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ABSTRACT
Acute exacerbations are one of the main causes that reduce health-related quality of life and lead
to hospitalisations of patients of chronic obstructive pulmonary disease (COPD). Prediction of
exacerbations could diminish those negative effects and reduce the high costs associated with
COPD patients. In this study, 16 patients were telemonitored at home during six months.
Respiratory sounds were recorded daily with an electronic sensor ad-hoc designed. In order to
enable an automatic prediction of symptom-based exacerbations, recorded data were used to train
and validate a decision tree forest classifier. The developed model was capable of predicting early
acute exacerbations of COPD, as average, with a 4.4 days margin prior to onset. Thirty-two out of
41 exacerbations were detected early. A percentage of 75.8% (25 out of 33) of detected episodes
were reported exacerbation and 87.5% (7 out of 8) were unreported events. The achieved results
demonstrated that machine-learning techniques have significant potential to support the early
detection of COPD exacerbations.
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Introduction

Chronic obstructive pulmonary disease (COPD) is ranked
as the third most common global cause of death in the
last decade, being a main cause of chronic morbidity [1].
Acute exacerbations of COPD (AECOPD) are one of the
prime causes that reduce health-related quality of life
and lead COPD patients to hospitalisations. Early detec-
tion of exacerbations, achieved with the support of tele-
health systems and interventions aimed to promote self-
management, could decrease the negative effects and
costs associated with COPD patients.

A COPD self-management intervention has been
defined by an International Expert Group consensus [2]
as a ‘structured but personalised and often multi-compo-
nent, with goals of motivating, engaging and supporting
the patients to positively adapt their health behaviour
and develop skills to better manage their diseases.’

Home telehealth systems are being designed and
developed to help patients with chronic disorders, carers
and health and social professionals. Telehealth
approaches can contribute to avoiding the need for fre-
quent visits to hospital and provide an easy, secure and
specific tool to self-manage and control the disease [3–7].
These telehealth systems are usually composed of sensors
and devices for obtaining health related biomarkers.

A recent Cochrane review has described potential
advantages of self-management interventions in COPD
[8]. In addition, a more recent systematic review has
reported that predictive data mining models with good
clinical reliability are an important goal for the future
development of telehealth and self-management in
chronic respiratory conditions [9].

COPD symptoms often change due to exacerbations
[10]. However, the AECOPD definition is controversial,
mainly because of its heterogeneous nature [11,12]. Two
definitions of COPD exacerbations are widely used in
most studies: a) an event-based episode is defined as an
attendance in an emergency or primary care setting with
worsening of symptoms, and, in some studies, including
the self-medication of patients with a self-management
plan with corticosteroids and/or antibiotics; and b) a
symptom-based exacerbation characterized by the
increasing of respiratory symptoms [12]. The decision on
the selected definition shapes the number of exacerba-
tions observed and the algorithm efficiency [12]. In sum-
mary, the performance of algorithms may be adversely
affected for the lack of agreement on a definition of an
exacerbation [13] and by unreported AECOPD [14]. Con-
sequently, intelligent algorithms must be robust notwith-
standing the definition of exacerbation of COPD applied.

CONTACT Miguel Angel Fernandez-Granero ma.fernandez@uca.es

© 2018 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.

BIOTECHNOLOGY & BIOTECHNOLOGICAL EQUIPMENT, 2018
VOL. 32, NO. 3, 778–784
https://doi.org/10.1080/13102818.2018.1437568

http://crossmarksupport.crossref.org/?doi=10.1080/13102818.2018.1437568&domain=pdf
mailto:ma.fernandez@uca.es
mailto:ma.fernandez@uca.es
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1080/13102818.2018.1437568
http://www.tandfonline.com


This study aims at exploring the performance of daily
home recorded respiratory sounds for early detection of
symptom-based AECOPD by using computerized analy-
sis and artificial intelligence techniques.

Subjects and methods

Subjects

Sixteen COPD patients participated in this study. The par-
ticipants were retrieved in the Pulmonology and Allergy
Department of Puerta del Mar University Hospital, Cadiz,
Spain. The patients had been diagnosed with COPD by
spirometry and had been classified into GOLD groups D
and C [15]. The patients were 70.2 § 6.6 years old and
had a history of two or more exacerbations requiring
treatment with antibiotics or oral corticosteroids or of one
hospital admission with an exacerbation in the previous
year and cumulative tobacco consumption of >20 pack-
years. Informed consent was signed by all participants
and the study obtained an ethics approval from the local
Ethics Committee. The patients used a sensor device and
a base station to record their respiratory sounds daily for
6 months [16]. Respiratory sounds were recorded on the
suprasternal notch following the instructions presented
by a multimodal interface running in the base-station.
Daily recordings were sent to the central server located at
the Hospital and added to the electronic patient record.

Features extraction: discrete wavelet transform

In general, it is accepted that the frequency of respira-
tory sounds is in the range of 100–2500 Hz, and that

tracheal sounds can reach 4000 Hz. The spectrum of
heart sounds is located between 20 and 100 Hz [17].
Respiratory sounds are non-stationary, and conse-
quently, they are suitable for time frequency analysis
using discrete wavelet transform (DWT) [18].

Selection of the maximum wavelet decomposition
level depends on dominant frequencies of the signal. In
this study, two levels for wavelet decomposition were
chosen, since significant frequency range of respiratory
sounds signals is 100–2000 Hz.

The wavelet features were obtained on the sub-bands
A1, A2 and D2 (Figure 1). Biorthogonal 1.5 wavelet func-
tion was used [19,20]. From each of the three sub-bands,
the following statistical parameters were estimated:

(1) Mean of the absolute values of the wavelet
coefficients;

(2) Average power and standard deviation of the
wavelet coefficients;

(3) Ratio of the absolute mean values of coefficients
adjacent sub-bands;

(4) Kurtosis and skewness values of wavelet coefficients.

In total, 18 DWT features were extracted. Further
details can be found in [16].

Fast correlation-based filter

Feature subset selection (FSS) aims to remove certain pre-
dictor variables that may become unimportant or even
be redundant. Fast correlated-based filter (FCBF) [21] is a
multivariable algorithm to measure the class–feature and

Figure 1. Sub-bands used in the discrete wavelet transform implementation (marked in green colour).
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the feature–feature correlation. FCBF is used with high-
dimensional data. It has been demonstrated to be effec-
tive in meeting the goals of FSS [22]. FCBF begins choos-
ing a set of features strongly correlated with the class
based on the symmetric uncertainty (SU). SU is given by:

SU X; Yð Þ ¼ IG X; Yð Þ
H Xð Þ þ H Yð Þ (1)

where IG(X;Y) is the gain information and H(X), H(Y) are
the individual entropies. FSS for classification is a method
that recognises every predominant feature to the class
concept and eliminates all others. The method fully
explained in [21] was followed where the three suggested
heuristics were applied in this study. They were selected
because they can successfully recognise predominant fea-
tures and eliminate redundant ones among all significant
features, avoiding pairwise exploration of F-correlations.

Decision tree forest

A decision tree forest (DTF) is an assembly of decision trees
with combined predictions to perform the global predic-
tion for the forest. It is well known that the ensemble meth-
ods can be used to improve the performance prediction
[23]. A DTF produces a number of parallel independent
trees. The ‘out of bag’ data rows were used for validation of
the decision tree forest model. This method provides an
independent test without demanding a separate dataset
[24].

Results and discussion

The symptom-based definition of AECOPD was used in
this study. An AECOPD was defined according to the

Anthonisen criteria [25,26]. Markov Chain Monte Carlo
(MCMC) function was applied to impute missing data
were IBM® SPSS was used [27,28].

The input dataset included the 18 wavelet features on
the sub-bands, A1, A2 and D2. The FSS method was
applied for features reduction using FCBF. As a result, 11
features were retained. Average power in each band,
mean of absolute values in bands A1 and A2 and stan-
dard deviations in bands A1 and D2 were excluded.

A decision tree forest classifier was then designed for
the early prediction of AECOPD [29,30]. The number of
trees was selected using a minimum error cost function.
The resulting forest had 40 trees (error cost = 0.0708).
Three predictors (out of 11) were selected for each split.
The maximum depth of a tree in the forest was 26.

Receiver operating characteristic (ROC) analysis was
carried out [31] (Figure 2). The performance was evalu-
ated according to accuracy, specificity, sensitivity, confu-
sion matrix, positive and negative predictive values, F1
recall and Matthews correlation coefficient. MathWorks
MATLAB® software was used.

Respiratory symptoms during the prodromal phase of
a COPD exacerbation may get worse for 7 days prior to
the onset [32]. Accordingly, a categorical dichotomous
variable was used to define the target. The classifier out-
put targeted a decision rule for reducing the number of
false alarms. This decision rule defined that an AECOPD
was established if, for two or more successive days,
patients suffered an increase of respiratory symptoms
[33]. Consequently, an alarm was set if a positive output
was produced in the classifier for two successive days.
Supplementary information about this method can be
found in [16] and [34].

Finally, 15 patients completed the study and one
patient was excluded (Figure 3). During the six months

Figure 2. Receiver operating characteristic curve for the validated DTF classifier.
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of home monitoring, the patients suffered 41 episodes
that matched the Anthonisen criteria and therefore were
considered as symptom-based AECOPD. Thirty-three out
of the 41 episodes were reported episodes. In reported
episodes, specific medical attention was required and
annotated in the patients’ health records. The remaining
8 out of 41 AECOPD were not reported episodes that
were detected thought symptoms monitoring. In these
episodes, the patients did not seek medical assistance.

A total of 2104 days, each represented by 11 parame-
ters were used to train and validate the DTF classifier.

Table 1 shows some performance parameters of the
validated classifier: 78% (32 out of 41) of AECOPD were
detected early with a margin of 4.4 § 1.8 days prior to
the day in which the patients met the Anthonisen crite-
ria. In addition, 75.8% (25 out of 33) were reported
AECOPD and 87.5% (7 out of 8) were unreported
AECOPD with a prediction margin of 4.5 § 1.5 and
4§ 2 days respectively. Two false positives were
registered.

Figure 4 shows the histogram of the prediction mar-
gins of the total, reported and unreported AECOPD, for
the validated DTF classifier and the applied decision rule.

Finding predictors with clinical consistency remains a
priority for the development of interventions of domicili-
ary telemonitoring in COPD [35]. However, only a few
studies have been published on early detection of acute
exacerbation of COPD based only on physiological
measurements.

In a recent study, computerised analysis of respiratory
sounds has been demonstrated potentiality as a consis-
tent indicator of respiratory status in patients with COPD

Figure 3. Flowchart with complete information on patient involvement, dropout and AECOPD predicted during the pilot study using a
decision tree forest. Symptom-based exacerbations were considered.

Table 1. Classifier performance evaluation.
Indicator Value

Total AECOPD predicted 32 (78.0%)
AECOPD reported predicted 25 (75.8%)
AECOPD unreported predicted 7 (87.5%)
True positives 35.6%
False positives 2.2%
True negatives 52.2%
False negatives 10.0%
Accuracy 87.8%
Sensitivity 78.1%
Specificity 95.9%
Positive predictive value 94.1%
Negative predictive value 83.9%
False alarms of the system 2
F1 score 0.8
Matthews correlation coefficient 0.8
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[36]. In the present study, the feasibility of respiratory
sounds to early predict symptom-based AECOPD was
explored. Although, in this study, the exacerbations were
established according to the Anthonisen criteria (symp-
tom-based exacerbation), the results achieved in this
study and in prior works, with the same cohort of
patients, are promising and consistent with the two
most relevant definitions of exacerbations.

Using respiratory sounds and event-based AECOPD,
the authors evaluated a model with a similar predictive
capacity. This way, 75.8% AECOPD were predicted with
an average of 5 days in advance of medical intervention
[16]. Predictive models that used symptoms acquired by
a multimodal home base station to detect event-based
AECOPD [34] and symptoms-based episodes [26] have
also been reported by authors.

In other published studies, symptoms and physiologi-
cal parameters have been explored for the detection of
AECOPD. In [37], prediction of risk of exacerbation in the
following 30 days was assessed using linear discriminant
functions, with a sensitivity of 70%. Bayesian network
models were used in [38] and a true positive rate of 0.88
was obtained. Multilevel logistic regression was explored
in [39] but physiological variables seemed not to differ-
entiate between exacerbations and isolated bad days.
Finally, CART algorithms were used in [40], to classify

home telehealth measurement data into risks categories
with a sensitivity of 61.1%.

Prediction algorithms must be robust regardless of
the exacerbation of COPD definition applied. The defini-
tion of AECOPD affects the number of detected episodes
and therefore could result in biased outcomes in the per-
formance of the algorithm used for early detection [12].
For this reason, the suggested system has demonstrated
good prediction outcomes and robustness against the
two most used AECOPD definitions using both symp-
toms and respiratory sounds as predictors.

Conclusions

A DTF classifier was designed using features extracted
from the respiratory sounds daily recorded at home with
a respiratory sensor. The proposed system was able to
predict symptom-based episodes with 4.4 days of mar-
gin, as average, prior to onset. The detection accuracy
was 78.0% and 75.8% of the detected episodes were
reported exacerbations, whereas 87.5% were unreported
events. The proposed method may automatically enable
patients to request medical attention or to initiate a self-
management plan. A larger sample of patients and a lon-
ger period could support in defining whether the results
described in this work are generalizable. The results

Figure 4. Histogram of prediction margins of total, reported and unreported AECOPD. The horizontal axis indicates the days of predic-
tion prior to AECOPD onset.

782 M. A. FERNANDEZ-GRANERO ET AL.



obtained in the present work suggest that the described
methodology and the designed electronic sensor could
aid the design of consistent intelligent algorithms aimed
at predicting AECOPD and consequently could provide
support both to patients and physicians.
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