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Abstract

The alarming rate of mortality and disability due to Chronic Obstructive Pulmonary Disease (COPD) has become a seri-
ous health concern worldwide. The progressive nature of this disease makes it inevitable to detect this disease in its early
stages, leads to a greater demand for developing non-obstructive and reliable technology for COPD detection. The use of
highly patient-effort dependent, time-consuming, and expensive methods are some major inherent limitations of previous
techniques. Lack of knowledge about the disease and inadequacy of proper diagnostic tool for early detection of COPD is
another reason behind the 3rd leading cause of death worldwide. For this reason, this study aims to explore the utility of
ECG Derived Respiration (EDR) for classification between COPD patients and normal healthy subjects as EDR can be eas-
ily extracted from ECG. ECG and respiration signals collected from 30 normal and 30 COPD subjects were analysed. Error
calculation and statistical analysis were performed to observe the similarity between original respiration and EDR signal.
The morphological pattern changes of respiration and EDR signals were analysed and three different features were extracted
from those. Classification was performed by different classifiers employing Decision Tree, Linear Discriminant Analysis
(LDA), Support Vector Machine (SVM) and K-Nearest Neighbor (KNN). Apart from obtaining comparable classification
performance it was seen that EDR has better potential than the original respiration signal for classification of COPD from
normal population.

Keywords Chronic Obstructive Pulmonary Disease - Electrocardiogram - ECG derived respiration - Respiration -
Classification

Introduction

Chronic Obstructive Pulmonary Disease, generally known
as COPD, becomes a global health epidemic that causes
millions of deaths every year. As reported by the World
Health Organization (WHO), COPD is the 3rd leading
cause of mortality and one of the major causes of morbidity
worldwide [1]. Because of its progressive nature and lack
of knowledge about the disease, COPD often ends up with
early disability and death among patients, causing a huge
socio-economic burden [2]. For this reason, the necessity of
early detection of COPD is immense as it becomes rampant
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if remains undiagnosed and undertreated [3]. Only early
intervention and possible prevention of COPD progression
can improve the quality of life of the patient and thus reduce
untimely death [4].

Till date spirometry is the only global standard method
for COPD diagnosis [5]. But the scope of using spirometry
is often restricted due to its limited availability outside the
urban areas especially in developing countries [6]. How-
ever, it is observed that spirometry often performs poorly
due to its high dependency on patient effort during the test
[7] and poor guidance by unskilled technician [6]. The use
of spirometry is also restricted for non-ambulatory and ICU
patients. Hence, there is a need for developing non-obstruc-
tive and reliable methods for better diagnostic purpose.

Some other methods, developed for the detection of
COPD, include lung imaging techniques like X-ray, CT scan
etc. [8, 9], analysis of different volatile organic compounds
(VOCs) presented in the expired air of COPD patients [10],
measurement of flow obstruction of exhaled breath in COPD
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patients using forced oscillation method [11], estimation of
airflow limitation in COPD using impulse oscillometry sys-
tem [12], quantitative analysis of capnogram shape [13],
electronic nose [14]. Risk of radiation exposure, higher cost
of test, greater time consumption and commercial unavaila-
bility are some of the inherent limitations of earlier reported
techniques.

ECG is a well-known diagnostic tool practiced for long
time and previous studies showed that COPD produces sig-
nificant changes on cardiac function which are electrophysi-
ologically expressed in ECG [15, 16]. Also, the breathing
pattern changes in patients of chronic obstructive pulmonary
diseases [17]. Previous researchers showed that respiratory
information can be obtained from ECG in terms of EDR
signal [18, 19]. There are some studies where heart rate vari-
ability method was used to investigate the activity and condi-
tion of COPD patients [20-22]. As per our knowledge there
is no reported method on classification of COPD population
from normal healthy subjects using peak amplitude variation
method for EDR derivation. The novelty of this proposed
study stands by this reason.

The main objective of this study is to develop an EDR
based algorithm for detection of COPD using only single-
lead ECG. The difference in underlying mechanism causes
the respiratory pattern of COPD to vary from that of normal
subject. This morphological pattern change in respiration
also affects the ECG signal which leads to change in EDR
in COPD patients. Based on these physiological changes,
features were derived from both respiration and EDR signal.

Section “Materials and methods” of this paper describes
the data collection and methodology of the study. Deriva-
tion of EDR, feature extraction and classification methods
are discussed within the methodology section. In sec-
tion “Result”, value of extracted features and performance
results are described. A comparative study with other litera-
tures is also provided in this section. Finally, section “Con-
clusion” followed by the discussion of this working sec-
tion “Discussion”. The block diagram of the proposed study
is shown in Fig. 1.

Hence, the main objective of this proposed work is to
classify COPD patients from normal healthy popula-
tion using EDR signal using different classifiers and their

Raw Data N Pre-processing

Subject
) B collection of Data

classification performance has been compared along with
the results obtained from original respiration signal.

Materials and methods
Study population

In this study, a total number of 60 subjects were recruited
for data collection purpose. The study protocol followed
the Declaration of Helsinki and was approved by the Insti-
tutional Ethics Committee of Institute of Pulmocare and
Research, Kolkata, India. Informed consent was obtained
from all individual participants included in the study. Prior
to the data collection, the subjects underwent a clinical
assessment including previous history and physical examina-
tion done by expert physicians and their demographic details
were recorded (shown in Table 2). Evaluation of the pul-
monary function was done by spirometry as per American
Thoracic Society (ATS) guideline [23]. 30 COPD patients,
diagnosed with clinico-cardiological and spirometry test,
constituted ‘COPD group’, whereas, thirty healthy subjects
with normal spirometry and no clinical clue of any lung dis-
ease or significant systemic illness were included as ‘Normal
group’. Only subjects, within the age range of 1875 years,
were included in the study and those having arrhythmia, any
severe cardiovascular or pulmonary diseases, sepsis, preg-
nancy, artificial pacemaker or any other chronic disease were
excluded from the study.

Data acquisition

Both electrocardiogram and respiration signals were
acquired simultaneously in a normal, non-soundproof room
using Biopac MP-45 data acquisition device by Biopac Sys-
tems Inc.[24]. At the time of signal collection, the subjects
were resting in supine condition. Recording in other condi-
tions like standing, sitting, and while exercising was avoided
in this case. To minimize the presence of noise in signal
subjects were advised to take regular breaths and not to talk
and/or move. For ECG measurement, three disposable Ag/

Fig. 1 Block diagram of proposed method for COPD-Normal clas-
sification. Note: If the collected data was ECG, EDR signal was
extracted from pre-processed ECG data as discussed in section “Sig-
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AgCl electrodes were placed on the right anterior forearm
and medial surface of each leg constituting Lead II con-
figuration. A respiratory effort transducer was tied across
the chest of each subject for respiration measurement. The
recording was done for 300 s time duration with 1 KHz sam-
pling frequency.

Signal pre-processing

The signals were pre-processed before further utilization. In
raw ECG signal, 50 Hz powerline interference and baseline
wander were predominant. For removal of noise, second
order Bandpass Butterworth filter was designed separately
for denoising of ECG and respiration signal. Filtered signals
were normalized between zero to unity. The frequency range
of the recorded signals with their pass bands at the time of
filtering are given below in Table 1.

Derivation of ECG Derived Respiration

Previous researchers found that there is a direct effect of
respiration on cardiovascular activity [19, 25]. The infla-
tion and deflation of lungs during breath in and breath out
result in apparent cardiac axis variation which leads to the
modulation of the QRS amplitude [18, 26]. This modulation
in R peak amplitude can be used to produce the surrogate
respiration signal. In order to derive the EDR signal using
R peak amplitude variation method, R peaks were detected
using the following steps.

Step 1  Sliding window with a window length of 2 s. was
applied on the normalized ECG signal for detecting
all peaks. To determine the window length, intervals
between two consecutive cycles were measured and the
maximum interval was identified. After that a duration
greater than the maximum interval time was selected as
window in order to detect a minimum of two successive
peaks.

Step 2 The maximum amplitude was found out within the
specific range and a threshold of 60% of the maximum
amplitude was applied to exclude points other than pos-
sible R-peaks.

Step 3 Potential R peaks were identified from another
200 ms window (100 ms each side) surrounding the pos-
sible peaks. The minimum distance between possible

Table 1 Frequency range of signals and their pass bands

Signal Frequency range of recorded  Pass band (Hz)
signal (Hz)

ECG 0.05-100 1-47

Respiration 0.1-0.7 0.2-0.7

R-peak to the adjacent highest peak on each side was
calculated and the window length was taken less than
that.

Step 4 Finally the peak with highest co-ordinate value
within the duration was plotted as the actual R peak as
shown in Fig. 2d.

During respiration signal extraction the precision of res-
piration frequency and the discrimination between inspira-
tion and expiration should be observed from reconstruct-
ing EDR. Considering the frequency range of respiration
(0.2-0.7 Hz in this study), a surrogate signal was recon-
structed using cubic-spline interpolation with 1 kHz sam-
pling rate. Assume the original respiration be u; = f(v;),
where j=0, 1, 2, ..., n — 1. Then within the span of [v,
Vit1], the cubic-spline interpolation can be written as
shown in Eq. (1),

u=Cuj+Duj+1+Eu;’+Fu;/+l (1

where C, D, E, F are coefficients and v should be
Vo<VvV, 1.

The small phase difference occurred between the origi-
nal respiration and EDR was neglected in further calcula-
tions. In our previous study we observed that the calcu-
lated ECG derived respiration rate was almost equal for
all subjects with original respiration rate acquired from
thoracic belt [27]. To validate the EDR signal with the
original respiration signal, respiration rate was calculated
from both the signals and error calculations were done.
Respiration rate (ReR) was calculated using the formula
as shown in Eq. 2.

60
" Time difference between two con sec utive peaks
@)
Using the average of the respiration rates calculated from
original and derived respiration signals, percentage error
(PE), mean absolute error (MAE) and root mean square error
(RMSE) were calculated as shown in Eq. 3 a, b, c.

ReR

N
1 |ReR, (1) — ReRy(n)|

PE = Z{ ReR0) X 100% (3a)
1 N

MAE = — ; |ReR(n) — ReRg(n)| (3b)

1 al 2
RMSE = ¥ [ReRp,(n) — ReRy(n)) (o)
n=1
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(a) ECG signal without filtering

(b) ECG signal after filtering
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Fig.2 The steps of EDR extraction are- a the original ECG signal,
b ECG signal after denoising, ¢ ECG signal with detected R peaks,
d Detected R peaks corresponding to their locations against base-

where ReR), is the respiration rate derived from EDR signal,
ReRy, is the respiration rate derived from original respiration
signal, n is the no. of subjects, and N is the total number of
subjects.

Feature extraction

To utilize the morphological pattern changes in EDR and
respiration signal, the discriminating parameters related to
those changes were identified. As because COPD causes air-
way obstruction and airflow limitation, the respiration wave-
form of COPD patients differs from that of normal subjects
[28]. The pattern changes can be seen in both original res-
piration signal and EDR signal of COPD patients as shown
in Fig. 3.

@ Springer
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line (few R peaks are shown here in a magnified scale), e Derived
EDR signal using cubic-spline interpolation. The respiration signal
extracted from the thoracic belt is shown in (f)

For feature extraction, both the signals were taken for a
time period of eighty seconds. Set of five randomly selected
cycles from the window were picked out then for individual
feature extraction. Based on the pattern differences, three
features- area ratio, time ratio and skewness ratio were
selected from both original and derived respiration signal
for each individual subject. After denoising of respiration
and EDR, those signals were normalized between O to unity.
For one complete cycle, the co-ordinates of start point, peak
and end points (Fig. 4) were detected using peak finding
algorithm. The portion from starting point to peak was the
inspiration, whereas, the portion between the peak and the
ending point represented the expiration part.
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Fig. 3 Pattern difference
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Fig.4 EDR cycle with the starting, peak and ending point pointed
and the portion from where the inspiration area and expiration area
were calculated are shown. The inspiration and expiration portions
are also shown in the figure

Area ratio

The inspiration area (I,) and expiration area (E,) were cal-
culated by taking the area under the curve of the inspira-
tion area portion and expiration area portion respectively
as shown in Fig. 3. The area ratio (Agr) was determined by

20 30 40 50 60
Time (sec.)

taking the ratio between expiration area to inspiration area
as shown in Eq. 4.

1 v Ex
Ap=- Y =4
R n;,m @)

where i = 1,2,..n represents the ith number of randomly
selected cycles.

Time ratio

The inspiration time (I) was the time duration between Start
point to Peak, whereas, the expiration time (Ey) was the
duration between Peak to End point as shown in Fig. 4. The
time ratio (Ty) was computed using Eq. 5.

_lyEn
n= Iy

i=

Ty

&)
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Skewness ratio

Skewness of inspiration portion (Ig) and expiration portion
(Eg) were calculated separately and their ratio was taken as
shown in Eq. 6.

n
Esi

1
SR = |- I
s si

(6)

Pearson correlation coefficient method was used to
observe the similarity between the feature extracted from
EDR and the same feature extracted from original respi-
ration signal [29]. The correlation coefficient C,,, can be
written as,

Gy = T =)
\/Z;;l (m; —71)2\/22‘:1 (n; _ﬁ)z

where k is the no. of data, m; is the data points of original
respiration signal, n; is the data points of EDR signal,

k k
ﬁ:%Zmi,ﬁ:%Zni

(N

Classification

Four different classifiers- Decision Tree, Linear Discrimi-
nant Analysis (LDA), Support Vector Machine (SVM) and
K Nearest Neighbor (KNN) were used in this study for a
comparison between the classification performances. Clas-
sification was performed by tenfold cross validation method.
In tenfold cross validation approach the data set was divided
into 10 subsets, among which 9 subsets were selected to train
the model and the remaining 1 subset was used as test data.

Decision Tree

Decision Tree algorithm is basically a supervised learning
algorithm that can be used to solve both classification and
regression problem. Decision Tree predicts class by learn-
ing the decision rule inferred from the training data set [30].
With training vector, f, € K", x=1,2,..,r and a level vector
g € K", the Decision Tree repetitively split the dataset into
samples with similar labels. The data P at node m, with a
data splita = (u, v,,), [uis a feature and v, is the threshold],
was partitioned into two subsets P,4(a) and P, (@).

where Py, (@) = (f, @)|f, < v,»and P, (@) = P/P,;(a).

@ Springer

Linear Discriminant Analysis

LDA is a commonly used classifier that makes predic-
tions by calculating the probability of a new set of data
belongs to each class. The class with maximum probabil-
ity value is the output and based on that a prediction is
built. The probability is estimated using Bayes Theorem
[30]. The model estimates the mean and variance of the
data for each class. For the mean value M of each input
i for each class c, can be calculated as, M = 1/nc * Y. (i),
where nc is the no. of instances for class c¢. The variance
is, 02 =1/(n—c) * Y, ((i — M)?), where n is the number
of instances. The discriminate function can be written as,
Dc(i) =i % (Mc/o?) = (Mc?/(2 % 6%)) +In(Pc), where
P, is the prior probability calculated from Bayes Theorem.

Support Vector Machine

SVM is a binary class classifier that maps the input dataset
into higher dimension feature space [31-33]. SVM gener-
ally creates a hyperplane with maximum-margin, between
different class-dataset, but it can be converted to non-linear
classifier by applying the kernel to the hyperplane. Kernels
are used to transform data to generate linear hyperplane in
the higher dimensional feature space. Suppose, the training
data belongs to binary class,

§= [(xl’yl)’ (x2’ y2)""’(xn’ yn)],XEl//N,yE (il)

®)
where y is the Radius of the hyper-plane enclosing the
complete input dataset, N is the total number of parameters.
If the training dataset can be linearly discriminated by a
hyperplane (f, g) + k = 0 with fy", g € y, then the hard
classifier can be written as shown in Eq. (9),

d(g) = sgn[{f’, g) + | )

Similarly, a soft classifier can be used for linearly inter-
polating the margin as shown in Eq. (10),

@ =x[{f. g) +k (10)
-1 :m< -1
m:—-l<m<lyg.

+1l:m>1

where x(m) =

K-Nearest Neighbor

KNN is a fundamental classifier that allocates the para-
metric values to a given class according to the decision
which is made up by examining the input labels x on the
K-Nearest Neighbors and taking the majority instances [34,
35]. Suppose x; is one of the neighbor in the training set is
f(xi, v;) € (0, 1), where i=1,2,...,n, and x;belongs to class
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¥; [36]. Then for feature class C, the probability density func-
tion can be written as Eq. (11),

P(C.y) = Y, S(C.x) f(x ) (1)

x,€KNN

where S(C,x;) is the similarity function of C and x;. In this
study S(C,x;) was calculated using Euclidean distance metric
where distance s can be written as,

12)

where p,, is the input test data, g,,is the training data, and
N is the total number of features. The label of K-Nearest
Neighbor and the probability distribution of similarity func-
tion decide the class of input vector.

The classification performance was further analysed by
determining the sensitivity, specificity and accuracy of the
test result.

Table 2 Demographic data of subject groups

Result

Signals were acquired from a total 60 subjects (30 from each
group) were recruited for this study. More than 80% of the
COPD patients were smoker and rest of them have a history
of either long term asthma or exposure to heavy indoor/out-
door pollution. Demographic details are shown in Table 2.
In the database, the age distribution of the normal sub-
jects differs from that of the COPD patients as COPD gener-
ally attacks the older population. Normal group had a mean
age of 47 years (range 23-72 years) while the mean age of
COPD group was 58 years (range 45-71 years). However,
previous researches showed changes in EDR with age, and
presence of cardiovascular diseases [37-39]. For age be a
physiological parameter, subjects from both groups with dif-
ferent age range were included in this study. However, sub-
jects with cardiovascular diseases were excluded from this
study as mentioned in section “Study population”. The res-
piration rates and error calculation using EDR and original
respiration signal for all the subjects are shown in Table 3.
Results show that the respiration rates calculated for both
the subject groups using both the signals were almost same.
Hence, the small phase difference between the derived and
original respiration signal was ignored and both the sig-
nals were used for extraction of features. Three features,
area ratio, time ratio and skewness ratio, were computed

Group No. of sub-  Age (years) Height (cm) Weight (Kg) BMI Male: Female No. of
jects smoker/ non-
smoker
Normal 30 47.57+13.8 163 +10.12 61.43+10.56 23.45+2.78 3:2 6/24
COPD 30 58.82+5.94 164.29 +8.33 60.78 +14.47 22.42+4.64 7:3 25/5
Table3 Respiration rate (RR) Subject  RR from Respiration signal RR from EDR signal MAE PE(%) RMSE
measurement from EDR and T L.
Respiration signal Average + Standard deviation ~ Average + Standard deviation
Normal 16.5+1.4 16.5+1.3 0.23 1.43 0.48
COPD 23.6+2.9 23.5+3.1 0.37 1.57 0.61
Table 4 Statistical measurement on different extracted features for Normal and COPD group
Features extracted COPD Correlation Normal Correlation
coefficient coefficient
Respiration EDR (mean +SD) Respiration EDR (mean+SD)
(mean + SD) (mean +SD)
Area ratio 1.66+0.47 1.63+£0.36 0.762 0.94+0.09 0.93+0.11 0.76
Time ratio 1.71+0.38 1.73+£0.39 0.764 0.95+0.1 0.93+£0.09 0.783
Skewness ratio 4.42+4.41 4.38+4.29 0.987 0.69+0.36 0.63+£0.37 0.855
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from both derived and original respiration signal. The
mean + standard deviation (SD) value of the features for both
normal and COPD group and their correlation co-efficient
values are given in Table 4. Each feature was extracted five
times from randomly selected waveforms and their mean
value was taken for further calculation.

From Table 4, it can be observed that there is a big dif-
ference between the mean values of same feature extracted
from two different groups. Though the correlation coeffi-
cient calculated between the feature derived from EDR to the
same feature extracted from respiration signal for same sub-
ject group is high. This establishes the fact that the feature
values extracted from EDR signal are almost similar to the
features extracted from original respiration signal. Hence,
EDR can be used as an alternative of respiration signal for
showing respiration related information.

Two features at a time and a combination of all three fea-
tures were used for classifying normal to COPD population.
Figure 5 shows two-dimensional scatter plots, where each
EDR-extracted feature set was classified using a classifier
that achieved the highest classification accuracy.

The classification result of different classifier is shown
in Table 5.

(a) Decision Tree
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Fig.5 Two dimensional scatter plot using features extracted from
EDR, where, a shows area ratio versus time ratio plot using Deci-
sion Tree, b shows area ratio versus skewness ratio plot using Gauss-
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The result shows that for respiration-extracted features,
the minimum accuracy of 85.00% (sensitivity 70% and
specificity 100%) was achieved using LDA classifier on
area ratio versus skewness ratio, while, the maximum accu-
racy level was 98.33% achieved using Decision Tree, SVM
and KNN classifier on time ratio versus skewness ratio, and
using Decision Tree classifier on the combination of three
features. On the other side, the evaluation of classification
performance on EDR based feature sets shows that the mini-
mum accuracy level was 93.33% (sensitivity 86.67%, speci-
ficity 100%) by using LDA on area ratio versus skewness
ratio and the maximum accuracy level was 100% in case
of using Decision Tree and KNN on area ratio versus time
ratio, using Decision Tree, SVM and KNN on area ratio
versus skewness ratio, and using SVM and KNN on time
ratio versus skewness ratio.

Figure 6 shows that the overall classification performance
achieved using EDR signal was better than the performance
achieved using respiration signal.

Outcome of some previously published researches along
with the proposed one is shown in Table 6.

The comparable classification performance (showed in
Table 6) demonstrated that the proposed method offers a

(b) Gaussian SVM
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ian SVM, ¢ shows time ratio versus skewness ratio plot using KNN.
Figure d shows the combination of three features plotted against two
dimensional axis (time ratio vs. area ratio) using KNN
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Table 5 Classification performance result of different classifiers

Feature set used for clas- Classifier Respiration

EDR

sification

Accuracy (%) Sensitivity (%) Specificity (%)

Accuracy (%) Sensitivity (%) Specificity (%)

Area ratio vs. Time ratio Decision Tree  96.67 96.67 96.67 100.00 100.00 100.00
LDA 88.33 76.67 100.00 96.67 93.33 100.00
Gaussian SVM  96.67 96.67 96.67 98.33 100.00 96.67
KNN 95.00 93.33 96.67 100.00 100.00 100.00
Area ratio vs. Skewness ratio Decision Tree  90.00 93.33 86.67 100.00 100.00 100.00
LDA 85.00 70.00 100.00 93.33 86.67 100.00
Gaussian SVM  95.00 93.33 96.67 100.00 100.00 100.00
KNN 93.33 90.00 96.67 100.00 100.00 100.00
Time ratio vs. Skewness Decision Tree  98.33 96.67 100.00 95.00 93.33 96.67
ratio LDA 90.00 80.00 100.00 96.67 93.33 100.00
Gaussian SVM  98.33 100.00 96.67 100.00 100.00 100.00
KNN 98.33 96.67 100.00 100.00 100.00 100.00
Combination of three Decision Tree  98.33 100.00 96.67 96.67 100.00 93.33
features LDA 90.00 80.00 100.00 96.67 93.33 100.00
Gaussian SVM  95.00 100.00 90.00 95.00 100.00 90.00
KNN 95.00 90.00 100.00 98.33 96.67 100.00
Fig.6 Comparison of clas- Area ratio vs. Time ratio Area ratio vs. Skewness ratio
sification accuracies obtained
from respiration and EDR = 110.00 < 120.00
signal by using Decision Tree, °\; 100.00 ,; 100.00
LDA, Gaussian SVM and KNN 8 90.00 I I I 8 80.00
classifier § 20.00 . 3 I I
o : $ 60.00
< Complex Fine  Weighted < Complex Fine Weighted
Tree Gaussian KNN Tree Gaussian  KNN
M Respiration EDR M Respiration EDR
Time ratio vs. Skewness ratio Combination of all three features
__110.00 _ 100.00
X X
E 100.00 I I I :; 90.00 I I I
§ 90.00 g .
g 80.00 . g 80.00
< Complex Fine Weighted < Complex Fine Weighted
Tree Gaussian  KNN Tree Gaussian ~ KNN
m Respiration EDR ™ Respiration EDR

computationally simple and reduced feature set with good
classification results.

As per Global initiative for chronic Obstructive Lung Dis-
ease (GOLD) guideline, diagnosis of COPD is mainly based
on two parameters- the ratio of forced expiratory volume in
1st second to the forced vital capacity (FEV,/ FVC)<0.7;
and FEV,>80% for mild COPD, 80% >FEV,>50% for
moderate COPD, 50% >FEV, > 30% for severe COPD and
FEV, <30% for very severe COPD patients.

Statistical significance of these two spirometric param-
eters (FEV, and FEV /FVC)were compared with the features
extracted from EDR signal (Table 7).

The significant p values (< 0.0001), show that the fea-
tures extracted from EDR signals also possess significant
difference between normal and COPD similar to those spiro-
metric parameters.

Discussion

This study was accomplished to investigate the charac-
teristics of original respiration signal as well as the EDR
signal derived from the ECG of normal and COPD groups.
The major findings of this study are that patients with
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Tablg 7 Stat.istical measurement Features COPD (Mean + SD) Normal (Mean + SD) p value

of spirometric and EDR

parameters EDR area ratio 1.63+0.36 0.93+0.11 <0.0001
EDR time ratio 1.73+0.39 0.95+0.1 <0.0001
EDR skewness ratio 4.38+4.29 0.69+0.36 >0.1
FEV1 (post bronchodilator %  0.45+0.18 0.87+0.07 <0.0001

predicted)

FEV1/FVC (post bronchodi-  0.53+0.12 0.84+0.05 <0.0001

lator absolute value)

COPD showed morphological pattern changes in case of
both respiration and EDR signal and EDR performed bet-
ter for discriminating one subject group from the other.

The number of COPD patients is escalating all over the
world specially in developing countries where the presence
of risk factors like air pollution and number of smokers
are massive. The total number of undiagnosed and under-
treated patients is still more than the treated one. The high
rate of premature death occurs due to lack of knowledge
about this disease and continuous adjustment to undesir-
able living conditions. Therefore, the necessity of early
detection of this disease for reducing mortality and mor-
bidity rate is gaining attention.

In some literatures, different devices were used for meas-
uring respiration signal and to study its parameters. Even
many signal-based feature extraction methods were studied
for classifying COPD patients from healthy normal subjects
[12, 15, 41]. Among these methods features like reactance
change in expiration, exhalation duration, and end exhala-
tion slope were also used for analysing respiration signal.
The expiration pattern of COPD patient changes due to their
insufficient expiration ability. Therefore, features extracted
from the expiration signal of the patient can be helpful for
diagnosing this disease.

Most of the studies for COPD detection were based on
either spirometry, or plethysmography [7, 11, 16]. Besides,
few independent techniques like nonlinear analysis of elec-
trodermal activity signals [42] and lung sound analysis [43,
44] were also developed later.

The use of ECG derived respiration in disease detection
is already an established method. The applicability of EDR
for diagnosing various diseases like obstructive sleep apnoea
[45] and chronic heart failure [46] were also reported. But
very few studies related to EDR signal for diagnosis of
COPD were reported [20, 21].

In present study, the respiration and ECG signals were
recorded simultaneously from all the subjects of nor-
mal and COPD groups. EDR signals were derived later
for investigating its characteristics in normal and abnor-
mal conditions. COPD is a progressive lung disease with
severe airway obstruction and airflow limitation and even
parenchymal destruction. Due to change in internal lung

structure, respiration signal also changes in patients with
COPD. Even some previous literatures stated changes of
heart rate variability in COPD patients. For example, heart
rate variability changes in COPD patients [47], in patients
with exacerbations [48], and also in patients during exercise
[49]. In this study, the signal analysis showed visible respira-
tion as well as EDR pattern change in COPD patient from
the normal one. The previously reported investigations were
mainly based on the heart rate variability analysis of chronic
obstructive pulmonary disease patients. So, from that point
of view, this is the first study which is based on the pattern
analysis of EDR signal using amplitude variation method.

In this study, ‘COPD group’ was constituted using data
from all COPD patients staring from early stage to very
severe stage, whereas, ‘Normal group’ consisted healthy
subjects. Features were extracted from both original respira-
tion signal and from EDR signal. It was observed during our
study that the value of each feature for COPD patients was
increased than value of normal subjects. Also, the increased
values of all the features denote the morphological expira-
tion pattern change in COPD patients. Four classifiers- Deci-
sion Tree, Linear Discriminant Analysis, Support Vector
Machine and K Nearest Neighbor were used for classifying
the two groups. The classification results showed that the
EDR-based features performed better than the respiration-
based features. In one of our previous studies, we observed
that EDR also performed better in classifying two normal
subject groups- one without any symptoms, and other with
symptoms present (cough, cold, etc.) [50]. This indicates
that the respiration signal pattern may change for even mild
physiological changes, whereas, EDR is not easily affected
unless significant cardiopulmonary changes occur. This
makes EDR more robust for classifying abnormalities. The
result also showed that binary feature classification pro-
duced better classification performance than multi-feature
classification. The comparative study with other literatures
(Table 6) showed that the classification performance of this
study outnumbered against most of the performance results
reported earlier.

The EDR-based features were validated along with the
standard spirometric parameters FEV1 and FEV1/FVC
in case of COPD-Normal classification. The statistically
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significant p values (<0.0001) for area ratio and time ratio
indicate that these two features can be used alike the stand-
ard parameters for classification purpose. The result also
showed that mean + SD value of area ratio and time ratio
were closely spaced like the two spirometric parameters.
This indicates that these two EDR-based features might be
sufficient for discriminating COPD patients of any stage
from the normal subjects. Therefore, the proposed method
provides substantial benefits such as non-obstructive meas-
urement, computational simplicity of feature extraction,
compact feature dimension, small execution time, reduced
lead set for patient comfort.

This study has confronted several inadequacies. Though
the number of subjects in both groups was same, but the age,
gender ratio, and number of smokers were different in COPD
group compared to the normal one because COPD is predomi-
nant among smokers as well as in elderly group. In some previ-
ous works, researchers showed that these parameters had some
influence on breathing patterns [51-53]. This might affect the
classification performance. The result might be better and
more reliable if the number of total study population, were
more and the subject groups were age and sex-matched. COPD
patients from all stage groups were included in this study.
However, the total number of mild and moderate patients was
much less than the number of severe and very severe patients.
Classification of mild and moderate stage COPD patients with
normal subjects might give more information about the pos-
sibility of early disease detection using EDR based method.

Conclusion

In this work, a non-obstructive technique for discriminating
COPD from normal population using EDR signal was devel-
oped. The results obtained from the proposed method revealed
that EDR can be incorporated to develop an automated COPD
detection modality for a portable COPD analysis device since
early stage treatment is the main way for reducing the higher
mortality rate. Morphological variations have been observed
in both respiration and EDR waveform. Extensive studies
are planned to observe the effect of COPD staging on ECG
derived respiration signal which might correlate with the
standard GOLD staging. Study with higher number of samples
is needed to improve accuracy and to validate the result for its
applicability in clinical field.
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