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Abstract
The electrocardiographic QT interval is an index of
cardiac risk commonly used in clinics. Accurate QT
measure is challenging, especially in noisy conditions,
when acquisitions of phonocardiograms (PCGs) may be
more reliable than acquisitions of electrocardiograms
(ECGs). However, PCG features are less used in clinics.
Thus, aim of the study was to propose a model for
indirectly measuring the electrocardiographic QT interval
from the phonocardiographic heart sounds in healthy
subjects. To this aim, simultaneously acquired PCGs and
ECGs of 99 healthy subjects were processed to obtain
median PCG and ECG beats. Beat length, S1 onset and S2
onset were identified from the median PCG beat, while QT
interval (QT) was measured from the median ECG beat.
Then, a regression model was formulated by regression
̂ ) and
analysis to obtain PCG-based QT estimation (QT
validated by leave-one-out cross-validation. Correlation
coefficient (ρ) and estimation error were also computed.
̂ and QT did not differ significantly (model formulation:
QT
362ms vs 358ms; model validation:360ms vs 358ms,
respectively; P>0.5) and were significantly correlated
(model formulation: ρ=0.7, P<10-13; model validation:
ρ=0.6, P<10-10); median error is 1 ms (<0.5 in %). Thus,
the proposed model provides a reliable estimation of QT
interval from PCG heart sounds in healthy subjects.

1.

Introduction

Cardiac monitoring is frequently performed though the
electrocardiogram (ECG), which is the recording of the
electrical activity of the cardiac cells typically by skin
electrodes located in standardized positions. In particular,
the electrocardiographic QT interval is a common,
clinically used index to assess cardiac electrical risk in
clinical trials [1-3]. The QT interval is defined as the time
interval between the QRS-complex onset and the T-wave
offset [4], thus representing duration of both ventricular
depolarization (represented by the QRS complex) and
repolarization (represented by the T wave). Due to the
smoothness of the electrocardiographic waves and the

difficulties to correctly identify their onsets and offsets,
accurate QT-interval measurement remains challenging
[5].
Beside through ECG, cardiac monitoring can also be
performed through the phonocardiogram (PCG), which is
the recording of the heart sounds generated by the closure
of the cardiac atrioventricular and aortic-pulmonary
valves. Typically, PCG is acquired by stethoscope, but can
also be obtained by acoustic sensors on the chest, as it
occurs in wearable sensors [6]. In the PCG, the closure of
the atrioventricular valves is represented by the first heart
sound (S1) and the closure of the aortic-pulmonary valves
is represented by the second heart sound (S2).
Physiologically, S1 represents the beginning of ventricular
systole and S2 represents the beginning of ventricular
diastole [4].
In healthy conditions, the electrical activity of heart
drives its mechanical activity that directly causes the
valves closure [4]. Thus, ECG and PCG are strictly related,
as it can be easily observed by comparing two
simultaneously acquired ECG and PCG recordings (Figure
1). Obviously, both recordings contain the same number of
cardiac cycles, since they are different representations of
the same cardiac activity. Additionally, QRS complexes
appear to be aligned with S1 occurrences and T waves
offset appear to be close in time to S2 onset (a previous
study of ours indicate that they are, on average, 5ms apart
[7]).
Despite electrocardiography and phonocardiography
being both noninvasive methods for cardiac monitoring
[8], to acquire a PCG recording is usually much easier than
to acquire an ECG recording, and PCG features
identification is less sensitive to noise corruption. These
characteristics make PCG recordings more reliable than
ECG recordings, especially when obtained using wearable
sensors [6] that typically provide recordings affected by
high levels of noise. On the other hand, ECG features, such
the popular QT interval, are much more used in clinics that
PCG features.
By considering the facility of PCG recording, its
analogies with ECG and the clinical significance of the QT
interval, aim of the present study was to propose a model
for electrocardiographic QT-interval estimation from
phonocardiographic heart sounds in healthy subjects.

analogously, all cardiac beats segmented in the PCG were
used to compute the median PCG beat (MPCGB).

2.4

Figure 1. Waveform correspondence in simultaneously
acquired ECG and PCG recordings.

2.

Material and Methods

2.1.

Data

Data considered in this study belong to the training set
A of PhysioNet/CinC Challenge 2016 database [9,10],
consisting in 99 pairs of short (around 30s) PCG and ECG
signals acquired from healthy subjects. Both signals were
simultaneously recorded by the Welch Allyn Meditron
electronic stethoscope. ECGs sampling frequency was
1000 Hz, while PCG sampling frequency was 2000 Hz.

2.2.

Preprocessing

ECG signals were prefiltered using a bidirectional 3rdorder Butterworth band-pass filter with 0.5Hz and 25Hz
cut-off frequencies. Additionally, electrocardiographic Rpeak positions were extracted using the Pan-Tompkins
algorithm [11]. PCG signals were prefiltered using a
bidirectional 3rd-order Butterworth low-pass filter with a
20Hz cut-off frequency. Both ECG and PCG signals were
resampled to 200Hz to have the same sampling frequency.

2.3.

Median Cardiac Beats Computation

Median ECG and median PCG cardiac beats were
computed from each pair of simultaneously acquired
signals. The electrocardiographic R-peak positions were
taken as reference and used to compute the number N of
cardiac beats included in each signals pair and the mean
cardiac beat length (L; ms). Both cardiac signals were
segmented into N cardiac beats; each beat was identified
as the signal segment included between 250ms before the
R-peak position and L-250ms after the same R-peak
position. All cardiac beats segmented on the ECG were
used to compute the median ECG beat (MECGB);

Features Extraction

Four wave landmarks were extracted from the median
beats: QRS-complex onset and T-wave offset from
MECGB; and S1 onset and S2 onset extracted from
MPCGB. QRS-complex onset and T-wave offset were
identified by application of the well-known Laguna and
Thakor algorithm [12] to MECGB. Instead, S1 onset and
S2 onset were identified by application of our thresholdbased algorithm to |MPCGB| [7]. The threshold, defined as
twice |MPCGB| standard deviation, crossed |MPCGB| in
four points: the onset and the offset of S1, and the onset
and the offset of S2. In order to avoid misidentification,
time distance between S1 offset and S2 onset had to be
smaller than 450ms and longer than 60ms. If this condition
was satisfied, S1 onset and S2 onset were confirmed for the
study. All four landmarks were visually confirmed by an
expert cardiologist.
The following features were computed using the four
extracted landmarks (Figure 2): QT (ms), quantified as the
time interval from T-wave offset and QRS-complex onset
on MECGB; S1on (ms), quantified as the time interval
from MPCGB beginning to S1 onset; and S2on (ms),
quantified as the time interval from MPCGB beginning to
S2 onset.

2.5

Statistics and Model Construction

Normality of feature distributions was evaluated by
Lilliefors test; non-normal distributions were reported in
terms of 50th (median value) [25th; 75th] percentiles.
̂ ),
In order to obtain a PCG-based QT estimation (QT
S1on, S2on and L were considered as inputs of the
regression model reported in Equation 1; QT was
considered as reference.
̂ = p ∙S1on +p ∙S2on +p ∙L +p ∙S1on∙S2on +p (1)
QT
1
2
3
4
5
where p1, p2 and p3 are dimensionless, p4 is in ms-1 and p5
is in ms.
The model was formulated by performing a regression
̂ and reference QT interval, in order to
analysis between QT
identify the numerical values of the five regression
coefficients p1 to p5. Moreover, the model was validated by
using the leave-one-out cross-validation algorithm [13].
̂ and QT
For both model formulation and validation, QT
values were compared using the Wilcoxon ranksum test for
equal medians- Additionally, the absolute error (ε; ms) and
̂ and QT
the relative percentage error (ε%) between QT
were computed. Finally, the Pearson’s correlation analysis
was performed by computing the correlation coefficient (ρ)
̂ +q) between QT
̂ and QT.
and regression line (QT=m∙QT

3.

Results

Distributions of S1on, S2on and L over the entire
dataset were 243[233;250]ms, 595[575;615]ms and
858[796;961]ms, respectively. Values of regression
coefficients, obtained with model formulation, were p 1=3.3, p2=-0.9, p3=0.1, p4=5.4 (ms-1) and p5=825 (ms).
̂ for both model formulation
Distributions of QT and QT
and validation are reported in Table 1, together with ε and
̂ value was not
ε% distributions. In both cases, median QT
statistically different from median QT value (P=0.61 and
P=0.84 for model formulation and validation,
respectively). Median ε values were always 1 ms, whereas
median ε% was lower than 0.5% for both model
̂ and QT were
formulation and validation. Eventually, QT
significantly correlated in both model formulation (ρ=0.7;
P<10-13) and validation (ρ=0.6; p<10-10); regression lines
are depicted in Figure 3.

Figure 2. Computation of QT (red double arrow) from the
MECGB (in red) and of S1on and S2on (black arrows)
from the MPCGB (in black). Red crosses identify QRScomplex onset and T-wave offset; black crosses identify
S1 onset and S2 onset. L is the cardiac beats length.
̂ estimation and errors
Table 1. Reference QT interval, QT
distributions for both model formulation and validation.
Model
Formulation

Model
Validation

QT (ms)

358 [345;377]

358 [345;377]

̂ (ms)
QT

362 [347;373]

360 [350;373]

ε (ms)

1 [-12;15]

-1 [-15;16]

ε%

0.02 [-0.43;0.52]

-0.16 [-3.76;4.64]

̂ estimates in relation to QT
Figure 3. Scatter plots of QT
values (i.e. reference values) for both model formulation
(panel A) and validation (panel B). The regression lines are
represented in black. Parameters value of regression lines
and correlation coefficients are also reported.

4.

Discussion

This study proposed a model for electrocardiographic
QT-interval estimation from phonocardiographic heart
sounds in healthy subjects. Indirect measures of the QT
interval from PCG is indeed desirable since in several
cases, such as during exercise and when using wearable
sensors, PCG recordings are more reliable than ECG
recordings, but ECG measurements are more popular in
clinics.
QT estimation from PCG were obtained by formulating
a regression model that uses mean length of the beat and
PCG landmarks identifying the beginning of S1 and S2
sound as inputs. The proposed PCG-based model provided

good results in QT estimation, not statistically different
and statistically correlated with the reference QT interval
values obtained by directly measuring the QT intervals on
the simultaneous ECGs. The small errors between the
measured and estimated QT interval (on average ε=1ms;
ε%<0.5%) is much smaller than the standard variability
range (order of 10ms) observed when measuring
PCG/ECG landmarks in different electrocardiographic
leads, with different methods, and with different levels of
noise [5].
Previously, few studies in the literature tried to correlate
the PCG features with ECG features [14-17]. These works
raised the evidence that the assessment of the link between
electrocardiographic QT interval and phonocardiographic
features can be promising for the timely diagnosis of
coronary artery diseases. Thus, future studies will aim to
investigate the possibility to use our PCG/ECG combined
approach in the diagnosis of electrical diseases (such as
long QT syndrome) or mechanical diseases (such as
coronary artery diseases).

5.

Conclusion

The proposed regression model provides a reliable
estimation of the electrocardiographic QT interval from
phonocardiographic heart sounds in healthy subjects.
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