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Abstract

Signal decomposition is a computational technique that dissects a signal into

its constituent components, providing supplementary information. In this

study, the capability of two common signal decomposition techniques, includ-

ing wavelet-based and empirical mode decomposition, on preterm birth classi-

fication was investigated. Ten time-domain features were extracted from the

constituent components of electrohysterogram (EHG) signals, including EHG

subbands and EHG intrinsic mode functions, and employed for preterm birth

classification. Preterm birth classification and anticipation are crucial tasks

that can help reduce preterm birth complications. The computational results

show that the preterm birth classification obtained using wavelet-based

decomposition is superior. This, therefore, implies that EHG subbands

decomposed through wavelet-based decomposition provide more applicable

information for preterm birth classification. Furthermore, an accuracy of

0.9776 and a specificity of 0.9978, the best performance on preterm birth classi-

fication among state-of-the-art signal processing techniques, were obtained

using the time-domain features of EHG subbands.
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1 | INTRODUCTION

Information and signal processing plays a significant role
in several fields and applications, including finance, engi-
neering, biology, and medicine. A comprehensive insight
can be gained by manipulating and interpreting their
corresponding data using information and signal
processing techniques. For biomedical applications, in
particular, information and signal processing techniques
are applied to physiological and biomedical signals, that

is, time-series and images, and quantitative features and
computational measures that reveal underlying dynamics
or phenomena or specify the corresponding states of
physiological and biomedical systems are extracted. Con-
sequently, quantitative features and computational mea-
sures are employed to screen and diagnose health status,
disorders, and diseases. A better understanding of the
underlying dynamics or phenomena of physiological and
biomedical systems can also aid advanced treatment and
diagnosis.
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Several information and signal processing techniques
have been developed and derived from various theories
and concepts, including linear transforms, such as Fou-
rier and wavelet transforms, nonlinear transforms, such
as empirical mode decomposition (EMD), and complex
system and chaos theories, such as mutual information,
correlation integral, detrended fluctuation analysis, and
fractal analysis. One of the most fundamental processes
employed in information and signal processing tech-
niques is the decomposition of signals into their compo-
nents. Wavelet transforms, including discrete wavelet
transform (DWT) [1–4] and EMD [5], are decomposition
techniques that have been widely employed in various
applications, including biomedical signal processing and
analysis. In general, DWT provides a time-scale domain
representation, which is a desirable property compared
with Fourier transforms. Wavelet functions exhibit excel-
lent localization in both time and scale (equivalently, fre-
quency). Wavelet subbands are constituents of signals
obtained from wavelet-based decomposition. On the
other hand, EMD provides a computational method for
analyzing nonlinear and non-stationary signals [5].
Intrinsic mode functions (IMFs) are constituent compo-
nents of signals obtained from EMD.

Preterm or premature birth is a crucial health issue
affecting people worldwide. Preterm birth, defined by the
World Health Organization [6] as all births before
37 completed weeks of gestation [7], is a leading cause of
death among children under 5 years of age [7] and a
major health concern [8]. Preterm birth can cause several
health problems to babies, including short-term compli-
cations (e.g., breathing, heart, brain, blood, and immune
system problems) and long-term complications
(e.g., cerebral palsy, impaired cognitive skills, vision
problems, hearing problems, chronic health issues, and
behavioral and psychological problems) [8]. Common
causes of preterm birth include multiple pregnancies,
infections, and chronic conditions, such as diabetes and
high blood pressure [9]. Improving healthcare before,
between, and during pregnancies, providing effective
treatments and interventions, and identifying women at
risk of preterm delivery are key ways of reducing compli-
cations due to preterm birth [9,10].

Uterine activity monitoring is a procedure for
assessing fetal wellbeing and pregnancy conditions.
Three fundamental clinical techniques for monitoring
uterine activities are the use of a tocodynamometer
(TOCO), intrauterine pressure catheter (IUPC), and
electrohysterography (EHG) [11]. Furthermore,
tocodynamometer and intrauterine pressure catheter are
conventional devices for monitoring uterine activities,
while EHG is an emerging technique. A tocodynamometer
measures shape changes in the abdominal wall using a

gauge transducer [12] and determines the frequency of
contractions but not their intensity [11]. An intrauterine
pressure catheter, which is an invasive and current gold
standard, directly measures changes in intrauterine
pressure using transducer catheters [12].

Electrohysterogram, also called a uterine electromyo-
gram (EMG), measures the electrical activity of uterine
muscles through abdominal electrodes [12]. EHG is an
alternative technique for noninvasive assessment of uter-
ine contractions resulting from discontinuous bursts of
action potentials due to spontaneous electrical discharges
from uterine muscles [13–19]. EHG has a notable advan-
tage over conventional techniques, that is, the use of a
tocodynamometer and intrauterine pressure catheter.
Thus, EHG has been adopted as an alternative standard
in clinics [12] and utilized for noninvasive monitoring
and assessment of the uterine activity of pregnant
women [20,21]. Previous studies [13,17,20,22,23] have
reported that EHG can be processed and employed for
diagnosing labor more accurately than other conven-
tional techniques. In addition, EHG has a higher sensitiv-
ity for uterine contraction detection and can identify
more contractions than conventional techniques [24].
Also, EHG provides great capability for preterm labor
prediction [13,17].

Several information and signal processing techniques
have been applied to EHG data for various clinical appli-
cations such as uterine contraction detection, labor classi-
fication, preterm birth discrimination, and preterm birth
prediction. Furthermore, DWT and EMD are also signal
processing techniques applied for processing and manip-
ulating EHG signals. Quantitative features, which portray
underlying characteristics and behaviors associated with
physiological and clinical states, are subsequently
obtained. A variety of quantitative features including
time-domain features [25–33], frequency-domain
features [13,26,29,30–32,34–37], and nonlinear features
[13,26,29–31,34–37] are extracted from EHG data and
applied for EHG data processing. Quantitative features
are extracted from EHG signals through wavelet trans-
forms, that is, DWT and wavelet packet, and applied for
preterm birth classification [26,38,39] and labor classifi-
cation [13,34,40]. Likewise, EMD is applied for preterm
birth classification [27,28,41] and labor classification
[42]. It is shown in literature that the promising perfor-
mance on preterm birth classification and labor classifi-
cation can be obtained from several quantitative features
[13,27]. In addition to preterm birth classification and
labor classification, the correlation between gestational
age and quantitative features of corresponding EHG data
is investigated [25].

In this study, two most common and fundamental
signal decomposition techniques, that is, wavelet-based
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decomposition and EMD, are applied to decompose con-
stituent components of EHG signals for preterm birth
classification. The capability on preterm birth classifica-
tions of both signal decomposition techniques is investi-
gated and compared. Furthermore, ten common time-
domain features are quantitative features extracted from
constituent components of EHG signals obtained from
the wavelet-based decomposition and the EMD and
applied for preterm birth classification. Even though
time-domain features, which have been commonly
applied for extracting quantitative features of EMG sig-
nals are simple, time-domain quantitative features have
less computational complexity and require less computa-
tional time. In addition, time-domain features can pro-
vide information that is crucial and leads to excellent
performance in various applications such as classifica-
tion, regression, prediction, and detection. Sequential for-
ward selection [43,44], one of feature selection methods,
is applied for reducing a number of quantitative features
before preterm birth classification is performed using
support vector machines (SVMs).

2 | MATERIALS AND METHODS

2.1 | Discrete wavelet transform

The DWT is a representation of a signal using a
countably-infinite set of wavelets [45] that are corre-
spondingly a bandpass filter [46]. The DWT decomposes
a signal into approximation coefficients {al} and detail
coefficients {dl} using a scaling function and a wavelet
function that, respectively, correspond to halfband
lowpass filter and halfband highpass filter [46]. For each
single-level discrete wavelet decomposition, the approxi-
mation coefficients {al} are obtained by convolving the
approximation coefficients fal�1g corresponding to the
previous level with the time-reversed filter of halfband
lowpass filter followed by the downsampling. Similarly,
the detail coefficients {dl} are obtained by convolving the
approximation coefficients fal�1g with the time-reversed
filter of halfband highpass filter followed by the down-
sampling. The reconstruction of the original signal can
be accomplished by the reversed process.

At the level l, the approximation coefficients {al} can
therefore be expressed as [46]

al½n� ¼
X

k

al�1½k�h½k�2n�þ
X

k

dl�1½k�g½k�2n�: ð1Þ

Wavelet subbands corresponding to different spectral
subbands are obtained by applying a single set of approxi-
mation coefficients {al} or detail coefficients {dl} to

wavelet reconstruction. Wavelet subbands reconstructed
using approximation coefficients {al} are detail coeffi-
cients {dl} are referred to as xfalg and xfdlg, respectively.
For the wavelet-based decomposition, there are Lþ1
wavelet subbands that are xfd1g, xfd2g,…, xfdLg, and xfalg
obtained when the DWT is applied to decompose an orig-
inal signal into L levels.

2.2 | Empirical mode decomposition

The EMD is a computational algorithm that decom-
poses a signal into a finite set of oscillatory components
with decreasing frequencies, called IMFs [5,47,48]. The
sifting process, the core of EMD [5,47], is repetitively
applied to the residue yielded in the previous iteration
to decompose into an IMF and another residue. At
the kth iteration, the sifting process is performed as
follows [5,47]:

1. Determine local maxima λuf g and local minima λlf g
of the residue hk�1½n�.

2. Construct an upper envelope vu[n] and a lower enve-
lope vl[n] from the corresponding local maxima and
local minima, respectively, using an interpolation
technique.

3. Extract a local trend qk[n] referred to as an IMF by
computing an average between the upper and lower
envelopes, that is, qk½n� ¼ vu½n�þ vl½n�ð Þ=2.

4. Update the residue hk½n� ¼ hk�1½n��qk½n�.

Initially, at the first iteration, k¼ 1, the sifting process
is applied to the original signal x[n], that is, h0[n]= x[n].
The iteration is terminated when the number of zero
crossings and the number of extrema of successive local
trends remain no change [49]. Therefore, IMFs q1, q2,
…, qL are decomposed and obtained from L iterations of
the EMD.

2.3 | Electrohysterogram data

Electrohysterogram (EHG) data publicly available at the
Term-Preterm EHG Database [50] on the PhysioNet [51]
are examined in this study. The Term-Preterm EHG
Database contains 300 EHG recordings collected at the
Department of Obstetrics and Gynecology, Medical Cen-
tre Ljubljana Ljubljana [30,50] from 1997 to 2006. The
EHG recordings were recorded with the sampling rate of
20 Hz and 16-bit resolution from a general population of
pregnant women during regular check-ups either around
the 22nd week of gestation or around the 32nd week of
gestation [30,50].
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There are 38 EHG recordings obtained during preg-
nancy where delivery ended prematurely, that is, delivery
before or on the 37th week of gestation, and 262 EHG
recordings obtained during pregnancies where delivery
was on term, that is, delivery after the 37th week of gesta-
tion [30,50]. In this study, the EHG data are therefore
classified into two main classes: preterm birth (38 EHG
recordings) and term birth (262 EHG recordings). Three
channels of EHG recordings, referred to as s1, s2, and s3,
were obtained from four electrodes placed around the
navel [30,50].

2.4 | EHG signal processing and feature
extraction

For each channel of EHG recordings, a segment with
a length of 14400 samples, equivalently 720 s, is
obtained from the end of EHG signals. The
14400-sample EHG segments are decomposed using
two signal decomposition techniques, that is, wavelet-
based decomposition and EMD. For the wavelet-based
decomposition, the DWT is applied to decompose EHG
segments into four levels using the 6th order
Daubechies wavelets. Four detail coefficients, that is,
{d1}, {d2}, {d3}, and {d4}, and one approximation coeffi-
cient, that is, {a4}, are accordingly obtained. However,
only the detail coefficients {d2}, {d3}, and {d4} are fur-
ther applied. Three EHG wavelet subbands referred to
as x d2f g, x d3f g, and x d4f g corresponding to, respectively,
the detail coefficients {d2}, {d3}, and {d4} are reconstructed
and applied for the preterm birth classification. Similarly,
for the empirical mode decomposition, the sifting process
of EMD is applied to dissect EHG segments for four itera-
tions as four IMFs, that is, q1, q2, q3, and q4, plus the res-
idue are obtained. Only the EHG IMFs q2, q3, and
q4, respectively, obtained from the second, third, and
fourth iterations are applied for the preterm birth
classification.

Both EHG wavelet subbands x d2f g, x d3f g, and x d4f g and
EHG IMFs q2, q3, and q4 of EHG signals are divided into
3600-sample epochs with 50% overlap. Ten common
time-domain features including the root mean square
[52,53], the mean absolute value (MAV) [54], the wave-
form length (WL) [54], the variance [54,55], the ν-order
[54,55], the average amplitude change (AAC) [52], the
difference absolute standard deviation value [52], the log
detector [54,55], the zero crossing [54], and the slope sign
change (SSC) [54] are subsequently extracted from each
epoch of wavelet subbands and IMFs. Figures 1 and 2
illustrate the process of EHG signal processing and fea-
ture extraction using the wavelet-based decomposition
and the EMD, respectively.

2.5 | Preterm birth classification and
validation

For each epoch, there are 90 time-domain features
extracted from three EHG constituents, either wavelet
subbands {d2}, {d3}, and {d4} or IMFs q2, q3, and q4, of
three channels s1, s2, and s3 and formed into feature vec-
tors applied for preterm birth classification. A dimension
of feature space is reduced before applying for the pre-
term birth classification. The sequential forward selection
[43,44] that is a wrapper method [56] is used for the fea-
ture selection and dimensionality reduction as its objec-
tive function is to minimize a reciprocal of product of
sensitivity and specificity. The feature vector applied for
the preterm birth classification is therefore formed by the
selected time-domain features of EHG wavelet subbands
or EHG IMFs. The preterm birth classification is per-
formed using SVM as a binary classifier that classifies the
feature vectors into either the preterm birth class, that is,
the positive class, or the term birth class, that is, the neg-
ative class. The kernel function used for training SVMs is
the radial basis function. The standardization is also

F I GURE 1 A process of electrohysterogram (EHG) signal

processing and feature extraction using the wavelet-based

decomposition
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applied for the SVMs. All computational experiments
were performed by using MATLAB R2020a running on a
MacBook Pro with a 2.6-GHz Dual-Core Intel Core i5
processor and 8-GB memory.

For the evaluation of preterm birth classifications, the
10-fold cross validation is applied. Furthermore, the vali-
dation is randomly and repeatedly performed for multiple
times. The performance of preterm birth classifications is
determined using the accuracy (Ac), sensitivity (Se), spec-
ificity (Sp), and F1-score, defined as [57]

Ac¼ TPþTN
TPþTNþFPþFN

, ð2Þ

Se¼ TP
TPþFN

, ð3Þ

Sp¼ TN
TNþFP

and ð4Þ

F1-score¼ TP
TPþ 1

2 FPþFNð Þ , ð5Þ

respectively, and also the product of sensitivity and speci-
ficity (S � S) given by [33,38]

S�S¼ TP
TPþFN

� TN
TNþFP

, ð6Þ

where TP, TN, FP, and FN denote a number of true posi-
tives, a number of true negatives, a number of false posi-
tives, and a number of false negatives, respectively.

3 | RESULTS

3.1 | Characteristics of EHG constituent
components

Characteristics of constituent components of EHG seg-
ments, that is, EHG subbands xfd2g, xfd3g and xfd4g and
EHG IMFs q2, q3, and q4, decomposed and obtained from
the wavelet-based decomposition and the EMD are
depicted using power spectral density. Figure 3A com-
pares the average power spectral densities of EHG sub-
bands xfd2g, xfd3g, and xfd4g associated with the preterm
birth class that are, respectively, plotted in blue, orange,
and yellow. The average power spectral densities of EHG
subbands xfd2g, xfd3g and xfd4g associated with the termF I GURE 2 A process of EHG signal processing and feature

extraction using the empirical mode decomposition

F I GURE 3 Comparison of average power spectral densities of

EHG subbands xfd2g (plotted in blue), xfd3g (plotted in orange), and

xfd4g (plotted in yellow) associated with the preterm birth and term

birth classes: (A) preterm birth class and (B) term birth class
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birth class are compared in Figure 3B. It can be observed
that there are considerable differences between the power
spectral densities of EHG subbands associated with the
preterm birth class and those associated with the term
birth class.

Likewise, the average power spectral densities of
EHG IMFs q2, q3 and q4 associated with the preterm
birth class, respectively, plotted in blue, orange, and yel-
low are compared in Figure 4A. The average power spec-
tral densities of EHG IMFs q2, q3 and q4 associated with
the term birth class are compared in Figure 4B. For both
the preterm birth and term birth classes, the power of
EHG segments is dominant by the EHG IMF q4. In gen-
eral, the power spectral densities of EHG IMFs q2, q3,
and q4 are remarkably different from those of EHG sub-
bands xfd2g, xfd3g, and xfd4g.

3.2 | Performance on preterm birth
classification

From the sequential forward selection, the number of
time-domain features of EHG subbands xfd2g, xfd3g, and
xfd4g selected and applied for the preterm birth classifica-
tion ranges from 9 to 11. The average number of selected
time-domain features of EHG subbands is 10.10. Overall,
there are 35 out of 90 time-domain features of EHG sub-
bands that are selected and applied for the preterm birth
classification. The time-domain features of EHG sub-
bands that are selected with a rate of selection greater
than or equal to 0.5 are summarized in Table 1. The
time-domain features of EHG subbands primarily
selected and applied for the preterm birth classification
include the SSC, the zero crossing, the log detector, the
MAV, and the WL. All three EHG subbands, that is,
xfd2g, xfd3g, and xfd4g, and all three channels, that is, s1,
s2, and s3, are applied for the preterm birth classification.

The number of time-domain features of EHG IMFs
q2, q3, and q4 selected and applied for the preterm birth
classification ranges from 10 to 15. The average number
of selected time-domain features of EHG IMFs is 12.56.
There are 45 out of 90 time-domain features of EHG
IMFs that are selected and applied for the preterm birth
classification. Table 1 also summarizes the time-domain
features of EHG IMFs that are selected with a rate of
selection greater than or equal to 0.5. The time-domain
features of EHG IMFs primarily selected and applied for
the preterm birth classification include the WL, the SSC,
the log detector, the MAV, and the zero crossing. In addi-
tion, all three EHG IMFs, that is, q2, q3, and q4, and all
three channels, that is, s1, s2, and s3, are applied for the
preterm birth classification.

The performance on preterm birth classifications
using the selected time-domain features of EHG sub-
bands and the selected time-domain features of EHG
IMFs is summarized in Table 2. The accuracy, sensitivity,
specificity, F1-score, and product of sensitivity and speci-
ficity of preterm birth classification using the selected
time-domain features of EHG subbands are, respectively,
0.9776, 0.8383, 0.9978, 0.9047, and 0.8365 while the accu-
racy, sensitivity, specificity, F1-score, and product of sen-
sitivity and specificity of preterm birth classification
using the selected time-domain features of EHG IMFs are
0.9619, 0.7030, 0.9995, 0.8238, and 0.7026, respectively.

4 | DISCUSSION

From the computational results, it is shown that the
wavelet-based decomposition dissects EHG signals into
constituent components corresponding to certain

F I GURE 4 Comparison of average power spectral densities of

EHG intrinsic mode functions q2 (plotted in blue), q3 (plotted in

orange), and q4 (plotted in yellow) associated with the preterm

birth and term birth classes: (A) preterm birth class and (B) term

birth class

JANJARASJITT 831



localized spectral subbands. The constituent components
of EHG signals, that is, IMFs, obtained from the EMD
are on the other hand associated with substantially over-
lapped spectral components. The EHG signals
corresponding to channels s1 and s2 are evinced to con-
tain crucial information more desirable for preterm birth
classification than the EHG signals corresponding to
channel s3. Furthermore, the EHG constituent

components corresponding to higher spectral frequen-
cies, that is, the EHG subbands xfd2g and xfd3g or the
EHG IMFs q2 and q3, tend to provide information appli-
cable for preterm birth classification. A number of time-
domain features of EHG subbands selected and applied
for preterm birth classification is less than a number of
time-domain features of EHG IMFs. The SSC, the zero
crossing, and the log detector are primary time-domain
features of EHG components, which are common for
both the wavelet-based decomposition and the EMD,
selected and applied for preterm birth classification.

In general, the wavelet-based decomposition is the
signal decomposition technique that yields the better per-
formance on preterm birth classification compared with
the EMD. All five performance metrics, that is, accuracy,
sensitivity, specificity, F1-score, and product of sensitivity
and specificity, of preterm birth classification using the
selected time-domain features of EHG subbands obtained
through the wavelet-based decomposition are in general
greater than 0.80. In particular, the accuracy, F1-score,
and product of sensitivity and specificity obtained from

TAB L E 1 Selected time-domain features of EHG constituent components

Decomposition
Rate of
selection Feature

Channel
(component)

Wavelet-based 0.9400 Slope sign change s2 (xfd4g)

decomposition 0.8800 Zero crossing s1 (xfd2g)

0.8000 Zero crossing s3 (xfd3g)

0.7400 Mean absolute value s2 (xfd2g)

0.7000 Zero crossing s2 (xfd2g)

0.7000 Slope sign change s2 (xfd2g)

0.6500 Log detector s1 (xfd2g)

0.6000 Waveform length s3 (xfd3g)

0.6000 Log detector s1 (xfd3g)

0.6000 Slope sign change s1 (xfd3g)

0.6000 Slope sign change s2 (xfd3g)

Empirical mode 1.0000 Slope sign change s2 (q2)

decomposition 0.8600 Waveform length s1 (q2)

0.8250 Log detector s3 (q2)

0.8000 Slope sign change s1 (q2)

0.7667 Waveform length s2 (q2)

0.7000 Waveform length s1 (q4)

0.7400 Slope sign change s3 (q3)

0.6000 Mean absolute value s1 (q2)

0.6000 Waveform length s2 (q3)

0.6000 Log detector s2 (q2)

0.6000 Zero crossing s1 (q3)

TAB L E 2 Performance on preterm birth classifications

Performance

Decomposition

Wavelet-based Empirical mode
decomposition decomposition

Accuracy 0.9776 0.9619

Sensitivity 0.8383 0.7030

Specificity 0.9978 0.9995

F1-score 0.9047 0.8238

Product of sensitivity
and specificity

0.8365 0.7026
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the preterm birth classification using the selected time-
domain features of EHG subbands compared with those
using the selected time-domain features of EHG IMFs
are, respectively, 0.9776 compared with 0.9619, 0.9047
compared with 0.8238, and 0.8365 compared with 0.7026.

Table 3 compares the performance on preterm birth
classifications reported in recent studies examining the
same set of EHG data [50]. The best performance metrics
including accuracy, sensitivity, specificity, F1-score, and
product of sensitivity and specificity obtained from the
preterm birth classifications are written in bold. Remark
that there are some different setups and settings on
computational experiments in each study. The accuracy,
F1-score, and product of sensitivity and specificity on
preterm birth classification ranges from 0.90 to 0.9776,
0.9047, and 0.9366, and 0.7644 to 0.9254, respectively.
The best product of sensitivity and specificity on preterm
birth classification reported is 0.9254 (0.9508 � 0.9733)
that is achieved by applying both the EMD and the wave-
let packet decomposition, another computational method
based on wavelet analysis [27]. In addition, in Acharya
and others [27], the adaptive synthetic sampling
approach (ADASYN) [60] is employed to balance
between the number of positive class, that is, preterm
birth, and the number of negative class, that is, term
birth. Four distinct time-domain features, namely, MAV,
AAC, difference in absolute standard deviation value,
and log detector extracted from four IMFs of EHG epochs
[28] were shown to provide the best F1-score, that is,
0.9366. The best accuracy on preterm birth classification
that is 0.9776 is however achieved using the selected
time-domain features of EHG subbands as reported in
this study.

5 | CONCLUSION

This study focuses on examining two most common signal
decomposition techniques, that is, the wavelet-based
decomposition and the EMD and also their application on
EHG signal processing for preterm birth classification.
From the computational results, it is shown that the per-
formance on preterm birth classification using the selected
time-domain features of constituent components obtained
from the wavelet-based decomposition, that is, EHG sub-
bands, is better than that using the selected time-domain
features of constituent components obtained from the
EMD, that is, EHG IMFs. Therefore, the computational
results suggest that the wavelet-based decomposition is
the signal decomposition technique better suited for dis-
secting EHG signals, which are further applied for pre-
term birth classification compared with the EMD.

The computational results also imply that the EHG
constituent components corresponding to higher spectral
frequencies obtained from either the wavelet-based
decomposition, that is, EHG subbands xfd2g and xfd3g, or
the EMD, that is, EHG IMFs q2 and q3 provide informa-
tion applicable for preterm birth classification as they are
more frequently selected and applied for preterm birth
classification. The SSC, the zero crossing, and the log
detector are found to be the main time-domain features
of constituent components of EHG signals, either EHG
subbands or EHG IMFs, applicable for preterm birth clas-
sification. Furthermore, the number of time-domain fea-
tures of EHG subbands required for preterm birth
classification is approximately 10 selected out of 90 time-
domain features of EHG subbands using the sequential
forward selection.

TAB L E 3 Comparison of performance on preterm birth classifications using the state-of-the-art techniques

Ref. Authors

Performance

Accuracy Sensitivity Specificity F1-score S � S

Current study (Wavelet-based
decomposition)

Janjarasjitt 0.9776 0.8383 0.9978 0.9047 0.8365

Current study (Empirical mode
decomposition)

Janjarasjitt 0.9619 0.7030 0.9950 0.8238 0.7026

[21] Maner et al. 0.9200 - - - -

[26] Peng et al. 0.9200 0.8800 0.9600 - 0.8448

[27] Acharya et al. 0.9625 0.9508 0.9733 - 0.9254

[28] Janjarasjitt 0.9382 0.9130 0.9634 0.9366 0.8796

[31] Fergus et al. - 0.9600 0.9000 - 0.8640

[32] Fergus et al. - 0.9100 0.8400 - 0.7644

[33] Hemthanon and Janjarasjitt 0.6667 0.7895 0.6503 - 0.5134

[58] Kaleem et al. 0.9600 - - - -

[59] Hussain et al. 0.9000 0.8900 0.9100 - 0.8099
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In general, the performance on preterm birth classifi-
cation achieved in this study using time-domain features
of constituent components of EHG signals obtained from
both common signal decomposition techniques are excel-
lent and superior to most of computational techniques
that are the state-of-the-art. The better performance on
preterm birth classification is obtained when the signal
decomposition techniques applied to EHG signals before
the time-domain features are extracted. The selected
time-domain features of EHG subbands applied provides
the best accuracy and specificity on preterm birth
classification that are, respectively, 0.9776 and 0.9978. In
addition, the sensitivity, the F1-score, and the product of
sensitivity and specificity achieved are 0.8383, 0.9047,
and 0.8365, respectively.

ACKNOWLEDGMENTS
This work is supported by a TRF Research Career
Development Grant, jointly funded by the Thailand
Research Fund (TRF) and the Ubon Ratchathani
University, under the Contract No. RSA6180041.

CONFLICT OF INTEREST
The author declares no potential conflict of interests.

ORCID
Suparerk Janjarasjitt https://orcid.org/0000-0002-0252-
8795

REFERENCES
1. A. Grossman and J. Morlet, Decomposition of hardy functions

into square integrable wavelets of constant shape, SIAM
J. Math. Anal. 15 (1984), 723–736.

2. I. Daubechies, Orthonormal bases of compactly supported wave-
lets, Commun. Pure Appl. Math. 41 (1988), 909–996.

3. S. G. Mallat, A theory for multiresolution signal decomposition:
the wavelet representation, IEEE Trans. Pattern Anal. Mach.
Intell. 11 (1989), 674–693.

4. I. Daubechies, Ten lectures on wavelets, Society for industrial
and applied mathematics, PA, USA, 1992. https://doi.org/10.
1137/1.9781611970104

5. N. E. Huang, Z. Shen, S. R. Long, M. C. Wu, H. H. Shih, Q.
Zheng, N.-C. Yen, C. C. Tung, and H. H. Liu, The empirical
mode decomposition and the Hilbert spectrum for nonlinear and
non-stationary time series analysis, Proc. Royal Soc. A 454
(1998), 903–995.

6. WHO, WHO: recommended definitions, terminology and format
for statistical tables related to the perinatal period and use of a
new certificate for cause of perinatal deaths, Acta Obstetricia et
Gynecologica Scandinavica 56 (1976), 247–253.

7. H. Blencowe, S. Cousens, D. Chou, M. Oestergaard, L. Say,
A. -B. Moller, M. Kinney, and J. Lawn, Born too soon: the
global epidemiology of 15 million preterm births, Reproductive
Health 10 (2013), S2.

8. Mayo Clinic, Premature birth, 2021. https://www.mayoclinic.
org/diseases-conditions/premature-birth/symptoms-causes/
syc-20376730

9. World Health Organization, Preterm birth, 2018. https://www.
who.int/news-room/fact-sheets/detail/preterm-birth

10. Centers for Disease Control and Prevention, Preterm birth,
2020. https://www.cdc.gov/reproductivehealth/
maternalinfanthealth/pretermbirth.htm

11. T. Y. Euliano, M. T. Nguyen, S. Darmanjian, S. P. McGorray,
N. Euliano, A. Onkala, and A. R. Gregg, Monitoring uterine
activity during labor: a comparison of 3 methods, Am.
J. Obstetrics Gynecology 208 (2013), 66.e1–e6.

12. K. Thijssen, M. Vlemminx, M. Westerhuis, J. P. Dieleman,
M. B. Van der Hout-Van der Jagt, and S. G. Oei, Uterine moni-
toring techniques from patients’ and users’ perspectives, AJP
Reports 8 (2018), e184–e191.

13. F. Jager, S. Libenšek, and K. Geršak, Characterization and
automatic classification of preterm and term uterine records,
PLoS ONE 13 (2018), e0202125.

14. C. Marque, J. M. Duchene, S. Leclercq, G. S. Panczer, and J.
Chaumont, Uterine EHG processing for obstetrical monitoring,
IEEE Trans. Biomed. Eng. 333 (1986), 1182–1187.

15. C. Buhimschi, M. B. Boyle, and R. E. Garfield, Electrical
activity of human uterus during pregnancy as recorded from the
abdominal surface, Obstet. Gynecol. 90 (1997), 102–111.

16. I. Verdenik, M. Pajntar, and B. Leskosek, Uterine electrical
activity as predictor of preterm birth in women with preterm
contractions, Eur. J. Obstet. Gynecol. 95 (2001), 149–153.

17. W. L. Maner, R. E. Garfield, H. Maul, G. Olson, and G. Saade,
Predicting term and preterm delivery with transabdominal
uterine electromyography, Obstetrics Gynecology 101 (2003),
1254–1260.

18. H. de Lau, C. Rabotti, H. P. Oosterbaan, M. Mischi, and
G. S. Oei, Study protocol: PoPE-prediction of preterm delivery by
electrohysterography, BMC Pregnancy Childbirth 14
(2014), 192.

19. C. Rabotti and M. Mischi, Propagation of electrical activity in
uterine muscle during pregnancy: a review, Acta Physiologica
213 (2015), 406–416.

20. H. Leman, C. Marque, and J. Gondry, Use of the
electrohysterogram signal for characterization of contractions
during pregnancy, IEEE Trans. Biomed. Eng. 46 (1999), 1222–
1229.

21. W. L. Maner and R. E. Garfield, Identification of human
term and preterm labor using artificial neural networks on uter-
ine electromyography data, Ann. Biomed. Eng. 35 (2007),
465–473.

22. M. Lucovnik, W. L. Maner, L. R. Chambliss, R. Blumrick, J.
Balducci, Z. Novak-Antolic, and R. E. Garfield, Noninvasive
uterine electromyography for prediction of preterm delivery, Am.
J. Obstetrics Gynecology 204 (2011), 228.e1–10.

23. C. K. Marque, J. Terrien, S. Rihana, and G. Germain, Preterm
labour detection by use of a biophysical marker: the uterine elec-
trical activity, BME Pregnancy Childbirth 7 (2007), S5.

24. M. W. C. Vlemminx, K. M. J. Thijssen, G. I. Bajlekov, J. P.
Dieleman, M. B. Van der Hout-Van der Jagt, and S. G. Oei,
Electrohysterography for uterine monitoring during term labour
compared to external tocodynamometry and intra-uterine

834 JANJARASJITT

https://orcid.org/0000-0002-0252-8795
https://orcid.org/0000-0002-0252-8795
https://orcid.org/0000-0002-0252-8795
https://doi.org/10.1137/1.9781611970104
https://doi.org/10.1137/1.9781611970104
https://www.mayoclinic.org/diseases-conditions/premature-birth/symptoms-causes/syc-20376730
https://www.mayoclinic.org/diseases-conditions/premature-birth/symptoms-causes/syc-20376730
https://www.mayoclinic.org/diseases-conditions/premature-birth/symptoms-causes/syc-20376730
https://www.who.int/news-room/fact-sheets/detail/preterm-birth
https://www.who.int/news-room/fact-sheets/detail/preterm-birth
https://www.cdc.gov/reproductivehealth/maternalinfanthealth/pretermbirth.htm
https://www.cdc.gov/reproductivehealth/maternalinfanthealth/pretermbirth.htm


pressure catheter, Eur. J. Obstetrics Gynecol. Reprod. Biol. 215
(2017), 197–205.

25. C. Hemthanon, and S. Janjarasjitt, Correlation between
time-domain features of electrohysterogram data of pregnant
women and gestational age. In: K. P. Lin, R. Magjarevic, and P.
de Carvalho (eds.), Future trends in biomedical and health
informatics and cybersecurity in medical devices. vol. 74,
Springer, Cham, 2020.

26. J. Peng, D. Hao, L. Yang, M. Du, X. Song, H. Jiang, Y. Zhang,
and D. Zheng, Evaluation of electrohysterogram measured from
different gestational weeks for recognizing preterm delivery: a
preliminary study using random forest, Biocybern. Biomed.
Eng. 40 (2020), 352–362.

27. U. R. Acharya, V. K. Sudarshan, S. Q. Rong, Z. Tan, C. M.
Lim, J. E. Koh, S. Nayak, and S. Bhandary, Automated detec-
tion of premature delivery using empirical mode and wavelet
packet decomposition techniques with uterine electromyogram
signals, Comput. Bio. Med. 85 (2017), 33–42.

28. S. Janjarasjitt, Preterm-term birth classification using
EMD-based time-domain features of single-channel
electrohysterogram data, Phys. Eng. Sci. Med. 44 (2021), 1151–
1159. https://doi.org/10.1007/s13246-021-01051-w

29. J. Mas-Cabo, Y. Ye-Lin, J. Garcia-Casado, A. Díaz-Martinez, A.
Perales-Marin, R. Monfort-Ortiz, A. Roca-Prats, A. L�opez-
Corral, and G. Prats-Boluda, Robust characterization of the
uterine myoelectrical activity in different obstetric scenarios,
Entropy 22 (2020), 743.

30. G. FeleŽorž, G. Kavšek, Z. Novak-Antolič, and F. Jager, A
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