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Abstract. Chronic Obstructive Pulmonary Disease (COPD) is a progressive disease of the lung with a great prevalence and a
remarkable socio-economic impact on patients and health systems. Early detection of exacerbations could diminish the ad-
verse effects on patients’ health and cut down costs burdened on patients with COPD. A group of 16 patients were telemoni-
tored at home using a novel electronic daily symptoms questionnaire during a 6-months field trial. Recorded data were used
to train and validate a Probabilistic Neural Network (PNN) classifier in order to enable the automatic prediction of exacerba-
tions. The proposed system was able to predict COPD exacerbations early with a margin of 4.8+1.8 days (average + SD).
Detection accuracy was 80.5% (33 out of 41 exacerbations were early detected); 78.8% (26 out of 33) of theses detected
events were reported exacerbation and 87.5% (7 out of 8) were unreported episodes. The proposed questionnaire and the
designed automatic classifier could support the early detection of COPD exacerbations of benefit to both physicians and pa-
tients.
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1. Introduction

Chronic Obstructive Pulmonary Disease (COPD) is a progressive disease of the lung with a great
prevalence and a remarkable socio-economic impact on patients and health systems [1,2]. Although
findings from studies done over the past 20 years have suggested a downward trend in COPD mortali-
ty [3], COPD is still a leading cause of death in the world. Prevalence of COPD varies from country to
country [4]. In Spain, the prevalence in 40 to 80-year-old people has been estimated about 10.2% [5].
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COPD poses a significant economic burden on society. The largest proportion of the disease-related
cost is attributable to a small percentage of patients (those severe cases) because most expenditure is
associated with hospitalizations by Acute Exacerbations of COPD (AECOPD) [6]. Global Initiative
for Chronic Obstructive Lung Disease (GOLD) guidelines define a COPD exacerbation as “an event in
the natural course of the disease characterized by a change in the patient’s baseline dyspnea, cough,
and/or sputum that is beyond normal day-to-day variations, is acute in onset, and may warrant a
change in medication in a patient with underlying COPD” [7]. Normally, AECOPD occurs in a batch-
wise manner about twice or three times per year, depending on COPD severity grade and anamnesis,
and goes along with a worsening state of the patient health, which exerts adverse effects on the pa-
tient’s physical efficiency, quality of life and independence. Not rarely, AECOPD also leads to hospi-
talization of the patient. In these cases, socio-economical cost arises. Consequently, early detection of
exacerbations could diminish the adverse effects on patients’ health and cut down costs burdened on
patients with COPD by enabling an early treatment and therefore a reduced recovery time and risk of
hospitalization [8].

To cope with the growing shortage in care capabilities, a personalized out-of-hospital healthcare
model which supports independent lifestyle, chronic disease management, abnormality detection abili-
ty, timely and accurate healthcare services and emergency handling capability is highly desirable [9].
The telemonitoring of symptoms on a daily basis can be a sustainable alternative for the close follow-
up of patients with COPD. Prediction of AECOPD has been recently studied and reported [10-20].
According to recent systematic reviews, emergency admissions due to AECOPD could be reduced
through home telemonitoring [21]. Furthermore, telehealth interventions have proven to reduce mor-
tality [22]. However, more evidence on the benefits of telehealth strategies is required [23].

In this study, a multimodal mobile health system, specially designed by and for patients with COPD
was used to determine the feasibility of the prediction of AECOPD on a day-to-day basis [24]. A novel
questionnaire for the early detection of AECOPD was evaluated during a 6-months field trial. Record-
ed data were processed using pattern recognition methods and accuracy in predicting AECOPD was
assessed.

2. Patients and methods
2.1. Patients

The study samples consisted of 16 COPD patients recruited in the University Hospital Puerta del
Mar of Cadiz (Spain) from the Pulmonology and Allergy Unit. Patients signed an informed consent
after the study was approved by the Hospital’s research ethics committee. Inclusion criteria included
participants with at least one AECOPD with associated hospital admission or two AECOPD treated
with oral antibiotics or corticosteroids in the previous year. Patients were all aged over 60 years and
had a diagnosis of COPD with severity I, III or IV confirmed by spirometry (GOLD guidelines).

2.2. Telemonitoring system, reporting of symptoms y automatic detection of exacerbations

The system emulated a medical consultation including a medical interview (Figure 1). A telemedical
server with an electronic patient record was located at the Hospital. Patients were equipped with a
Dedicated mobile Device (DmD) with speech and touch interfaces to daily respond to a questionnaire.
The remote server was connected to each DmD through a secure private IP-based wireless telemedi-
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Fig. 1. Home telemonitoring system for patients with COPD.

cine network [25]. A multimodal interface guided the patients through recording their symptoms on a
daily basis according to the implemented Automated Questionnaire for the early detection of AE-
COPD (AQCE) [24]. Exacerbations were defined according to Anthonisen criteria [26].

A probabilistic neural network (PNN) was used for classification [27]. A PNN is an implementation
of the kernel discriminant analysis algorithm in which the operations are organized into a multilayered
feed-forward network.

The network architecture presents four fully interconnected layers. The input layer has as many neu-
rons as the number of features in the training set. The pattern layer has one neuron for each case in the
training data set. Each neuron estimates the Probability Density Function (PDF) of the input vector
using the Parzen window method [28]. The Gaussian function was used as Parzen window. The sum-
mation layer has two neurons in the case of two classes. Each of these two nodes estimates a class
conditional PDF using a mixture of Gaussian kernels. The output layer bases decision on the Bayes
optimal decision rule.

The training process of a PNN is essentially the act of determining the value of the smoothing pa-
rameter (o). It controls the size and shape of the Gaussian PDF. A separate sigma value for each pre-
dictor variable was used in the model. The optimal ¢ values were estimated with the conjugate gra-
dient algorithm. During training, the residual error of the model using the weight values was estimated
by the iteration. If the error did not improve after 1000 consecutive iterations, the conjugate gradient
process would be stopped. A maximum of 5000 total iterations were defined. Jackknife method was
used to grade the performance for each ¢ value during the optimization process. If the residual error of
the model was less than 10 convergence would be assumed and the conjugate process would be
stopped.

Twelve predictor variables processed from AQCE and four additional parameters (three-day moving
average applied to the total score and average scores for symptoms associated with major, minor and
complementary symptoms) were used as inputs for the classifier. An alarm state was programmed to
be triggered after two consecutive days with a positive output in the PNN-classifier.

Ten-cross validation was used to build outcome prediction model. Missing data were processed us-
ing backward and forward imputation [29]. Receiver Operating Characteristic (ROC) analysis was
carried out [30]. Performance was assessed according to sensitivity, specificity, accuracy, confusion
matrix, positive predictive value and negative predictive value. MathWorks MATLAB® was used for
statistical analysis.
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3. Results

Table 1 shows the clinical and demographic characteristics of the participants.

As shown in Figure 2, 15 patients were included in the final study and one patient was excluded.
During the trial, the patients suffered from 41 episodes that matched Anthonisen criteria and therefore
were considered as AECOPD periods. Furthermore, 52-time periods without meeting Anthonisen cri-
teria were counted and therefore defined as non-AECOPD periods.

Table 1

Demographic characteristics of the study group including clinical data summarized after the field trial

Variable N (%)
Age (vears) 70.2+6.6
Male (%) 93% (14)
COPD Stage (%)

Stage T (>80%) 0% (0)
Stage 11 (50%-79%) 13.3% (2)
Stage 111 (30-49%) 46.7% (7)
Stage IV (<30%) 40.0% (6)
Exacerbations per patient (%)

None 13.3% (2)
1 20 % (3)
20r3 20 % (3)
4 or more 46.6 % (7)
Hospitalizations (%)

0 66.6 % (10)
1 20 % (3)

2 or more 13,3 % (2)

Patients screened and
taught how to use the
device n=16

h Excluded n=1

13 Patients with
exacerbations

—

—
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J

L 2

.

exacerbations

p
33 Reported %

\.

N
26 Rep or.ted 33 exacerbations
exacerbations .
. predicted
predicted Y,

Fig. 2. Flowchart with detailed information on patient participation, drop out and exacerbations throughout the study period.
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Fig. 3. Histogram of prediction margins based on performance of the PNN classifier.

Table 2

Classifiers Performance Evaluation
Time periods 94 (41 +53)
True Positives (TP) 33 (35%)
False Positives (FP) 3 (3%)
True Negatives (TN) 50 (53%)
False Negatives (FN) 8 (8.5%)
Accuracy 88.3%
Sensitivity 80.5%
Specificity 94.34%
Positive Predictive Value (PPV) 91.67%
Negative Predictive Value (NPV) 86.21%

In this experiment, 33 out of the 41 episodes were event-based exacerbations, i.e. exacerbations for
which antibiotic or corticosteroid treatment was initiated. The rest 8 out of 41 AECOPD were symp-
tom-based exacerbations, i.e. episodes which were not reported to physicians but were detected
through symptom monitoring. 2104 questionnaires were received during the trial. Each sample was
represented by sixteen input features and one output for training and validating the PNN classifier.
Operating point in the ROC curve was selected to minimize the number of false positives results.

Figure 3 shows the histogram of predictions for the detection of AECOPD. Table 2 details perform-
ance parameters of the resulting classifier. It was observed that 80.5% (33 out of 41) AECOPD were
early detected, 78.8% (26 out of 33) were reported AECOPD and 87.5% (7 out of 8) were unreported
AECOPD. The alarm system had only 3 false positives. The system was able to early detect AECOPD
with 4.8 &+ 1.8 average = SD days prior to the day when the patients met Anthonisen criteria.

4. Discussion

Efficiency of the proposed automated classifier for the early detection of AECOPD was assessed in
a 6-months trial with 15 patients. A PNN classifier was trained and validated using the responses to an
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electronic questionnaire designed for the daily remote monitoring of patients with COPD. As a result,
33 out of 41 AECOPD were predicted early within 4.8 days prior to onset as average.

Systems based on patient symptom diary cards usually do not provide accurate information on the
severity and duration of the episodes [31]. Recently, the EXAcerbation of Chronic Pulmonary Disease
Tool (EXACT) [32] has been developed and evaluated. Nevertheless, although EXACT can determine
the frequency, severity and duration of AECOPD, a poor performance in AECOPD detection has been
reported. In this regards, the strategy described in this manuscript increases the precision in the detec-
tion of AECOPD and enables the estimation in the duration and severity of episodes.

Furthermore, it allows detecting unreported AECOPD. And 7 out of 8 unreported AECOPD were
detected during the field trial. Detection of unreported AECOPD allows the patients to initiate a self-
management plan or to request medical attention. To sum up, self-managing of the disease is empow-
ered and clinical efficiency is improved.

Definition of AECOPD is controversial [32], mainly due to the heterogeneous nature of exacerba-
tions. In our study, an exacerbation was established according to Anthonisen criteria (symptom-based
exacerbation). However, the results are consistent with our previous study where an AECOPD was
defined as a non-programmed visit because of respiratory symptoms to the emergency unit, to the pri-
mary care center or to the specialist (event-based exacerbation) [33]. In that study, a Radial Basis
Function classifier (RBF) was able to detect AECOPD within 5.3 days, as average, prior to the day
when the patients required medical attention. Consequently, the proposed system is highly robust to
AECOPD definition, whether based on symptoms or events.

With the encouragement of the initial results, this experience has to be expanded to include a larger
number of patients to generalize results. Furthermore, a greater number of participants would avoid a
possible optimistic bias by using Leave-One-Subject-Out Cross Validation (LOSO-CV).

Finally, some studies have raised questions about the usefulness of telemonitoring systems for
COPD patients and about their effectiveness [22]. It will remain a priority for the future to develop
methods to relate symptoms to objective elements that will provide clinicians with the confidence
needed to make a specific diagnosis. These objective elements could be extracted from physiological
signals. But problems related to the actual “ease-of-use” of devices need to be overcome [31]. Ease of
use is directly related to compliance with daily tasks such as reporting of symptoms. In this regard, our
work differs from other proposals in that it is, to our knowledge, the first questionnaire specifically
designed for patients with COPD, to be supported on a computing device that provides an interface for
multimodal patient interaction [24]. This not only improves patient compliance, but accessibility for
patients poorly adapted to new technologies.

5. Conclusion

This study aimed at an early detection of COPD exacerbations through home telemonitoring of
symptoms. The proposed system was able to early predict COPD exacerbations with a margin, as av-
erage, of 4.8 days. Detection accuracy of 80.5% and a low rate of false positive results were achieved.
The designed questionnaire, the trained and validated automatic classifier could support the early de-
tection of COPD exacerbations of benefit to both physicians and patients.
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