark data is available
to compare different machine learning approaches for COPD
diagnosis. Thus, evaluating different machine learningmodels
for risk stratification of COPD using lung sound features is
important for clinical acceptability of such systems.

Total of 42 features are extracted, of which 39 are lung
sound parameters and 3 are spirometry parameters. The tem-
poral, spectral and spectro-temporal lung sound features were
computed. The temporal features include mean, standard de-
viation, variance, skewness, kurtosis, number of zero cross-
ings, entropy, linear predictive coefficients (LPCs), etc.
Spectral features include spectral signatures like dominant fre-
quency, spectral roll-off, median frequency, maximum fre-
quency, and spectral centroid. Mel frequency cepstral coeffi-
cients (MFCCs) are the spectro-temporal features calculated
in this study. The statistical analysis can be flexibly included
to see the statistical significance of the feature. Table 1 repre-
sents the features which are found statistically significant
along with their AUC performance.

Table 6 Classifier performance
using significant lung sound
parameters (median frequency
and LPCC2) at 5-fold

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Fine Gaussian SVM 83.6 80 88 0.83

Quadratic SVM 80 83 76 0.85

Medium KNN 80 80 80 0.83

Cubic KNN 80 80 80 0.84

Bagged trees 78.2 76.67 80 0.79

Table 7 Classifier performance
using lung sound parameter
(median frequency and LPCC2)
at 10-fold

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Medium KNN 81.8 80 84 0.84

Linear discriminant 78.2 86.7 68 0.84

Fine Gaussian SVM 78.2 76.7 80 0.81

Quadratic SVM 76.4 83.3 68 0.85
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Referring the second column of Table 1, it is observed that
some of the features enlisted in the first column are normally
distributed (P > 0.05) while others are not following a normal
distribution (P < 0.05). For normally distributed features inde-
pendent samples t-test is conducted while for other Mann-
Whitney U test is conducted at 95% confidence interval. Out
of 42 features extracted, only 21 features are found statistically
significant i. e. with p value <0.05. The efficacy of these
features in diagnosing COPD cases are further evaluated using
ROC analysis. Among the lung sound parameters extracted in
this study, it is found that the highest AUC value of 0.855 is
achieved by median frequency followed by a linear predictive
coefficient (LPC2) which achieves AUC of 0.837. Hence, it is
concluded that median frequency and linear predictive coeffi-
cient (LPC2) of lung sound features are the two best
performing parameters to diagnose the COPD cases in terms
of AUC. Spirometry features namely, FEV1/FVC, FEV1, and
FVC attain highest AUCwhich is expected as these values are
current GOLD standards used for COPD diagnosis. The fol-
lowing sections present the results of classifier techniques
using spirometry data, two most relevant lung sound features,
and combined lung sound features and spirometry features.

It is important to mention here that among the various
classifiers evaluated i. e. support vector machines (fine
Gaussian SVM, medium Gaussian SVM, course Gaussian
SVM, linear SVM, cubic SVM, quadratic SVM), linear dis-
criminant classifier, quadratic discriminant classifier, and lo-
gistic regression, the best three performing classifiers in terms
of classification accuracy are shown in Tables 2, 3, 4, 5, 6, 7,
8, 9 and 10.

Results of classification using only spirometry data

In the present study, classification of normal and COPD sub-
jects are conducted using spirometry parameters, lung sound
parameters and including both spirometry and lung sound
parameters as well. Tables 2, 3 and 4 presents the classifier
performances at 33% holdout, 5-fold and 10-fold respectively
in distinguishing the two categories using spirometry data
alone. The fine Gaussian SVM classifier (hold out) outper-
forms other techniques achieving a classification accuracy of
100% followed by logistic regression (5-fold) with an accura-
cy of 98.2%. Though spirometry parameters achieve good
performance in diagnosing COPD cases, its major drawback
is that its outcome mainly depends on the technician skill,
patient’s efforts and cooperation. Hence, spirometry results
alone are not enough parameter to diagnose COPD. Thus, this
study investigates appropriate lung sound based parameters
which can be used in conjunction with spirometry data for
COPD diagnosis.

Results of classification using most significant lung
sound parameters (median frequency and linear
predictive coefficients)

Median frequency and LPC2 are found to be the most relevant
feature with their significantly better AUC performance as
observed in Table 1. Tables 5, 6 and 7 presents the classifier
outcome at 33% holdout, 5-fold and 10-fold respectively, in
classifying COPD and healthy cases using these two lung
sound parameters. It is found that the classifier performance

Table 8 Classifier performance
using significant lung sound
parameters (median frequency
and LPCC2) and spirometry data
at 33% holdout

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Coarse Gaussian SVM 94.4 88.9 100 1

Fine Gaussian SVM 94.4 88.9 100 1

Medium Gaussian SVM 94.4 88.9 100 1

Linear SVM 100 100 100 1

Quadratic SVM 100 100 100 1

Cubic SVM 100 100 100 1

Linear discriminant 94.4 88.9 100 1

Quadratic Discriminant 94.4 88.9 100 1

Logistic Regression 100 100 100 1

Cubic KNN 88.9 77.78 100 1

Table 9 Classifier performance
using significant lung sound
parameters (median frequency
and LPCC2) and spirometry data
at 5-fold

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Linear SVM 98.2 96.7 100 1

Quadratic SVM 98.2 96.7 100 1

Cubic SVM 98.2 96.7 100 1

Logistic Regression 98.4 100 100 1

Fine KNN 96.4 93.3 100 1
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is moderately good when the experimentation is done using
only two statistically relevant and best-performing lung sound
parameters. The maximum classification accuracy achieved is
only 83.6% using the fine Gaussian SVM classifier (5-fold).
The classifier performance using only the best lung sound
feature was lesser than previous experiments on taking only
the spirometry data. It is thus interesting to investigate the
classifier performance by combining both spirometry data
and lung sound features.

Results of classification by including significant lung
sound parameters, i.e. median frequency and linear
predictive coefficient along with spirometry data

The classification is conducted, including median frequency,
linear predictive coefficients along with the spirometry param-
eters. Tables 8, 9 and 10 represent the classifier outcome at
33% holdout, 5-fold and 10-fold respectively. It is found that
the SVM classifier (linear, quadratic and cubic, 33% holdout)
and logistic regression (33% holdout and 10 fold)
outperformed other classifiers with 100% classification accu-
racy. Therefore, it can be concluded that the classifier perfor-
mance is significantly improved by combining reliable lung
sound parameters with spirometry parameters. Figure 3 shows
the ROC of two best performing classifiers achieving a clas-
sification accuracy of 100% and AUC of 1.

Comparison of the proposed approach with existing
studies

To the best of the knowledge of authors, there are very few
studies in the area of automated classification/risk stratification
of COPD using lung sound parameters. Existing studies are
limited to statistical analysis and determining the correlation
between lung sound parameters and COPD. The data size used
in the existing studies is also limited. The study proposed by
Mineshita et al. [20] has correlated its outcomes with spirome-
try parameters with an only moderate correlation coefficient of
r = 0.45 was obtained. Another study presented by Bennette
et al. [21] has compared the lung sound feature statistical out-
comes with respect to that of High-resolution computed tomog-
raphy (HRCT) variables. The study is insufficient to differenti-
ate the two different categories of lung sound. Table 11 present
the comparison between the proposed study with the existing
respiratory sound based approaches to diagnose COPD.

To diagnose COPD, all existing literature has evaluated the
lung sound based parameter and then they have correlated
their studies with respect to some standard parameters like
spirometry results or imaging outcomes. The present study is
a unique study as it involved both statistical feature evaluation
and feature classification. This study is able to categorize the
two different classes of respiratory sound, i.e. normal and
COPD, with the highest classification of 100% accuracy,
100% sensitivity, and 100% specificity. The study

Table 10 Classifier performance
using significant lung sound
parameters (median frequency
and LPCC2) and spirometry data
at 10-fold

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC

Linear SVM 98.2 96.7 100 0.97

Quadratic SVM 98.2 96.7 100 0.98

Cubic SVM 98.2 96.7 100 0.99

Linear Discriminant 96.4 90.3 100 0.97

Quadratic Discriminant 96.4 90.3 100 0.97

Logistic Regression 100 100 100 1

(a) (b) 

Fig. 3 Receiver operating
characteristics of a Logistic
regression classifier, b SVM
classifier
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successfully classifies the COPD respiratory sound and nor-
mal respiratory sound.

From Table 11, it is also observed that very few studies
have incorporated machine learning techniques for analyzing
lung sound features of COPD subjects. Traditional approaches
like t-test, Mann Whitney U-test, correlation analysis,
Spearman’s rank correlation coefficient, ANOVA, etc. are
mostly used by researchers to determine the association be-
tween lung sound features and COPD. On the contrary, this
study extracts multiple lung sound time and frequency fea-
tures and evaluate different machine learning techniques for
automated classification of lung sounds using these features.
Further, statistical significance analysis methods are used to
determine the relevance of extracted lung sound features.
Other than spirometry features, median frequency and linear
predictive coefficients were found to be the most relevant lung
sound attributes which can be used for COPD detection.
Median frequency is among the popular features used for de-
scribing breath sounds. It is the frequency at the core of the
power spectrum. The other relevant feature LPCC is also a
widely used metric in sound analysis applications. These co-
efficients are obtained by representing every sample by a lin-
ear combination of some of the previous samples.

A note on strengths, weakness, and scope of future
work

This is a novel study, which involved the classification of
COPD and normal respiratory sound. In existing studies, none
of the studies have classified COPD respiratory sounds based
on a combination of features extracted in this study.
Combining spirometry data with lung sound features for im-
proving COPD diagnosis is also a novel aspect of this study.
However, this study has certain limitations. The sample size is
small and data collection is single centered. However, as ob-
served in Table 11, the size of the dataset used in this study is
higher than many of the existing studies. Still, larger datasets
are required in the future, to implement and compare the per-
formance of the other advanced machine learning techniques
like a deep neural network. Further, benchmark open datasets
of COPD and non-COPD lung sounds are required to compare
different machine learning techniques on a common platform.
Differences in lung sound parameters among smokers and
nonsmokers for COPD and non-COPD cases can be conduct-
ed in the future. Future work is also concentrated on multi-
centric and multi-modal studies for COPD diagnosis along
with clinical validation of technologies developed.

Conclusion and future scope

Computerized lung sound analysis is a non-invasive technique
which is attaining the wide popularity in terms of respiratory

disease diagnosis and analysis. A present study is a useful
approach for classifying the COPD and the healthy lung
sound. It is one of the non-invasive, convenient, irradiation
free, safe and economic methods. Normality test, independent
t-test, Mann-Whitney test, ROC analysis is the statistical tests
conducted. The median frequency and linear predictive coef-
ficients are found to be the two best significant biomarkers for
COPD. Lung sound parameter and spirometry data are accom-
panied to conduct the classification experiments. Superior
classification results are obtained when both spirometry and
lung sound parameters are accompanied. The SVM and LR
are the two classifiers which successfully classifies COPD and
healthy lung sound data with the accuracy of 100%. Future
workwill be to include multi-centered data as well as to recruit
COPD subjects with comorbidities.
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