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Abstract. Chronic Obstructive Pulmonary Disease (COPD) is a major health
concern for elders today. Chronic cough and wheezing, which occur in the lungs
as a result of mucus buildup are the main symptoms of COPD. COPD patients are
advised to regularly medicate themselves via an inhaler, which delivers medicine
to the lungs to break down mucus and relieve wheezing. Unfortunately, many
patients do not use their inhaler devices correctly, resulting in no improvement of
COPD symptoms, and worsened health. In this paper, we design machine learn-
ing (Support Vector Machine) algorithms operating on Mel-frequency Cepstral
Coefficients of cough and breath sounds of patients (recorded via smartphones
before and after inhaler usage) to detect the effectiveness of inhaler usage. Using
a cohort of 55 clinically diagnosed COPD patients, spread across both genders,
we evaluate our system from multiple metrics, including Precision, Recall, Sen-
sitivity and Specificity. Our system achieved accuracies close to 80% in detecting
effectiveness of inhaler usage. Our proposed system can aid COPD patients in
improved selfcare routines, and also reduce the rate of re-hospitalizations caused
by exacerbated symptoms.

Keywords: COPD · Lungs · Health · Cough · Breath ·Machine learning ·
Smartphones · Aging

1 Introduction

Chronic Obstructive Pulmonary Disease (COPD) is the fourth leading cause of death
worldwide, and is estimated to become the third by 2020 [1]. The prevalence of COPD
in the US alone is 24 million patients today. However it is estimated that the number is
actuallymuch higher, due tomillions not diagnosed yet, but who are livingwith impaired
lung functions [2]. The most common cause of COPD is smoking, accounting for 85%
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of cases, while occupational smoke/dust and genetic factors are responsible for COPD
in the remaining 15% of the population today [2].

Chronic cough and wheezing from the lungs are main symptoms of COPD, due to
excess mucus production. Pharmacological therapy for COPD includes regular self-use
of an inhaler (to deliver medicine directly to the lungs to breakdown mucus), and is
validated in several clinical trials [3, 4]. However, it is a fact that a significant percentage
of patients engage in sub-optimal inhaler techniques during self-care [5], which, as a
consequence does not breakdownmucus enough, leading to worsened symptoms/health,
and sometimes re-hospitalizations.

Our Contributions: In this paper, we propose an in-home smartphone based system
to enable a COPD patient to determine the effectiveness of inhaler use via processing
cough and breath sounds. To do so, we recruited a cohort of 55 clinically diagnosed
COPD patients, spread across both genders1. Each subject was asked to cough and take
deep breaths before inhaler use (to detect presence of mucus) and after correct inhaler
use (to detect break-up of mucus and symptoms improvement). All data was recorded
via a smartphone. After removing noise, three experts (one of them, our third co-author)
listened to each audio segment recorded, to classify the cough and breath sounds as
symptomatic of COPD (i.e., excess mucus build-up) or otherwise (i.e., mucus breakup
due to correct inhaler use). After appropriate pre-processing, a total of 430 s of cough
audio, and 1161 s of breath audio were obtained, evenly spread before and after inhaler
use.

From this audio dataset, we then extracted Mel-frequency Cepstral Coefficients
(MFCC) for post-processing. Very briefly, the mel-frequency cepstrum (MFC) is a rep-
resentation of the short-term power spectrum of an audio signal, based on a linear
cosine transform of a log power spectrum on a nonlinear mel scale of frequency. The
Mel-frequency cepstral coefficients (MFCC) are those that together make up an MFC.
MFCC provides a robust feature set for our classification problem (i.e., assess improve-
ment in cough and breath due to inhaler use), as this feature performs best at capturing
the spectral envelope of cough and breath sounds. As we present later in the paper, the
spectral envelope is a critical component in audio signal processing that best captures
features unique to sounds like cough and breath.

We then designed a spectrum of machine learning algorithms to process the MFCC
extracted in order to classify cough and breath of COPD patients. Specifically, we want
to discern those cough and breath sounds that indicate absence of mucus (with correct
inhaler use) compared to sounds that indicate presence of mucus. It is easy to see that
if we are successful in achieving our goal, quick feedback can be given to patients
indicating either a) they are correctly using the inhaler; or b) they are incorrectly using
the inhaler (while also directing them to tutorials on correct inhaler use).

To address our goal, we found that a Support Vector Machine (SVM) algorithm
performed the best among k-Nearest Neighbors, Random Forests, and Logistic Regres-
sion in terms of standard metrics like Precision, Recall, Sensitivity and Specificity. Our
overall accuracies were close to 80% for both cough and breath. We believe that our

1 The study was approved by the University of South Florida’s Institutional Review Board (IRB).
IRB Reference Number: Pro00035013.
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paper is the first to actually design an in-home smartphone based system to record and
process cough & breath to evaluate the effectiveness of inhaler use. We expect our sys-
tem to have significant value to educate patients, improve health outcomes and reduce
re-hospitalization rates in relation to COPD.

The remainder of this paper is organized as follows: Sect. 2 covers related work.
Section 3 explains our data collection procedures. Section 4 elaborates on data process-
ing, and Sect. 5 details our feature extraction and classification techniques. Section 6
presents evaluation results, and, finally, we conclude and discuss future works in Sect. 7.

2 Related Work

In this section, we elaborate upon important related work within the scope of this paper.

Analyzing Cough for Healthcare: There are a number of studies in the recent past that
process cough for healthcare. Researchers collected cough sounds from 38 subjects, 17
with tuberculosis and 21without, to develop an algorithm capable of detecting symptoms
of Tuberculosis [6]. Cough samples were recorded, voluntarily, from both infected and
uninfected patients, using a Tascam DR44WL hand-held audio recording device with a
44100 Hz sampling rate. The features processed were log spectral energies and MFCC
(similar to our system in this paper), and the classifier combines decision trees and
logistic regression methods. For this problem, the authors achieved an 82% accuracy,
95% sensitivity, 72% specificity, and an area under the curve (AUC) score of 0.95 [6].

There are also systems that process audio signals to only detect cough. Related
works in this space are [7] and [8], where data is collected using smartphones and close
to 1000 s of cough served as the training dataset. Using machine learning techniques
like k-NN and SVM, accuracies close to 90% were achieved in classification. In another
paper, a slightly more complex problem - namely detection of respiratory events (cough,
sneezing, throat-clearing and sniffling) is addressed [9]. Data pertaining to these events
was recorded from a cohort of 16 subjects using a smartphone, unobtrusively for six
weeks. This technique is a multi-layered SVM approach that processes several time
and frequency domain features. In this paper, researchers achieved an accuracy of 82%
for detection of respiratory events, and 99.1% for detection of non-respiratory events
[9]. More recently, and with advances in deep learning via neural networks, there are
some works that design convolutional neural network (CNN) based techniques in the
domain of cough detection. Work in this domain include [10, 11] and [12]. In these
papers though, the number of subjects recruited was relatively small (ranging from only
9 to 14), and accuracies close to 95% were achieved.

While these are all important related work, we point out that the mere detection of
cough was the problem of interest here, and not finer grained classification of cough for
a specific health condition (i.e. COPD) as we do in this paper.

Breath Analysis for Healthcare: Processing breath sounds is important for healthcare.
Machine Learning algorithms have been designed and implemented to analyze breathing
techniques to differentiate patients with lung cancer from healthy patients, and from a
mixed group of patients with other lung diseases (i.e., COPD, asthma, pneumonia, etc.)
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inworks like [13]. Also, systems to detect various phases on breathing (without a specific
disease context) have been developed in works like [14]. Other related work in the space
of breath detection is [15], where algorithms are devised to measure lung function,
including exacerbation, by processing breath sounds via a spirometer connected to a
smart-phone. There are also many papers related to processing breath sounds for sleep
and exercise detection, which we do not elaborate here due to space limitations.

Our Prior Work: We have done prior work in the space of designing AI techniques to
process cough. In our first paper [16], we designed a classification system to discriminate
cough indicative of COPD symptoms, from cough collected from healthy subjects that
do not have COPD, wherein the cough was recorded via smartphones. In our second
paper [17], we expanded our system by enabling it detect COPD and CHF (Congestive
Heart Failure) from normal cough. In this paper, we have similar, but still orthogonal
goals, in that we are now attempting to detect specifically the effectiveness of inhaler
use by monitoring and analyzing cough and breath sounds before and after its use. To
the best of our knowledge, this is a unique problem not yet attempted in the literature,
but one that has big impact.

A Note on Sample Sizes: Wewish to point out that the process of collecting data (elab-
orated in the next section) was difficult. We could only recruit 55 patients with COPD
that met our criteria for recruitment (including age, gender, mental health conditions,
approved for inhaler use etc.), and it was a nine month effort. Many patients did not con-
sent to our study, and it is normal to do so. As such, in this paper, we do not attempt deep
learning (i.e., featureless) techniques, due to non-availability of truly big data. But we
are confident that our machine learning techniques in this paper are rigorous. Attempting
deep learning techniques is part of our future work with much more data collected.

3 Data Collection

3.1 Recruitment of Subjects with COPD

During Spring and Summer 2019, we collaborated with respiratory therapists at Tampa
General Hospital in Downtown Tampa, FL. With their assistance, we identified 55 (34
Female and 21Male) clinically diagnosedCOPDpatients. Each subjectwas asked to sign
an Institutional ReviewBoard (IRB) approved consent form, indicating their willingness
to participate in our study.Additionally, subjectswere asked to provide their demographic
information (i.e. age, gender,martial status, etc.), documented inTable 1, and to complete
the COPD ABC and Leicester Cough Questionnaires. The COPD ABC Questionnaire
measures the burden of COPD [22], and the Leicester Cough Questionnaire assesses the
impact of cough on various aspects of life (i.e., personal, professional, etc.) [23].

3.2 Our Procedure for Recording Cough and Breath Sounds

Cough and breath sounds were recorded using a custom application developed by the
authors. This application was installed onto aMotorolaMoto E SmartPhone device, con-
taining Android version 4.4.4 KitKat, recording at a sampling rate of 44100 Hz and bit
rate of 16 (per second). This sample and bit rate are standard [34] and recommended [55].
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Table 1. Demographic information of subjects.

We collected four samples from each subject: (1) cough and (2) breath sounds before
inhaler use, and (3) cough and (4) breath sounds after inhaler use. To collect cough,
each subject would simply cough into the phone’s microphone via our app. However,
to collect breath sounds (i.e., wheezing), we developed a custom recorder using the
diaphragm of an actual stethoscope. Connected it to is an Audio-Technica ATR-3350IS
Omnidirectional Condenser Lavalier microphone, which records breath sound waves as
audio files. The microphone, shown in Fig. 1, connects to our smart-phone via wire and
is available in the market.

The process of collecting data required care. Initially, before each subject was admin-
istered their inhaler medication, we recorded a sample of their cough. To do so, each
subject was asked to cough directly into the microphone of our smartphone in which
the sound was recorded. Recording breath required a series of steps. First, we started
off using an actual stethoscope to manually listen to each subject’s wheezing sounds
in their lungs, which indicate quality of breath sounds. The objective was to locate the
clearest wheezing sounds being projected. Most often, wheezing sounds are best heard
on four different areas of the subject’s front, mid-to-lower chest, where the lungs are
located. Additionally, wheezing sounds can be heard on eight different areas of the sub-
ject’s mid-to-lower back. The best areas of auscultation, as depicted in Fig. 2, vary by
subject. Once we identify the best location where wheezing was heard, we used our
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Fig. 1. The Audio-Technica ATR-3350IS omnidirectional condenser lavalier microphone (with
heart shape on surface) connected to the Motorola Moto E smart-phone device to collect breath
sounds from COPD patients. The custom mobile application is shown on the screen of the smart-
phone.

stethoscope, Audio-Technica microphone and mobile application to record and store
the clearest wheezing sound from that location for that subject. All recorded data was
appropriately labeled (without any identifiable information).

In the second round of recording, the subject was required to take their inhaler med-
ication, which was correctly administered by a respiratory therapist. About five minutes
after inhaler use, the exact same cough and breath recording process was executed, and
all data was labeled. This process was repeated for all subjects. Since all patients used
the inhaler correctly, their cough and breath sounds sounded differently due to mucus
break down after inhaler use (which can be gleaned by a trained ear). Automating the
classification via this ground-truth data is our problem.

Fig. 2. Locations for auscultation, where wheezing sounds are heard best. Front, mid-to-lower
chest (left), mid-to-lower back (right).
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Table 2. Number of seconds (sec.) for cough and breath classes, before (BP) and after (AP) data
pre-processing.

Class Sec. (BP) Sec. (AP)

Cough before inhaler use 289 s 219 s

Breath before inhaler use 627 s 579 s

Cough after inhaler use 261 s 211 s

Breath after inhaler use 632 s 582 s

4 Data Pre-processing

4.1 Cough and Breath Data Before Pre-processing

In our data collection procedures, cough sounds, on an average, lasted about 7 s each.
Breath sounds, on the contrary, were collected for approximately one minute each,
consisting of 5–7 deep breaths. Using this data, we developed four different classes:
cough before inhaler use, breath before inhaler use, cough after inhaler use and breath
after inhaler use. As shown in Table 2, the second column contains the duration of
raw data before any pre-processing (denoted as BP). Data in the third column is after
pre-processing (denoted as AP), and is discussed next.

4.2 Pause and Noise Removal

First, we identified unintentional pauses in our audio files post recording, and cut them
using an audio cutting application [17]. Next, we applied a band-pass filter to lower
background ambient noise caught in our cough data (i.e., noise due to surrounding
conversations, medical equipment, etc.), with cut-off frequencies as 300 Hz and 1200Hz
because cough lies in-between those frequencies [20, 21]. There was little to no noise
in our breath data, because the stethoscope was placed tightly on the subject’s skin for
recording.

4.3 One Second Windowing Algorithm

The next issue is accurate ground-truthing of data collected. This is a little tricky. Even
if a patient is clinically diagnosed with COPD and chronic cough, it is still not the case
that the entire cough episode indicates symptoms of COPD. It often happens that only a
certain subset of their entire cough episode indicates COPD symptoms. Naturally, with
proper inhaler use, subsequent cough segments will be completely devoid of COPD
symptoms. Fortunately, the third co-author of this paper has decades of experience
working with COPD patients, and she indicated that a one second segment of cough
can indicate presence of COPD symptoms to a trained human ear. The same is true
for breath also. As such, we split our entire dataset of cough and breath (after pause
and noise removal) from all patients into one second segments and our third co-author,
joined by other experienced nurses, listened to each cough and breath segment to tag it
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as indicative of concerning COPD symptoms (that necessitated inhaler intervention for
that episode of cough/breath) or very mild/no discernible COPD symptoms (that does
not necessitate any further inhaler use for that episode).

As a result of these procedures, we generated a new dataset containing 219 s of
cough and 579 s of breath audio that indicated COPD symptoms necessitating inhaler
intervention; and 211 s of cough and 582 s of breath audio that demonstrated improved
COPD conditions not warranting any further inhaler use for that episode. This data is
shown in the third column in Table 2. This dataset is what we train and validate our
machine learning algorithms on.

5 Feature Extraction & Classification Algorithms

We now elaborate on extraction of Mel Frequency Cepstral Coefficients (MFCC)
from our dataset as features, and our Support Vector Machine based algorithm for
classification.

5.1 Mel Frequency Cepstral Coefficients

For sound recognition systems, a primary goal is to classify a sound (i.e., speech, singing,
breath, cough, etc.) as produced by a human. Human sounds are produced via the larynx
(voice box) and vibrations of vocal cords. This sound is then filtered by their vocal tract,
which determines how the sound produced is, both, shaped and ejected from the mouth.
The vocal tracts for a human consists of the lips, nose, tongue, teeth and throat areas
[43], as depicted in Fig. 3. The corresponding shape of the sound is defined within the
envelope of the short time power spectrum, which estimates loudness and timbre, also
shown in Fig. 3. The MFCC is the strongest audio feature capable of accurately defining
that envelope [26, 35],which inturn serves as robust features to classify sounds like cough
and breath, since the shape of the vocal tract defines how these sounds emanate [39–41].
The MFCC accomplishes this by generating Cepstral Coefficients. The calculation to
generate the Cepstral Coefficients, depicted for each of our four classes in Fig. 4, is
explained below and mapped out in Fig. 5.

Fig. 3. Sound type (i.e. sound of cough or breath) is produced by the shape of the vocal tract. This
shape is definedwithin the envelope of the Short TimePower Spectrum,which is best characterized
by cepstral coefficients of the MFCC.
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Computing MFCC Features: First, each audio (i.e., cough or breath) signal h is split
into a small number of frames of duration 20 ms (ms). If the frame is shorter we do
not have enough samples to get a reliable spectral estimate. If it is longer, the signal
changes too much throughout the frame, making it highly non-stationary [26]. Since,
our sampling rate to record the cough and breath audio signals is 44100 Hz, the frame
length s of each audio signal is now 0.020 * 44100 = 882 samples. Next, from each
frame, we extract one set of 13 MFCC coefficients.

To do so, we denote our pre-framed audio signal as h(s), and our framed audio signal
as hi(s). Then, we calculate the Discrete Fourier Transform (DFT)Di(k) of each ith frame
as,

Di(k) =
∑S−1

s=0
hi(s)w(s)x(s)e

2πks
S . (1)

Here, w(s) represents the length of the hamming window function, where w(s) =
0.54 − 0.46 cos(πs/S). S is the length of the discrete-time signal x(s), which represents
the quantity of signals in s. Also, k is the sampling frequency of the DFT, where k =
0,1…S − 1.

Fig. 4. MFCC features (cepstral coefficients) of before & after cough, and before & after breath
samples, which are represented in the shape of the envelope of the short time power spectrum in
Fig. 3. These images represent the lower 13MFCC coefficients, which contain the highest quantity
of information about the overall spectral shape produced by cough and breath sounds. For cough,
there’s a difference in amplitude due to reduction of mucus build-up after inhaler use. For breath,
there’s a difference in amplitude consistency, also due to reduction in mucus build-up after inhaler
use. This figure is best viewed in color.
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We then compute the Periodogram Estimate Mi(k) as,

Mi(k) = 1

S
|Di(k)|2, (2)

to identify which frequencies are present in each frame, and decipher cough and breath
sound frequencies analogous to the human ear [26].

Next, to produce the Mel-Filter Bank, we applied a Triangular Filter, depicted in
Fig. 6 [27]. The Triangular Filter, roughly, captures energy within the spectral envelope
of a frequency bin. In other words, the filter provides an estimate of the given audio
sample’s spectral envelope shape. The Triangular Filter is applied on a Mel-Scale to
the power spectrum. The Mel-Scale imitates the linear frequency of the human ear’s
perception to sound.

Fig. 5. The multitude of steps required to calculate the mel frequency cepstral coefficients
(MFCC) for both cough and breath sounds.

The Mel-Filter Bank contains 26 vectors, and 257 coefficients. We multiple each
Filter Bank by the power spectrum, calculated using Eq. 2, then add the coefficients.
This results in 26 numbers, representing the amount of energy in each Filter Bank. The
logarithm of these 26 numbers is calculated, which imitates what is heard by a human
ear.

Fig. 6. Triangular filter applied to produce the mel filter bank [27].

Finally, we take the Discrete Cosine Transform (DCT) of the 26 log numbers. This
results in 26 cepestral coefficients. We only keep the lower 13 coefficient, as these
coefficients contain the strongest quality of information about the spectral envelope’s
shape [26]. We discard the higher coefficients because they represent fast changes in the
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Mel-FilterBank energies,which decrease cough andbreath recognition performance.We
see a small, but noticeable, increase in performance by dropping the higher coefficients.

After applying the DCT, the MFCC can be expressed as,

Cm =
∑K

k=1
(logDi(k))

[
m

(
k − 1

2

)
π

K

]
, (3)

whereCm denotes theMFCC,m= 1,2…13, which equates to the 13MFCC coefficients,
and K = 44100 which is the sampling rate of our recording device.

5.2 Justification for MFCC Audio Features

As of today, health-care professionals listen to the sound of a patient’s cough and wheez-
ing to determine the presence and severity of COPD [50]. The point of our study is to
automate this process using machine learning processed on cough and breath. To do so,
we need to capture the spectral envelope of cough and wheezing sounds. In the literature,
it has been demonstrated various times that the MFCC audio features are most capable
of capturing the spectral envelope [26, 43]. The MFCC does so by converting sounds
to a Mel-Scale which analyses those sounds at frequencies that humans speak, and are
capable of hearing. The MFCC is an ideal feature for our problem for the following rea-
sons: (1) MFCC uses the mel-scale to analyze sound in a manner similar to humans [26];
(2) It has been successfully used in several similar applications related to cough [16,
20, 45, 46], breath [47], wheezing [48, 49], music [51] and speech recognition systems
[52]; (3) MFCC is considered a classic front-end algorithm capable of significant and
accurate performance in sound and speech recognition systems [43, 44]. Lastly, there are
several studies that suggest a significant relationship between the MFCC audio feature
and Support VectorMachine classification combination (which were both utilized in this
study), when used in the domains of cough [12, 52, 53] and breath [48, 54] analysis.

Other audio features, like Spectral Centroid, Spectral Flatness or Spectral Flux, could
have been used to solve this problem. However, these features do not capture the spectral
envelope’s perception as the MFCC does. Thus, we did not incorporate those features
into this study. Furthermore, using a large number of features on our classificationmodels
can cause overfitting problems and also increased overhead. Hence, we stick withMFCC
features alone for our problem, and are confident about our decision to do so.

5.3 Support Vector Machine

Based on MFCC features presented above, we briefly present our Support Vector
Machine (SVM) based algorithm for classification, which performed the best among
other techniques. Broadly speaking, SVM classifiers aim to find the best hyperplane
between two classes. A hyperplane is a line which linearly separates the data points
between the classes. In SVM, a hyperplane is considered “best” when it produces the
largest margin between two classes. SVM uses Support Vectors, which are the classes’
data points closest to the hyperplane, to calculate margin maximization [28]. Recall
again that our problem is to identify improvement in symptoms before and after inhaler
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usage using cough and breath data in Table 2. We design two separate SVM classifiers
to do so – one to process cough and the other to process breath.

Our classifiers for cough and breath were developed using the scikit-learn machine
learning software, built into python programming language. The parameters for our
SVM classification models, which produced best results were as follows:

Cough: degree of the Radial Basis Function (RBF) kernel function is 7, the cache size
is 120, the random state is 4 and the kernel is linear, regularization = 1.0, tolerance for
stopping criterion = 1e−3, class weight = balance, decision function shape = one-vs-
rest, maximum number of iterations=−1 (default), gamma= “scale” and shrinking=
True.

Breath: degree of the Radial Basis Function (RBF) kernel function= 5, the cache size
= 215, the random state = 4, the kernel is linear, regularization = 1.0, tolerance for
stopping criterion = 1e−3, class weight = balance, decision function shape = one-vs-
rest, maximum number of iterations=−1 (default), gamma= “scale” and shrinking=
True.

The RBF kernel was selected and works best for our study because (1) parts of our
data has overlap making it difficult for SVM to find the right hyperplane to separate
the data; (2) RBF provides better discriminative ability in a much higher dimensional
subspace [28]; (3) RBF provided a much faster classification time in comparison to the
Polynomial kernel.

6 Results

Classification results, presented below were measured using the following cross valida-
tionmethods: 10-Fold (10-FCV) and Leave-One-Out (LOOCV).Metrics are Specificity,
Sensitivity, Precision, Recall and F1-Score. Results of our SVM classifier, as well as
other machine learning algorithms are recorded in Tables 3, 4, 5 and 6.

Cough: For our cough classification scheme, testing the cough before inhaler and cough
after inhaler classes,we achieved the following results. Employing 10-FoldCrossValida-
tion,we averaged an accuracy of 79.00%, precision of 81.00, recall of 81.00%, sensitivity
of 84.52%, specificity 77.61% and a F1-score of 81.00%. Employing Leave-One-Out
Cross Validation, we averaged an accuracy of 80.69%, precision of 80.00, recall of
80.00%, sensitivity of 83.45%, specificity 78.02% and a F1-score of 80.00%.

Breath: For classification, testing the breath before inhaler and breath after inhaler
classes, we achieved the following results. Employing 10-Fold Cross Validation, we
averaged an accuracy of 84.49%, precision of 84.00, recall of 83.00%, sensitivity of
83.00%, specificity 93.30% and a F1-score of 82.00%. Employing Leave-One-Out Cross
Validation, we averaged an accuracy of 84.32%, precision of 83.00, recall of 83.00%,
sensitivity of 82.00%, specificity 91.49% and a F1-score of 80.00%.
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6.1 Comparison of Results Using Other Algorithms

Tables 3, 4, 5 and 6 show classification results using several popular machine learning
approaches (i.e. k-Nearest Neighbors, Random Forests, Logistic Regression and Multi-
layer Perceptron). As shown, Support Vector Machine (SVM) provided the best results
for the majority of metrics. This is because SVM works best for binary classification
problems, and alsoworkswellwith linearly separable data [28], such as our data. Figure 7
illustrates the Receiver Operating Characteristic (ROC) curves for classification perfor-
mance based on cough and breath data, with SVM performing the best with Area under
the Curve (AUC) scores close to 94% for cough and 93% for breath, when applying
10-Fold Cross Validation. When applying Leave-One-Out Cross Validation, the AUC
scores are 87.5% for cough and 88.4% for breath.

6.2 Complexity of Execution

Our Support VectorMachinemodel, was compiled on aWindows 10Dell PC, containing
an Intel(R) Core(TM) i7-5600U processor, 2.60 GHz with 16 GB RAM. All process-
ing (i.e. audio cutting/filtering, feature extraction and classification) was done with this
system. MATLAB R2017b software was used for feature extraction, audio filtering and

Fig. 7. ReceiverOperatingCharacteristic (ROC) curves for cough classes and breath classes using
10-fold (top) and leave-one-out cross validation (bottom).
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Table 3. Classification of cough based on 10-fold cross validation.

Algorithm Accuracy precision recall sensitivity specificity F1-score

Support vector machine 79.00% 81.00% 81.00% 84.52% 77.61% 81.00%

k-Nearest neighbors 77.00% 81.00% 81.00% 83.33% 77.61% 81.00%

Random forests 65.00% 76.00% 51.00% 92.00% 77.60% 48.00%

Logistic regression 66.00% 73.00% 73.00% 77.27% 69.04% 73.00%

Multilayer perceptron 62.00% 20.00% 44.00% 74.32% 54.66% 27.00%

Table 4. Classification of cough based on leave-one-out cross validation.

Algorithm Accuracy precision recall sensitivity specificity F1-score

Support vector machine 80.69% 80.00% 80.00% 83.45% 78.02% 80.00%

k-Nearest neighbors 79.06% 82.00% 82.00% 82.57% 79.00% 81.00%

Random forests 62.08% 74.00% 53.00% 89.00% 79.45% 46.00%

Logistic regression 67.45% 71.00% 71.00% 75.54% 68.65% 71.00%

Multilayer perceptron 58.85% 22.00% 43.00% 73.08% 52.27% 28.00%

Table 5. Classification of breath based on 10-fold cross validation.

Algorithm Accuracy precision recall sensitivity specificity F1-score

Support vector machine 84.49% 84.00% 83.00% 83.00% 93.30% 82.00%

k-Nearest neighbors 84.00% 84.00% 83.00% 76.00% 90.40% 83.00%

Random forests 80.00% 82.00% 81.00% 74.16% 87.87% 81.00%

Logistic regression 70.00% 72.00% 71.00% 77.27% 65.04% 71.00%

Multilayer perceptron 50.00% 23.00% 48.00% 46.56% 38.66% 31.00%

Table 6. Classification of breath based on leave-one-out cross validation.

Algorithm Accuracy precision recall sensitivity specificity F1-score

Support vector machine 84.32% 83.00% 83.00% 82.00% 91.49% 80.00%

k-Nearest neighbors 83.89% 82.00% 80.00% 73.00% 87.32% 81.00%

Random forests 82.25% 83.00% 80.00% 75.22% 86.32% 81.00%

Logistic regression 70.70% 73.00% 70.00% 78.01% 66.55% 72.00%

Multilayer perceptron 47.71% 25.00% 46.00% 44.52% 40.33% 34.00%
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dataset construction. The custom mobile application used to record cough and breath
samples, consumed a memory 4.55 MB on Motorola Moto E Smart-Phone containing
270MB. Python 3.6 Sklearn libraries were used to develop all classifiers. The classifica-
tion time during execution on the Windows 10 Dell PC was less than a minute. Ensuring
all processing and classification to happen within the smartphone itself is part of future
work.

7 Conclusions and Future Work

In this paper, we design a system capable of discerning improvements in cough and
breath symptoms for COPD patients as a result of correct inhaler use (due to reduced
mucus build-up). Data from 55 patients was used to developed our model. Our ultimate
goal is to improve health of the individual and reduce costly re-hospitalizations, by
detecting and recommending correct health procedures in-home. Our results are very
favorable. We also believe that our work is the first to address the issue of designing
algorithms to automatically evaluate the effectiveness of prescribed interventions (in this
case, inhalers) for COPD.

In the future, we propose to integrate our algorithm as an AI based in-home care
system for patients with COPD. With immediate feedback upon symptom monitoring,
patients could be better notified of when to use an inhaler, and also offered tutorials
on correct inhaler use which can definitely reduce re-hospitalizations. This system will
also include the ability to inform patients when their cough symptoms have exacerbated
enough for them to seek medical attention. Integrating these AI designs into current
COPD care products in the market like [29–32, 37] is our strategy.

Also, we are aiming to conduct a longer study to design gender based algorithms,
since clinical studies suggests that women experience significantly harsher COPD symp-
toms than men, throughout their lifespan [36]. While in this paper, we processed cough
and breath separately, we are also looking into integrate both sounds and related features
together to detect correctness of inhaler usage. Conducting longitudinal experiments to
design personalized models for each patient is also part of our future work.
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