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Abstract— A novel method for tracking the tidal volume
(TV) from electrocardiogram (ECG) is presented. The method
is based on the amplitude of ECG-derived respiration (EDR)
signals. Three different morphology-based EDR signals and
three different amplitude estimation methods have been
studied, leading to a total of 9 amplitude-EDR (AEDR) signals
per ECG channel. The potential of these AEDR signals to
track the changes in TV was analyzed. These methods do not
need a calibration process. In addition, a personalized-
calibration approach for TV estimation is proposed, based on
a linear model that uses all AEDR signals from a device. All
methods have been validated with two different ECG
devices: a commercial Holter monitor, and a custom-made
wearable armband.

The lowest errors for the personalized-calibration
methods, compared to a reference TV, were -3.48% [-17.41%
112.93%] (median [first quartile / third quartile]) for the Holter
monitor, and 0.28% [-10.90% / 17.15%)] for the armband. On
the other hand, medians of correlations to the reference TV
were higher than 0.8 for uncalibrated methods, while they
were higher than 0.9 for personal-calibrated methods. These
results suggest that TV changes can be tracked from ECG
using either a conventional (Holter) setup, or our custom-
made wearable armband. These results also suggest that the
methods are not as reliable in applications that induce small
changes in TV, but they can be potentially useful for
detecting large changes in TV, such as sleep
apnea/hypopnea and/or exacerbations of a chronic
respiratory disease.

Index Terms— Wearable devices, electrocardiogram
(ECG), ECG-derived respiration, ECG-derived tidal volume
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|. INTRODUCTION

IDAL VOLUME (TV) is the volume of air inhaled or

exhaled during a respiratory cycle. Together with

respiratory rate, TV regulates the minute ventilation and
thus, it remains one of the most important descriptors of
respiratory activity from a clinical view point. The ideal
respiratory monitor would provide continuous information
about TV, respiratory rate and the degree of gas exchange
taking place in a non-obtrusive fashion [1]. In addition,
assessment of TV from electrocardiogram (ECG) would be
interesting in many clinical applications, such as sleep studies,
mechanical ventilation and monitoring respiratory diseases [2].
In fact, respiratory rate has been used as a marker in several
applications that may benefit from the detection of changes in
minute ventilation and thus, TV may also be an interesting
indicator in such applications. These applications include stress
assessment [3], epileptic seizure detection [4], chronic
obstructive pulmonary disease classification [5], and dynamic
lung compliance assessment [6].

Techniques for monitoring respiration and, in particular, TV,
are usually based on cumbersome devices which are highly
inconvenient in some applications, such as sleep studies or daily
life monitoring. The gold standard technique for respiratory
volume monitoring is spirometry, which requires the subject to
breathe through a mouthpiece connected to a pipe. This pipe
measures air flow (e.g., with turbines or pilot tubes), which is
later used for calculating air volume by integration in time [7].
Later, TV can be obtained from maximum and minimum air
volume of the respiratory cycle. An alternative technique that
does not require to breathe through a pipe is the whole chest-

*J. Lazaro, R. Bailén, E. Gil, and P. Laguna are with the Biomedical
Signal Interpretation and Computational Simulation (BSICoS) group at
the Aragén Institute of Engineering Research (I3A), IS Aragén,
University of Zaragoza, Spain, and CIBER de Bioingenieria,
Biomateriales y Nanomedicina (CIBER-BBN), Spain (e-mail:
jlazarop@unizar.es).

N. Reljin was with the Biomedical Engineering Department at the time
of the study, University of Connecticut, Storrs, CT 06269, USA, and is
currently with InveniAl, Guilford, CT 06437, USA.

Y. Noh is with the College of Nursing and with the Department of
Electrical and Computer Engineering of the University of
Massachussetts, Amherst, MA 01003, USA.

K. H. Chon are with the Biomedical Engineering Department,
University of Connecticut, Storrs, CT 06269, USA.

Color versions of one or more of the figures in this article are available
online at http://ieeexplore.ieee.org

Authorized licensed use limited to: Pablo Laguna Lasosa. Downloaded on April 02,2024 at 09:47:57 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2024.3383232

abdomen plethysmography. This technique consists of
measuring the volume changes of chest and abdomen by using
two separate plethysmography bands, followed by estimating
the tidal volume from changes in impedance values. However,
this technique requires calibration for the specific location of
the bands employed, and its accuracy is highly dependent on
immobility of the bands [8].

Because of these limitations of the standard respiration
monitoring techniques, some alternatives for assessing
respiratory information have been proposed in the literature.
Most of these alternatives are based on ECG signals, leading to
the so-called ECG-derived respiration (EDR) techniques [9],
[10]. However, most of these techniques are usually evaluated
for estimation of respiratory rate, while the number of studies
aimed to derive TV from the ECG is rather scant albeit
smartphone camera was used to estimate TV and respiratory
rates [11], [12]. Variations in QRS area were studied in [13].
Peak-to-peak change in the direction of vectorcardiogram loops
[14], and a root-mean-square-based measurement of QRS
amplitude have been used to estimate TV from mechanically-
ventilated Yorkshire swine in [15]. In [16], TV was estimated
from ECG signals based on both heart rate and EDR features
during an exercise stress test. However, the features based on
mean heart rate were the most important in those methods, and
so the interpretation of the results is considerably limited
because the method mainly tracks changes in mean heart rate
and not TV (given the high correlation of mean heart rate and
TV during an exercise stress test).

In [17], a pilot study on tracking changes in TV using ECG
signals acquired by a wearable armband was presented. This
wearable armband is a self-developed device that records,
among other signals, three ECG channels. This device has been
previously evaluated as heart rate monitor during daily life [18],
atrial fibrillation detection [19], and as respiratory rate monitor
[20]. In [17], three EDR techniques were applied, and a linear
correlation between TV and the peak-to-peak amplitude of the
obtained EDR signals was observed. This observation suggest
that EDR techniques are potentially applicable to track changes
in TV by means of their amplitude, although only five
recordings were analyzed.

In this paper, the study from [17] has been evolved. A method
for tracking TV changes from ECG based on the amplitude of
EDR signals (AEDR) is proposed. Three different strategies for
estimating the amplitude of the EDR signals were explored:
peak-to-peak amplitude, root mean square (RMS), and the
magnitude of the analytic signal. In addition, a personalized
model for TV estimation was developed. Methods were
evaluated with 28 recordings that include ECG signals by two
different devices: a commercial Holter Monitor, and the self-
developed ECG wearable armband [18], allowing a comparison
of conventional and wearable setups.

[I. MATERIALS AND METHODS

A. Data acquisition and preprocessing

ECG and spirometry signals were simultaneously recorded
from 14 healthy volunteers (ages ranging from 19 to 52 years,
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Fig. 1. (a) Example of registered respiration during the experiment
involving dynamic changes in TV. Panel (b) shows the reference TV,
obtained by the peak-to-peak amplitude-EDR (AEDR) estimation
algorithm applied to the volume signal obtained from the spirometer
shown in (a). Panel (c) shows slope-range-based EDR signal obtained
from the PCA channel. Below, its estimated AEDR obtained by the three
estimation algorithms are shown: peak-to-peak (d), RMS (e), and
analytic (f).

gender: 11 males and 3 females) during an experiment which
included TV changes. The experiments were performed twice
for each subject, resulting in 28 recordings. Time between
experiments was 21.5 £ 3.0 minutes (mean =+ standard
deviation), and devices were not removed between two
experiments. The experimental protocol was approved by the
Institutional Review Board at the University of Connecticut
(Protocol H16-107). Subjects were requested to breathe through
a spirometer while looking at its output signal on a computer
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screen in order to have visual feedback. The subjects were
asked to breathe with a small TV at the beginning, and to
increase TV in small steps each 3 respiratory cycles, i.e.,
subjects were requested to maintain a respiratory depth for 3
cycles and then, slightly increase this depth. Subjects were
requested to keep on increasing their TV 3 cycles by 3 cycles
as long as they felt comfortable and then, to decrease their TV
in a similar way (slightly decrease depth 3 cycles by 3 cycles).
An example of breathing volume signal xr(7) obtained during
the above described breathing procedures can be observed in
the panel (a) of Fig. 1.

Spirometer signals were obtained by the FE141 Spirometer
with a MLTI000L respiratory flow head (AD Instruments,
Dunedin, New Zealand) and digitized by a Powerlab analog-to-
digital converter. The FE141 Spirometer is based on air flow
measured by a precision differential pressure amplifier. ECG
signals were recorded by 2 different devices. One of these
devices is a commercial Holter monitor: Rozinn RZ 153+
(Glendale, NY, USA). This Holter monitor records three ECG
channels with a sampling rate of 180 Hz. The other device is
the wearable armband developed at University of Connecticut,
which records three ECG channels with the sampling rate of
1000 Hz. The armband-ECG signals were preprocessed as in
[18], i.e. a resampling to 250 Hz, and a band-pass filter with
cutoff frequencies of 3 and 25 Hz. Respiratory rate is usually
below 3 Hz (180 breaths per minute), thus, the highpass cut-off
frequency of 3 Hz is practically removing the respiration
modulation of ECG baseline. However, the EDR techniques
used in this manuscript are based on morphological features
extracted from the abrupt zones of the QRS complex (R-S
amplitude and QRS slopes) thus, in the higher frequencies
(similarly to an amplitude modulation). This aggressive
filtering is part of the preprocessing motivated by the noise
observed in the armband ECG signals during daily life [18].

A fourth ECG channel was generated for each one of the two
ECG (Holter and armband) devices, by using the first
component from the spatial principal component analysis
(PCA) [21].

B. Electrocardiogram-derived respiration

Three EDR techniques that exploit the respiration-related
QRS morphology changes were applied to each one of the four
available ECG channels (xi(n), x2(n), x3(n), and xpca(n)).
Therefore, 12 EDR signals per experiment were obtained. The
three EDR techniques used are: QRS slope range (SR) [22], R-
wave angle (RWA) [23], and R-S amplitude (RS) [13], which
are described below.

SR: The QRS slopes series, dsr(n), presents oscillations that
are synchronous with respiration, and they have been reported
to be a robust basis for respiratory rate estimation from the ECG
in highly noisy and non-stationary environments [23]. These
slopes are defined as the most abrupt upslope and the most
abrupt downslope of the QRS complex. The SR is the difference
between the two slopes, so it remains a simple method to
combine the information of both slopes [22]. These features,
together with RWA, obtained the best results when they were
evaluated in different datasets as estimators of respiratory
information of different kind, including respiration morphology
[10].
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Fig. 2. Scheme of the 9 different AEDR signals obtained per ECG
channel.

RWA: Similarly to the QRS slopes, the RWA series, drwa(n),
has also been reported as a robust respiratory rate estimator in
highly noisy environments. Furthermore, RWA was reported to
exhibit partially complementary information to that obtained by
the QRS slopes. It is computed as the smallest angle formed by
two straight lines whose slopes are the QRS slopes used for
computing the SR [23].

RS amplitude: R-S amplitude series, drs(n), is computed as
the amplitude of the R peak with reference to the S peak. It
remains one of the simplest methods to obtain respiratory rate
from the ECG. This is the reason why this method is considered
in this study, as implementation simplicity is a very valuable
feature in the context of wearable devices.

C. Tidal volume changes tracking

The hypothesis of this work is that AEDR series, y(n), is
related to the TV. Thus, various estimated AEDR signals
obtained from different EDR signals and their potential to track
TV changes were studied. First, EDR signals (d(n)) were
interpolated to 4 Hz by cubic spline interpolation, and then they
were band-pass filtered with cut-off frequencies of 0.075 Hz
and 1 Hz asin [20], considering this frequency band as the
respiration band. Then, three different techniques were studied
for AEDR estimation: peak-to-peak amplitude, root mean
square (RMS) value, and magnitude of the analytic signal. In
this way, 9 AEDR (3 amplitude estimation methods times 3
EDR signals) signals were obtained for each ECG channel as
shown in Fig. 2.

These three techniques for oscillations-amplitude estimation
are well known envelope estimators in communications
applications. The peak-to-peak amplitude method was chosen
for its direct relation with the definition of TV (the volume of
air displaced in a respiratory cycle), which can be seen as peak-
to-peak amplitude of the air volume signal. However, this
method is highly vulnerable to noise, and noise is certainly
expected in EDR signals. On the other hand, RMS value and
the magnitude of the analytic signal are less vulnerable to noise
and do not require peak detection.

Peak-to-peak amplitude: This amplitude-estimation method
consists of detecting the local maxima of the EDR signal that
are separated at least by 1 s. This minimum separation was
chosen considering the maximum respiratory rate of 1 Hz,
which corresponds to the high cutoff frequency of the above-
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mentioned bandpass filter applied to the EDR signals. If more
than one local maximum are detected in less than 1 s, then only
the maximum with the highest amplitude is taken into account.
Similarly, the local minima of the EDR signal that are separated
at least by 1 s. were detected. Then, a sample of AEDR was
estimated for each cycle by the amplitude of the detected
maximum minus the amplitude of the detected minimum. This
AEDR sample is associated with the middle time instant
between maximum and minimum:

yeeak(K) = % (d(nMAXi) - d(nMINi)) 6 (k - nMAX'TJrnMIN')a (D
where §(-) is the Kronecker delta function, nyax, and nyyy, are the
locations of the maximum and the minimum of the ith cycle in
d(n), respectively. Note that signal yppax(k) is unevenly
sampled. Then, a 4-Hz-evenly sampled version of ypgax (k)
was obtained by cubic splines interpolation. Subsequently, a
low-pass filter with a cut-off frequency of 0.05 Hz was applied
to attenuate the high frequency noise of the AEDR estimation.
Note that this cut-off frequency would allow us to track
periodical changes of TV with a full period cycle of 20 s. This
is a much shorter period than that forced by the studied protocol
(around 100 s, see Fig. 1), which implies, at the same time, a
greater TV changes compared to spontaneously breathing. The
resulting peak-to-peak AEDR signal is denoted as ypgax(n) in
this paper.

RMS value: This amplitude-estimation method is based on
the RMS value of the EDR signal in a sliding window of a fixed
length. In this work, this length was set to 10 s, in order to cover
at least one respiratory cycle when the respiratory rate is as low
as 0.1 Hz. Similar to the peak-to-peak case, a low-pass filter
with a cut-off frequency of 0.05 Hz was applied. The resulting
RMS AEDR signal is denoted as ygps(n) in this paper.

Analytic signal: This method consists of computing the EDR
envelope as the magnitude of its analytic signal. The real part
of the analytic signal is the original EDR signal, and the
imaginary part was obtained by applying a Hilbert transform
with a fixed length finite impulse response filter. Similar to the
RMS AEDR case, this fixed length was set to 10 s in this work.
Similar to the peak-to-peak and the RMS cases, a low-pass filter
with a cut-off frequency of 0.05 Hz was applied. The resulting
analytic AEDR signal is denoted as yanaryTic(7) in this paper.

D. Reference tidal volume

As the TV is defined as the volume of air displaced in a
respiratory cycle, it is computed as the peak-to-peak amplitude
of a respiratory volume signal. In this work, the reference TV
was obtained by applying the peak-to-peak AEDR technique to
the respiratory volume signal from a spirometer. This reference
TV signal is denoted yr(7) in this paper.

E. Personalized tidal volume estimation

Amplitude of EDR signals showed a very different
correlation with TV for different subjects in the pilot study [17].
A linear regression was used in order to combine these
amplitudes with a greater weight for those methods that more
correlated with TV, obtaining higher correlations. Although this
study included only 5 subjects, and the linear regression was
tested with the same data that it was trained, these results
suggested that these EDR signals may have complementary TV

information. In order to combine the information from the 3
different EDR signals and 4 ECG channels of each device, a
subject-personalized linear regression model was trained to
estimate TV, using the spirometer-measured TV (yr(n)) as the
reference. This model was trained independently for each
subject, and for each one of the three amplitude-estimation
methods described in Section II-C (peak-to-peak, RMS value,
and analytic signal). This leads to 3 different models per subject
that are denoted y{;(n), (M € {PEAK, ANA, RMS}) in this paper.
Each one of them includes the corresponding AEDR signals
(Ypeak(M), Yrms(n), or yana(n)) from the 12 EDR signals of
the analyzed device (SR, RWA, and RS from ECG channels 1,
2,3, and PCA), i.e., 12 weights (and intercept) were estimated
during the training stage. These weights were estimated by least
squares, with the constrain of not assigning negative weights,
while no constrain was applied on intercept. In order to avoid
overfitting, y&(n) was trained using the data from the first
experiment of each subject, and it was evaluated using the data
from the second experiment of the corresponding subject. An
example of y;(n), (M € {PEAK, ANA, RMS}) can be observed
in Fig. 1. In order to assess the influence of PCA channel in the
obtained results, this experiment was also performed
alternatively excluding the PCA channel.

[ll. RESULTS

For each of the 28 experiments (two experiments from 14
subjects), correlations between the reference TV (ygr(n)) and
different AEDR signals (yy(n),M € {PEAK,ANA RMS}) from
different ECG channels were computed. Table I shows the
intersubject medians and interquartile ranges (IQRs). In
addition, the number of experiments for which a correlation was
higher than 0.5 (Nos), higher than 0.7 (No7), or higher than 0.9
(Noo) are also shown.

With respect to the personalized TV estimation, both the
absolute (ea(n)) and the relative (er(n)) errors were obtained:

ea(n) = yi(n) — yp(n),M € {PEAK, ANA, RMS} )
er(n) = ;i—inn;. (3)

The intersubject median and IQR of these errors are shown in
Table II. In addition, Fig. 3 shows Bland-Altman plots of the
intrasubject mean of estimated TV and intrasubject mean of
reference TV, for both Holter (top row) and armband (bottom
row) devices when including the PCA channel. The correlations
between the reference TV and the TV estimated by the
personalized linear model were obtained, in both the first (train)
and the second (test) experiments. Intersubject medians and
IQRs of these correlations are shown in Table III, where the
number of experiments for which a correlation higher than 0.5
(Nos), higher than 0.7 (No7), and higher than 0.9 (Ngo) are also
shown. It is noteworthy that in this case, the total number of
experiments in each one of the columns is 14 (one per subject),
while it is 28 (two per subject) in the case of Table I.
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TABLE |
MEDIAN AND IQR OF THE CORRELATION BETWEEN THE REFERENCE TV (yg(n)) AND THE DIFFERENT AEDR SIGNALS (yy (n), M € {PEAK, ANA, RMS}) OF
THE DIFFERENT STUDIED ECG CHANNELS, FROM THE 2 EXPERIMENTS OF THE 14 SUBJECTS (28 EXPERIMENTS IN TOTAL). Nos, No7, AND Nog REPRESENT THE
NUMBER OF EXPERIMENTS (OUT OF THE 28 POSSIBLE) FOR WHICH THE CORRELATION IS HIGHER THAN 0.5, 0.7, OR 0.9, RESPECTIVELY. THE HIGHEST Ngs,
No7, AND Nog FOR EACH ECG CHANNEL AND AMPLITUDE-ESTIMATION METHOD IS SHOWN IN BOLD.

ECG Channel 1 ECG Channel 2 ECG Channel 3 ECG Channel PCA
SR RWA RS SR RWA RS SR RWA RS SR RWA RS
Median 0.88 0.83 0.84 0.76 0.77 0.82 0.80 0.91 0.86 0.83 0.83 0.85
g IQR 0.15 0.23 0.33 0.34 0.43 0.42 0.30 0.30 0.31 0.23 0.16 0.39
E Nos 26 25 23 23 21 21 22 23 22 26 25 22
= Noz 24 22 19 15 17 19 20 20 19 22 24 18
Noo 11 10 10 9 10 10 12 15 11 11 8 9
Median 0.89 0.87 0.87 0.82 0.85 0.85 0.88 0.92 0.89 0.87 0.86 0.84
b g IQR 0.14 0.19 0.29 0.26 0.38 0.27 0.31 0.21 0.34 0.28 0.18 0.29
s 2 Nos 25 23 24 23 22 22 23 22 23 26 24 23
T S No7 24 22 20 20 16 21 20 21 19 20 22 20
Noo 14 13 13 9 11 12 13 16 13 12 11 10
Median 0.89 0.87 0.86 0.82 0.83 0.84 0.84 0.89 0.88 0.82 0.82 0.82
0o IQR 0.18 0.23 0.24 0.24 0.30 0.27 0.33 0.20 0.37 0.23 0.20 0.28
E Nos 25 23 24 24 23 21 22 24 23 26 25 24
= No7 23 21 21 20 17 21 20 21 20 22 21 20
Noo 12 13 12 7 11 10 13 12 12 10 11 9
Median 0.87 0.93 0.78 0.88 0.91 0.85 0.89 0.92 0.85 0.87 0.91 0.85
g IQR 0.23 0.11 0.26 0.18 0.19 0.27 0.16 0.13 0.33 0.15 0.14 0.22
E Nos 26 26 22 26 26 23 24 24 24 26 26 22
= Noz 21 25 17 22 23 19 24 22 18 24 24 21
Noo 11 16 9 13 17 6 13 17 12 11 15 10
= Median 0.90 0.93 0.85 0.89 0.92 0.79 0.83 0.90 0.84 0.89 0.91 0.86
g g IQR 0.24 0.24 0.57 0.24 0.16 0.38 0.34 0.24 0.22 0.24 0.18 0.56
'g 2 Nos 22 24 19 22 26 22 22 23 23 24 25 19
; S Noz 21 23 17 21 23 17 20 22 21 22 22 17
Noo 15 18 11 13 16 10 11 14 10 13 15 12
Median 0.88 0.91 0.83 0.87 0.91 0.75 0.85 0.88 0.81 0.88 0.89 0.83
0o IQR 0.22 0.18 0.46 0.18 0.15 0.32 0.29 0.26 0.23 0.15 0.14 0.45
E Nos 24 25 20 24 26 23 23 24 22 25 25 20
= Noz 22 23 17 21 24 18 20 20 21 22 22 19
Noo 12 17 8 10 16 6 10 13 9 9 14 8

calculating the peak-to-peak amplitude of a respiratory volume
V. DISCUSSION signal.

A novel method for tracking TV from ECG has been All AEDR signals were obtained from a dataset that includes
ECG data from an experiment involving considerable TV
changes that was performed twice per subject. Intersubject
medians of correlations between these AEDR signals and the
reference TV were strong (>0.7) in every case, for both Holter
and the armband. These median correlations are higher than that
reported in [15] (0.67, median R? = 0.44) when estimating TV
from individual ECG leads. However, these numbers should not
be directly compared because the evaluation in this study is
performed with conscious humans while the evaluation in [15]

presented. Recognizing that the respiratory-related modulation
of the ECG morphology is stronger when the TV is higher, the
method for estimation of TV is based on AEDR signals. The
methods have been validated with two different ECG devices:
a commercial Holter monitor, and a custom-made wearable
armband. Both devices provide three ECG channels, and one
additional channel per device has been synthesized by the first
PCA component of their original three channels.

Three different morphology-based EDR signals have been
studied: SR, RWA, and RS. SR and RWA were chosen because
they have shown to be robust features for respiratory rate
estimation from the ECG in highly noisy and non-stationary
environments [23], while RS was chosen because of its
computational simplicity.

In order to estimate the amplitudes of EDR signals, three
AEDR methods have been studied: peak-to-peak envelope,
RMS envelope, and the absolute value of the analytic signal.
The reference TV was obtained from a spirometer-based
volume signal by the peak-to-peak AEDR method. The reason
for this is that the clinical definition of TV is the volume of air
displaced in a respiratory cycle and thus, it is estimated by
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TABLE II
MEDIAN, FIRST, AND THIRD QUARTILE OF BOTH ABSOLUTE (e, ) AND RELATIVE (eg) ERRORS OF THE TV ESTIMATION BY THE PERSONALIZED LINEAR MODEL
(vi1, M € {PEAK, ANA, RMS}) WITH RESPECT TO THE REFERENCE TV OBTAINED FROM THE SPIROMETER (yg (1)), IN THE VALIDATION SET (SECOND EXPERIMENT
OF EACH SUBJECT).

INTERSUBJECT MEDIAN AND IQR OF THE CORRELATION BETWEEN THE REFERENCE TV (yg(n)) AND THE TV ESTIMATED BY THE PERSONALIZED LINEAR
REGRESSION MODEL (y§;, M € {PEAK, ANA, RMS}). Ngs, No7, AND Nog REPRESENT THE NUMBER OF EXPERIMENTS (OF THE 14 POSSIBLE) FOR WHICH A

CORRELATION HIGHER THAN 0.5, 0.7, OR 0.9, RESPECTIVELY.

Including PCA channel Excluding PCA channel
Holter Armband Holter Armband
Median Q1/Q3 Median Q1/Q3 Median Q1/Q3 Median Q1/Q3

g ea (ml) 3 -113/338 73 11/207 15 -160/337 64 6/108

%

<
“'E er (%) 0.24 -14.87/34.74 8.12 1.76 / 20.61 1.57 -16.75/34.74 6.29 0.55/15.38
e | ea(ml) -52 =311/ 164 5 -91/166 -69 -329/ 164 -8 -135/159

g
| er (%) -4.29 -27.18/15.71 0.65 -11.43/12.18 -5.47 -27.56/15.71 -0.74 -22.70/11.17
e | ea(ml) -19 -248 /123 8 -94 /231 -19 -234/123 3 -87/226

<

z
NI (%) -3.45 -22.42/12.93 0.88 -11.87/17.15 -3.48 -17.41/12.93 0.28 -10.90/17.15

TABLE lll

INCLUDING PCA CHANNEL EXCLUDING PCA CHANNEL
HOLTER ARMBAND HOLTER ARMBAND
TRAIN TEST TRAIN TEST TRAIN TEST TRAIN TEST

MEDIAN 0.97 0.90 0.95 0.89 0.98 0.85 0.95 0.89

g IQR 0.04 0.33 0.06 0.19 0.03 0.45 0.07 0.17
E Nos 13 9 14 12 13 10 14 12
S No7 13 9 14 11 13 8 13 12
Noo 12 6 12 6 12 6 12 7

MEDIAN 0.99 0.96 0.97 0.91 0.99 0.96 0.97 0.91

0o IQR 0.06 0.18 0.03 0.35 0.06 0.18 0.03 0.35
E Nos 13 12 14 11 13 12 14 11
S Noz 13 12 14 10 13 12 14 10
Noo 12 10 12 7 12 10 12 7

MEDIAN 0.98 0.96 0.97 0.92 0.98 0.95 0.97 0.93

g IQR 0.06 0.12 0.05 0.20 0.06 0.12 0.05 0.21
s Nos 13 12 14 12 13 12 14 12
N Noz 13 12 14 11 13 12 14 11
Noo 13 10 13 8 13 10 13 8

is performed with sedated mechanically-ventilated Yorkshire
swine.

Results show very different correlations for different
recordings in some cases, e.g., a correlation higher than 0.9 was
obtained for at least 10 recordings in almost every case while at
least 2 recordings obtained a correlation lower than 0.5 in every
case. A possible explanation for this observation is that during
those recordings with low correlations, subjects may have been
breathing with a very predominant abdominal breathing pattern.
The effects that cause respiration-related modulations in ECG
are the movement of the electrodes with respect to the heart,
and the impedance changes in the chest due to the
filling/emptying of the lungs. It is reasonable to expect that
those effects are greater during a thoracic breathing pattern.
Unfortunately, a reference for breathing pattern is not available
in this study, so this hypothesis cannot be studied with the

available data.

The gender of the subjects in the data set is unbalanced, with
3 women and 11 men. Thus, it is not possible to analyze
differences in performance of the methods in different genders.
As anote, no differences in genders were observed when using
these methods for respiratory rate estimation in [23].

Non-calibrated TV-tracking with the Holter device:
Regarding the Holter, the median correlation was higher than
0.9 in the case of ypgag(n) from the RWA EDR signal for
channels 2 and 3 of the Holter device.

Among the 28 recordings, Nos (the number of experiments
with correlation greater than 0.5) ranged from 21 up to 26. This
means that at least moderate correlation (>0.5) was obtained
between 75.00% and 92.86% of the recordings, depending on
the case (ECG channel, EDR signal, and AEDR method). No;
ranged from 15 up to 24, so at least strong correlation (>0.7)
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Fig. 3. Bland-Altman plots of the intrasubject mean of estimated TV (y&(n), M € {PEAK, RMS, ANA}) and intrasubject mean of reference TV (yr(n)),
for both devices Holter (top row) and armband (bottom row) when including the PCA channel. Note that different axis limits are used for the armband

in cases of RMS and ANA in order to show an outlier.

was obtained between 53.57% and 85.71% of the recordings,
depending on the case. Ny ranged from 7 up to 16, so very
strong correlation (>0.9) was obtained between 25% and
57.14% of the recordings, depending on the case. Focusing on
Nos, No7, Noo for different AEDR signals from the PCA channel
(which combines the other 3 ECG channels), RWA obtained the
highest value in 6 cases, while SR obtained the highest value in
3 cases, and RS did not obtain the highest value in any case (see
bold numbers in Table I).

However, the results in these metric features are very similar
across different EDR signals (SR, RWA, and RS), and also
across different amplitude estimation methods (Vpgax(n),
Yrms (M), and yana(n)). With respect to different EDR signal,
this observation is expected when taking into account non-noise
corrupted scenarios. SR and RWA (both of them based on QRS
slopes) were proposed as robust alternatives to other
morphology-based methods, such as the RS [23], and they do
not represent significant advantages in a very low level of noise.
Similar reasoning can be applied with respect to different
methods to estimate the envelope. The three of them are well-
known methods to estimate the envelope of a signal, and they
should work properly in a low-noise-level scenario. Further
experiments in the presence of a higher level of noise must be
performed in order to assess the degradation of the performance
of different AEDR signals in tracking TV.

Non-calibrated TV with the armband device. Regarding the
armband, the median correlation was higher than 0.9 for
vpeak(n) and ypums(n) from the RWA EDR signal for all the
ECG channels, and also for yana(n) from the RWA EDR for
channels 1 and 2.

Among the 28 recordings, Nos ranged from 19 up to 26. This
means that at least moderate correlation (>0.5) was obtained
between 67.86% and 92.86% of the recordings, depending on
the case (ECG channel, EDR signal, and AEDR method). No;
ranged from 17 up to 24, so at least strong correlation (>0.7)

was obtained between 60.71% and 85.71% of the recordings,
depending on the case. Ngy ranged from 6 up to 17, so very
strong correlation (>0.9) was obtained between 21.43% and
60.71% of the recordings, depending on the case. Focusing on
Nos, No7, Noo for different AEDR signals from the PCA channel,
observations are aligned that RWA obtained the highest value
in all 9 cases, while SR obtained the highest value in 5 cases,
but SR did not obtain the highest value in any case. Similar to
the case of the Holter device, results are comparable across
different EDR signals and different amplitude estimation
methods. However, in the case of the armband device, the RWA
EDR signal consistently obtained better results than RS, and
better or equal results than SR. While the scenario still involves
alow level of noise, the armband setup is more challenging than
the Holter setup, and these results suggest that the robustness of
SR and, particularly RWA, represents an advantage over RS in
the case of the former device.

Calibrated and personalized TV estimation and tracking: For
each subject and each amplitude estimation method, a linear
regression model using AEDR signals from all ECG channels
was fitted to the reference TV. This way, 12 AEDR signals
(estimated amplitude from SR, RWA, and RS-derived EDR
signals from ECG channels 1, 2, 3, and PCA) were used in the
linear regression model. The fitting (training) was performed
with the data from the first experiment of each subject and was
validated (tested) with the data from the second experiment.

Obtained medians, first, and third quartiles of absolute and
relative errors (see Table II) suggest that TV estimation is not
as accurate as those EDR techniques estimating respiratory rate
[20], [23]. Bland-Altman plots (see Fig. 3) do not show any
systematic bias in the estimations of TV, but it shows an outlier
in the case of the armband device using the three amplitude-
estimation methods. The best amplitude-estimation method in
terms of relative and absolute error was yana(n) for the Holter
monitor (with a median of -19 ml and first and third quartiles of
-248 and 123 ml), and ygms(n) for the armband device (with a
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median of 5 ml and first and third quartiles of -91 and 166 ml).
These results suggest that estimation is not reliable in
applications that require to accurately differentiate between
small changes in TV, such as exercise monitoring or fine stress
level assessment. However, the proposed method may be
applicable and reliable in applications that result in bigger
changes in TV, such as detection of sleep apnea/hypopnea
and/or exacerbations of a chronic respiratory disease. The
utility of the methods for specific applications should be
assessed in future studies.

Furthermore, results showed a very high intersubject median
correlation for all three amplitude estimation methods from
both the Holter and the armband devices when including the
PCA channel (see Table III), suggesting that the personalized
calibration process leads to a better tracking of TV. The lowest
median correlations for the test set were obtained for yHg Ak (1)
(0.90 for the Holter and 0.89 for the armband), while
correlations were higher than 0.9 for yRys(n) and y5y.(n) for
both devices. Note that the validation of the personal-calibrated
method is performed with 14 recordings (as the other 14 were
used for training). These median correlations are slightly higher
than that reported in [15] (0.88, median R? = 0.77) when
estimating TV from a combination of ECG leads. Nevertheless,
it should be noted that this study presents some differences with
respect to [15] that makes the direct comparison of these results
inconvenient. In this study, a personalized model is trained for
each subject, while a leave-one-out validation is performed in
[15]. Furthermore, methods are evaluated with conscious
humans in this study while they are evaluated with sedated
mechanically-ventilated Yorkshire swine in [15].

An EDR signal based on the direction of the vector loop in
the QRS complex was used for tracking TV in [14], combining
information from different ECG leads. Correlations with TV
using a linear regression were reported for 7 subjects, obtaining
0.97 / 0.05 (median / IQR) in the best case. However, the
models were not tested with different data. Thus, the
comparison of these results reported in [14] with those results
reported in this paper should be performed with those results
obtained for the training set, keeping in mind that this set is
composed of 14 subjects. When using the Holter device, the
peak-to-peak amplitude estimation method obtained similar
correlations (0.97 / 0.04), while both RMS and analytic
methods obtained slightly higher correlations (0.99 / 0.06 and
0.98 /0.06, respectively). When using the armband device, the
peak-to-peak amplitude-estimation method obtained slightly
lower correlations (0.95 / 0.06), while both RMS and analytic
methods similar correlations (0.97 / 0.03 and 0.97/0.05,
respectively).

In the case of the Holter device when including the PCA
channel, the lower values of Nys, No7, and Ny in the test set
were obtained for yFr (1) (9, 9, and 6, respectively), while in
both cases yRws(n) and yiya(n) 12 recordings (85.71%)
showed at least strong correlation (>0.7) and 10 recordings
(71.43%) showed very strong correlation (>0.9). Thus, similar
results were obtained by yEys(n) and yiya(n) for the Holter
device, however, a slightly better performance can be observed

for yEna(n) in terms of IQR of correlations (0.12 vs. 0.18). On
the other hand, ypgax(n), Ykms(n), and yiya(n) obtained
similar values of Nos, No7, and Nyo in the test set in the case of
the armband. However, yhya(n) obtained the best results in
these terms. These results suggest that using yhya(n) is more
convenient than using yppax(n) and yRys(n) in terms of
accuracy of TV tracking.

However, the intersubject median correlation was
consistently higher for the Holter than for the armband device,
suggesting that the estimation with the Holter device is more
robust than the estimation with the armband, and the observed
differences in correlation values could be higher when
involving a higher level of noise. This is expected because the
armband setup (dry electrodes over the upper arm) is more
challenging (e.g., an arm location rather than the chest) than the
Holter setup (hydrogel electrodes over the chest). Furthermore,
the armband can slightly move around the upper arm from the
training set recordings to the test set recordings, resulting in
slightly different ECG data than those used for training the
model. However, this issue is not expected with the Holter
setup, since its electrodes are attached to the chest with
adhesive. This may explain why the difference in performance
when using the test set with respect to the train set is higher for
the armband device than for the Holter (see Table III).

Alternatively, the model was calibrated without using the
EDR signals from the PCA channel. Obtained results were very
similar in terms of both error (see Table II) and correlation (see
Table III). These results suggest that the PCA channel is not
adding any complementary information to the other ECG
channels and thus, that its computation could be avoided
without losing accuracy on TV tracking. However, it should be
noted that this study is performed in laboratory-controlled
conditions. The PCA channel has been proposed in the
literature for cleaning ECG signals and offered advantages
when monitoring heart rate with the armband during daily life
[18]. Further experiments including more noisy scenarios
should be conducted to assess the advantages of including PCA
channel.

V1. CONCLUSION

A novel method for tracking tidal volume changes from ECG
has been presented, exploiting the amplitude of morphology-
based EDR signals. The method has been validated with ECG
data from a commercial Holter device and also with data from
a custom-made wearable armband device. The lowest errors
with respect to the reference TV obtained for the personal-
calibrated methods were -3.48% [-17.41% / 12.93%] (median
[first quartile / third quartile]) for the Holter monitor, and 0.28%
[-10.90% / 17.15%] for the armband. On the other hand,
medians of correlations with the reference TV were higher than
0.8 for the uncalibrated methods, while they were higher than
0.9 for the personal-calibrated methods. The inclusion of PCA
ECG channel did not show advantages, probably because the
scenario did not involve a high level of noise.

These results suggest that TV changes can be tracked from
the ECG, either using a conventional (Holter), or our custom-
made wearable armband. However, it should be noted that the
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methods are not reliable in applications that require accurate
differentiation between small changes in TV such as exercise
monitoring or fine stress level assessment. For applications that
induce large changes in TV, such as sleep apnea/hypopnea
and/or exacerbations of a chronic respiratory disease, the
proposed approach has potential utility. The breathing pattern
(thoracic/abdominal) may have an effect on the accuracy of the
methods. The benefit of the proposed approaches for specific
applications should be assessed in future studies. The
observations reported in this manuscript should be taken into
account when selecting an ECG-based feature set for a
classification problem related to breathing.

[12]
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