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Abstract
Non-invasive electrohysterogram (EHG) could be a promising technique for the preterm birth prediction, which could enable 
us to diagnose the preterm birth before the labor and reduces the infant mortality and morbidity. Previous studies on the 
preterm birth prediction with EHG have conducted comprehensive researches on various signal features and classification 
algorithms, but most of them adopted prefilters based on the linear transforms using fixed basis function, although they are 
suboptimal for the nonlinearity and nonstationarity of the EHG signal. In this paper, multivariate empirical mode decom-
position (MEMD) is applied to decompose the electrical activity signal measured on the uterus. After the decomposition, 
features are calculated for the corresponding oscillations to the uterine contraction. To investigate the performance of the 
features, three-channel EHG signals of 254 patients (224 term, 30 preterm) are chosen among 300 patients from Physionet 
term-preterm electrohysterogram (TPEHG) database to extract features from the EHG signals and classify the features using 
machine learning algorithms. Classification results shows that the proposed method with MEMD achieved 94.66% correctly 
classified rate (CCR) and 0.987 area under the curve (AUC), which outperformed those with IIR filter implying MEMD 
provides a new prospect to improve the current preterm birth prediction approach.

Keywords Preterm birth detection · EHG · Uterine EMG · Machine learning classification · NA-MEMD

1 Introduction

Preterm birth costs lives as well as healthcare expenses. 
It is the major problem in obstetrics, which is responsible 
for 70% of the perinatal mortality and morbidity of surviv-
ing preterm infants [1–3]. Even though the prediction of 
the preterm birth in the early labor is crucial, it is currently 

inaccurate, resulting in more than a million deaths of new-
borns each year and wasting a massive healthcare expense 
due to false diagnosis [1, 4, 5]. Therefore, reliable prediction 
on preterm birth is imperative for well-beings of preterm 
infants and saving millions of healthcare costs.

Electrohysterogram (EHG), also known as uterine elec-
tromyography (EMG) or measures the electrical activity 
of myometrium, characterized by slow fluctuations with 
a period identical to the that of uterine contractions and 
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high amplitude, superimposed by the fast wave with lower 
amplitude [6, 7]. EHG can be measured either by inter-
nally using wire electrodes or balloon catheter, or exter-
nally using non-invasive Ag/AgCl electrodes applied to 
abdomen. External EHG is more preferred in human pre-
term birth studies for obvious reasons owing to its con-
venience, and only the external EHG will be referred in 
this paper, unless stated otherwise. EHG allows simple and 
accurate detection of uterine contractions and intrauterine 
pressure (IUP), which is as effective as tocodynamometry 
or even IUP catheter [3]. Rabotti et al. estimated IUP by 
myometrium electromechanical modeling using EHG, and 
Rooijakkers et al. proposed a low-complexity method for 
IUP estimation based on Teager energy estimation [8, 9].

A conventional approach to process the uterine EMG 
signal is to prefilter the signal and extract the relevant 
time or frequency-domain features for the classification 
of the term/preterm pregnancy [7, 10–30]. Features used 
in those studies included time-domain (root mean square 
(RMS), variance, temporal moment and log detector) 
and frequency-domain features (mean frequency, spec-
tral moment and frequency ratio), as well as linear (peak 
frequency) and nonlinear features (median frequency, 
approximate entropy, sample entropy and maximal Lyap-
nov exponent). Validation of the feature extraction tech-
niques for the term/preterm separation was typically con-
ducted using statistical hypothesis tests or classification 
algorithms. Student’s t test, Chi square test, Fisher test 
and Mann–Whitney test were applied for the hypothesis 
test [12, 15, 19]. Classification algorithms include sup-
port vector machine, artificial neural network, K-nearest, 
decision tree and Parzen classifier [10, 14, 16, 22, 27–30].

Although most EHG signals are multichannel data, 
many of previous studies on preterm labor detection 
applied single channel analysis on each channel. Fergus 
et al. used only the third channel among three-channel 
data, and Alamedine et al. also used only one channel 
among twelve bipolar channels [16, 25]. Fele-Zorz et al., 
Sim et al. and Baghamoradi et al. analyzed and processed 
each channel separately, that is, they dealt with a set of 
independent single-channel data [14, 15, 18]. On the other 
hands, a number of studies exploited spatial information of 
the multichannel data to extract spatiotemporal features. 
Lucovnik et al. and Lau et al. investigated multichannel 
analysis of the EHG conduction velocity, firstly intro-
duced by Rabotti et al., and they found that the conduction 
velocity can be used as a predictor for imminent preterm 
delivery [23, 31, 32]. Lucovnik et al. used the conduction 
velocity and the peak frequency of EHG to predict the 
preterm delivery within 7 days with 0.96 area under curve 
(AUC) [23]. Lau et al. analyzed the conduction velocity 
from 64-channel EHG database and found the patients who 
delivered within 24 h had higher average amplitude of the 

conduction velocity vector compared to the non-labor 
patients (p-value less than 0.01) [31].

Despite these extensive studies on the analysis of the uter-
ine EMG, an accurate detection of the preterm birth using 
EMG signals is still a challenging task [3]. The difficulty 
of the preterm birth prediction is due to uncertainties about 
the changing process of EHG from pregnancy to labor, the 
selection of contractions used for analysis, strong variability 
among subjects, low amplitude of the signal, corruption by 
interferences and movements and etc. [33]. Furthermore, 
nonlinearity and nonstationarity of the uterine EMG signals 
make its processing and analysis even harder [34, 35]. Fou-
rier and wavelet transform commonly used for the analysis of 
biosignals are suboptimal due to its linearity and stationarity 
assumption of signals using the fixed basis functions [36]. 
Nevertheless, most current studies have relied on the Fourier 
analysis to extract the uterine electrical activity from the raw 
EMG data [7, 11–16, 18–26, 38–40].

The studies using the Fourier analysis typically applied 
bandpass filters on the raw EMG signal, whose frequency 
passband varied widely. Figure 1 shows the frequency bands 
of preprocessing bandpass filters used in the previous studies 
on uterine EMG, which shows there is no globally accepted 
frequency band for prefiltering. Garfield et al. and Lucovnik 
et al. used a frequency band as narrow as 0.34–1 Hz, while 
many other studies used broader bands like 0.05–1.5 Hz, 
0.1–3 Hz, 0.34–3 Hz, 0.08–4 Hz, 0.1–4 Hz, 0.2–8 Hz, 
and 0.3–50 Hz [7, 12, 13, 19–21, 26]. Moreover, different 
research groups used prefilters of different frequency bands 
for the analysis of the same database. For instance, term and 
preterm electrohysterogram (TPEHG) data from the Physio-
net database have been investigated using several prefilters 
of different frequency bands [18]. The database provides 
three prefiltered data sets with different frequency ranges 
(0.08–4 Hz, 0.3–3 Hz, and 0.3–4 Hz), obtained using the 
same raw uterine EMG data. There have been a number of 
studies on the classification of term and preterm birth using 
the Physionet database, which suggested different frequency 
bands yielding the best results. Fele-Zorz et al. applied Stu-
dent’s t-test on seven features (RMS, peak frequency, median 
frequency, autocorrelation zero-crossing, maximal Lyapu-
nov exponent, correlation dimension and sample entropy) 
extracted from the three prefiltered signals and found that 
0.3–3 Hz filtered data yielded the best separation perfor-
mance [18]. Sim et al. and Naeem et al. also produced the 
best performance using 0.3–3 Hz filtered data, with 29 fea-
tures (integrated EMG, Log detector, temporal moments, 
spectral moments, frequency ratio, approximated entropy, 
amplitude adjusted Fourier transform, etc.) and four separa-
tion/classification techniques (Mann–Whitney test, Kohonen 
self-organizing network, feed-forward back propagation 
network and trainable cascade-forward back propagation 
network) [15, 17]. On the other hand, the data filtered in 
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0.08-3 Hz achieved the best performance by Baghamoradi 
et al. using ceptral analysis and multilayer perceptron neural 
network [14]. The disagreement on the optimal frequency 
band for the classification between term and preterm EMG 
might be owing to the lack of sophisticated investigation 
of the significant frequency components for the different 
choices of the features and classification methods. Even 
so, a different approach on the frequency analysis which 
is more suitable for nonlinear and nonstationary signals 
should be considered. A previous study on EHG using non-
stationary analysis introduced bivariate piecewise station-
ary pre-segmentation (bPSP) to improve the performance of 
standard synchronization measures, which shows increased 
accuracy of measures on uterine EMG signals [41]. Never-
theless, little research has been conducted on this issue in 
preterm labor detection, and most studies used the linear 
frequency decomposition methods based on Fourier and 
wavelet analysis.

In this paper, the optimal frequency components of 
each EHG feature for the best separation between term and 
preterm birth are investigated. Furthermore, we propose 
a novel approach to decompose the uterine EMG signals 
accounting for the nonlinearity and nonstationarity of the 
uterine electrical activity, in which the multivariate empiri-
cal mode decomposition (MEMD) is employed. MEMD is 
a multivariate extension of empirical mode decomposition 
(EMD), which is a fully data-driven time frequency analy-
sis especially applicable to the nonlinear and nonstationary 
signals [36, 42–45]. MEMD has already proven to be highly 
efficient in analyzing electroencephalogram (EEG), which 
also has the nonlinear and nonstationary properties [36, 37].

Moreover a study on preterm delivery detection using 
EMD achieved high classification accuracy and another 
study using MEMD showed that the classification using 
MEMD yields higher performance in compared to 

infinite impulse response (IIR) [46, 47] Therefore, it is 
expected that MEMD would accurately extract the true 
uterine electrical activity from the multichannel uterine 
EMG signals, which gives a new prospect to the current 
researches on preterm birth prediction by improving their 
prefiltering performance. This paper is organized as fol-
lows: Sect. 2 outlines the materials and methods of the 
proposed approach and Sect. 3 shows the results of feature 
extraction and their evaluations using machine learning 
classifiers. Section 4 presents discussions on the experi-
ment results and Sect. 5 summarizes and concludes the 
paper.

2  Materials and Method

2.1  Physionet TPEHG Database

The proposed algorithm was validated using the Physionet 
term preterm electrohysterogram (TPEHG) database [18]. 
The Physionet database contains uterine EMG recorded 
from 300 maternal patients (262 term and 38 preterm labor), 
as well as medical conditions (e.g. age, weight, etc.) of each 
patient. To remove outlying data, patients with abnormal 
medical conditions from the database, patients who agreed 
with the following clinical conditions were ruled out from 
most experiments in this study.

• Age over 40.
• Weight over 100 kg.
• Hypertension.
• Diabetes.
• Second trimester bleeding.
• Funneling.

Fig. 1  Frequency bands of pre-
processing bandpass filters used 
in the previous studies on uter-
ine EMG, which sows there is 
no globally accepted frequency 
band for prefiltering
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• Smoking.

In addition, two term patients whose signal is too short 
(less than six standard deviation) were also discarded to 
maintain consistent signal length in our database, since 
one of our analysis measures (i.e. approximate entropy) 
is sensitive to the changes in data length [48]. With our 
screening scheme of the subjects, 38 term patients and 8 
preterm patients were excluded, leaving 224 term and 30 
preterm patients. However, the patients with abnormal 
medical conditions can be strong candidates for preterm 
birth, as excluded patients have higher preterm birth rate 
than the remaining patients. Therefore, an experiment with-
out subject filtering has also been conducted in this study 
(see Fig. 6). Every subject has a three-channel data set of 
the uterine EMG signal recorded for about 30 min with a 
sampling frequency of 20 Hz. Figure 2 illustrates the aver-
aged power spectra of the raw signals of 254 recordings, 
where the noise due to the cardiac activity including its har-
monics from 1 Hz to 10 Hz is obvious in all channels. In 
order to remove the noise, analog three-pole Butterworth 
filter (0–5 Hz) was used prior to the sampling, and a digi-
tal Butterworth filter with different passbands (0.08–4 Hz, 
0.3–4 Hz and 0.3–3 Hz) were applied. The Physionet data-
base provides three prefiltered signals as well as a raw signal 
without the digital bandpass filtering. In this paper the raw 
signals were used, since we use MEMD as a prefilter.

2.2  Prefiltering Using Multivariate Empirical Mode 
Decomposition

1. Empirical mode decomposition (EMD): EMD decom-
poses a signal into a group of IMFs (intrinsic mode func-

tions), which satisfies two conditions: (1) the difference 
between the number of zero crossings and the number of 
extrema is less than two, (2) the mean of envelopes inter-
polating the local maxima and minima is approximately 
zero [36]. IMFs are narrow-band signals which allow the 
Hilbert transform to be applied to analyze its instanta-
neous frequency, which gives EMD a great advantage 
over the Fourier analysis [36]. Algorithm 1 outlines the 
process of the EMD algorithm [36]. EMD transforms the 
input signal into m IMFs, where m is determined by the 
distribution of frequency components of the signal itself. 
The inner loop of Algorithm 1 is a “sifting process” of 
EMD, where the mean of the upper and lower envelop 
is iteratively subtracted from the signal until it satisfies 
the two conditions defining IMF.

2. Multivariate empirical mode decomposition (MEMD): 
EMD provides an optimal time–frequency analysis for 
nonlinear and nonstationary signals. However, the origi-
nal EMD is not designed for multivariate data. If EMD 
is applied on each channel among the mutichannel sig-
nals, it cannot guarantee similar frequency properties of 
IMFs with the same order across the different channels 
(mode mixing problem) [36, 45]. MEMD is a multi-
variate version of the original EMD algorithm which 
solved the mode mixing problem by computing the mean 
envelop on K-dimensional projection space. Algorithm 2 
outlines the process of MEMD. MEMD decomposes 
n-dimensional multivariate data into m IMFs each of 
which has n dimensions. In comparison with applying 
EMD on each channel of the multivariate signals, apply-
ing MEMD results in amply aligned IMFs from different 
channels across the same frequency range [36]. In this 
study n = 3 since we have three channels, and for the 
stoppage criterion in the inner loop, the combination of 
EMD criteria is used as the previous studies [36].

3. Noise-assisted MEMD (NA-MEMD): To further reduce 
the mode mixing problem, an additional channel with 
white Gaussian noise can be augmented to the input sig-
nal. This approach is called NA-MEMD, which provides 
a better definition of frequency bands to the multivariate 
signal (Park et al. 2013). Algorithm 3 depicts the process 
of NA-MEMD. In the proposed method, a single white 
noise channel was added to the three-channel EHG sig-
nals (q = 1). The amplitude of the white noise was set to 
0.1 times of the standard deviation of the EHG signals 
amplitude from the database [49].

NA-MEMD decomposes EHG signals from the Physionet 
database into a set of 15–18 IMFs. Figure 3 shows 5th to 
16th IMFs using NA-MEMD, generated from 12-min length 
at the start of the uterine EMG signal from the Physionet 
database (Record ID: 572, channel 1). The figure shows that 
all IMFs except for the last one satisfy two conditions of 

Fig. 2  Averaged power spectra of the raw signals from the Physionet 
database, where the noise due to the cardiac activity including its har-
monics from 1 to 10 Hz is obvious in all channels
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IMFs; the average of each IMF is zero, and the oscillations 
of each IMF are centered around zero. Figure 4 shows the 
averaged power spectra of 18 IMFs generated from 254 EHG 

recordings. Figure 4a–p correspond to the first IMF (c1(t)) 
to the 16th (c16(t)), respectively. As shown in Fig. 4a–d, The 
first four IMFs correspond to the cardiac activity and the 

Fig. 3  Intrinsic mode functions 
generated from MEMD of a 
uterine EMG signal (Record ID: 
572, channel 1), from the 5th 
((a) c5(t)) to the 13th ((i) c13(t)) 
and sum of IMFs from c14(t) to 
c16(t). All the IMFs except for 
the last one satisfy two condi-
tions of IMFs; the average of 
each IMF is zero, and the oscil-
lation of each IMF are centered 
around zero

Fig. 4  The averaged power spectra of 16 IMFs generated from 254 EHG recordings, from the 1st ((a) c1(t)) to the 16th ((p) c16(t)). The first four 
IMFs correspond to the cardiac activity and the frequency bands of the rest of IMFs are estimated using lower and upper half power point
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frequency bands of the rest of IMFs (Fig. 4e–p) are esti-
mated using lower and upper half power point, which are 
denoted on the bottom of each subplot.

For comparative study, the infinite impulse response fil-
ters are applied to the uterine EMG signal. Fifth-order But-
terworth filter was used, and its frequency responses was 
optimized to maximize its performances. Both bandpass 
and lowpass filters were implemented and several choices 
of cutoff and passband frequencies were considered to find 
optimal IIR filtering.

2.3  Feature Extraction

Six features are used in this paper: root mean square (RMS), 
mean normalized frequency (fmean), peak frequency (fpeak), 
and median frequency (fmed), approximated entropy (ApEn), 
sample entropy (SampEn) which produces reliable results in 
previous studies [8, 14–18]. Features were calculated using 
full recording instead of using only contractile periods, 
except for 1.5-min segments at the start and the end of the 
signals which are discarded in order to remove the effect 
of bidirectional prefiltering [18]. Since we are dealing with 
three-channel signals, three of each feature were extracted 
from the signals.

1) Root mean square (RMS): RMS of a signal v(t) with 
length T is calculated as follows:

RMS is used to calculate the power of the EHG signals. 
RMS was found to be effective in detecting true labor, as it 
increases as the date of delivery approaches [18]. However, 
RMS has produced relatively poor performance in separating 
term and preterm birth [16, 18].

2) Mean normalized frequency (fmean): Mean normalized 
frequency is the average of frequency power, which is cal-
culated as follows:

P(f) is a power spectrum of v(t). fmean was used in preterm 
delivery detection by Naeem et al. [17].

3) Peak frequency (fpeak): Peak frequency is the frequency 
of the highest peak in the power spectrum of the given signal 
which can be defined as

fpeak is one of the most frequently used features for the 
studies of Physionet EHG database [15–18].

4) Median frequency (fmed): median frequency fmed is the 
frequency of the given signal that satisfies the following 

(1)RMS(v(t)) =

�
1

T

�

t=⟨T⟩
v2(t)

(2)fmean =
∫∞

−∞
fP(f )df

∫∞

−∞
P(f )df

(3)fpeak = argmaxf (P(f ))

equation. fmed is also a widely-used feature, and often used 
and compared with fpeak [15–19]. Fele-Zorz’s study on the 
Physionet EHG database shows that fmed yielded significant 
performance in separating term and preterm groups using 
prefiltered signals with passband frequencies of 0.3–3 Hz 
and 0.3–4 Hz [18]. 25,000-point Fourier transform was used 
as a spectral estimator for all frequency features (fmean, fpeak 
and fmed), which was used to investigate the low frequency 
components below 0.01 Hz.

5) Approximate Entropy (ApEn): Approximate entropy 
measures the unpredictability of the signal [50]. Fele-Zorz 
et al. have shown that EHG signals of preterm labor subjects 
have lower entropy which implies that the preterm labor sub-
jects have less complex uterine muscle activity, although the 
actual mechanism is unknown [18]. ApEn is calculated as

where Φη(r) corresponds to the unpredictability of the sig-
nal. The full definition of ApEn is well documented in the 
literature [50]. In the proposed method, downsampled signal 
with ratio of 20 was used for extraction of ApEn, and the 
parameters were η = 2 and r = 0.75 σ, where σ is the standard 
deviation of the downsampled signal. The size of the time 
window to calculate ApEn is 60 samples (3 s) with the given 
parameters.

6) Sample entropy (SampEn): While approximate entropy 
is a powerful nonlinear dynamical analysis with low com-
plexity, it leads to several inconsistencies. ApEn is heav-
ily dependent on the length of the signal and lacks relative 
consistency—a relative ordering of ApEn values is not con-
sistant for all conditions [48]. Sample entropy is another 
entropy analysis which is independent of the data size thus 
has improved accuracy, however, SampEn does not count 
self matches and is less computationally complex [48]. We 
used the same parameters in ApEn for extraction of SampEn.

2.4  Dataset Balancing

Since the bias of the database due to the different number 
of subjects (224 term vs. 30 preterm) could significantly 
degrade the classifier performance, resampling of the data-
base is necessary. While Sim et al. randomly subsampled 20 
recordings from each of the term and preterm group to form 
a balanced dataset, Fergus et al. applied the synthetic minor-
ity oversampling technique (SMOTE), where the minority 
group is oversampled by synthesizing the preterm record-
ings [15, 18]. SMOTE identifies k nearest neighbors of each 
minority sample xi(i = 1, 2, …, 30) in the sample space (k 
depends on the oversampling ratio) and synthesizes the k 
new samples by randomly relocating xi towards its nearest 
neighbors [51]. Figure 5 displays the features extracted from 
30 preterm subjects (red circles) along with the synthesized 
features generated using the preterm data (blue squares), 

(4)ApEn = ��(r) − ��+1(r)
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on the three scatterplots: (a) RMS and fmean, (b) fpeak and 
fmed, and (c) ApEn and SampEn. Note the highly similar 
features between the synthesized data and the real ones in 
all features.

2.5  Machine Learning Classification

Machine learning algorithms implemented using Weka 
[52] were applied to classify the term and preterm delivery 
groups. Three machine learning algorithms explained below 
were applied.

1. Random subspace (RandSub): RandSub uses multiple 
classifiers trained on randomly divided subspace of the 
original feature space [53]. Fast decision tree algorithm 
(REPtree) was used to train each of random subspaces 
[52].

2. Bagging predictor (Bagging): Bagging (bootstrap aggre-
gating) is a technique in which multiple versions of clas-
sifiers are generated and the final decision is made by 
aggregating all the outcomes of those classifiers. Aggre-
gation of the outcomes is typically done by their average 
or a plurality vote. Bagging reduces instability of the 
predictor by aggregation, and thus improves the clas-
sification accuracy [54].

3. Random forest (RandFor): RandFor is a decision tree-
based ensemble classifier in which multiple decision 
trees are trained and use the mode of outputs of those 
trees as a final output [56]. By aggregating multiple 
decision trees, random forest does not suffer from over-
fitting problem.

Figure 6 summarizes the flow of the proposed method. 
The diagram of the proposed method for the classification 
of the term and preterm groups, where thick flow lines indi-
cate the flow of the proposed method. First, abnormal sub-
jects among the TPEHG database were rejected based on 
the clinical data, and noise-assisted multivariate empirical 

decomposition (NA-MEMD) was applied to the signal to 
produce IMFs. Then, six features were extracted from the 
IMFs and classified using the three machine learning algo-
rithms. For comparative study, we have implemented our 
algorithm with different scenarios: with balanced subsam-
pling using 20 subjects per class, with only frequency fea-
tures or entropy features (ApEn and SampEn), with only 
the third channel of EHG signals, and without the subject 
filtering. The number of term and preterm labor subjects and 
channels are denoted next to the flow lines, and the figures 
shown in the end of flows display the result of each scenario

with different settings: with balanced subsampling 
using 20 subjects per class, with only frequency features or 
entropy features, with only the third channel of EHG signals, 
and without the subject filtering. The number of term and 
preterm labor subjects and channels are denoted next to the 
flow lines, and the figures shown in the end of flows display 
the result of each scenario.

3  Result

3.1  Optimal Frequency Components Selection 
for Each Feature

To maximize the classification accuracy, an optimal selec-
tion of the IIR filter was conducted for the best frequency 
components of each feature. A machine learning classifica-
tion algorithm (RandFor1) was used to decide the optimal 
frequency components decomposed using the IIR filter for 
each feature extraction. Figure 7 shows the correctly clas-
sified rates (CCRs) using the IIR lowpass and bandpass 
filtered (5th order Butterworth) signals, with varying the 
cutoff frequencies. Note that Fig. 7a–d are in mHz scale 

Fig. 5  Features extracted from 30 term subjects (red circles) and 194 synthetic data produced using SMOTE (blue squares). For visualization, 
six features are displayed on three scatterplots: a RMS and fmean, b fpeak and fmed, and c ApEn and SampEn

1 Overall, RandFor produced the best performance for the EHG fea-
tures using IIR filter, among the three algorithms in Sect. 2.5.



904 Journal of Electrical Engineering & Technology (2019) 14:897–916

1 3

Fig. 6  The diagram of the proposed method for the classification of 
the term and preterm groups, where thick flow lines indicate the flow 
of the proposed method. For comparative study we have implemented 
our algorithm with different settings: with balanced subsampling 
using 20 subjects per class, with only frequency features or entropy 

features, with only the third channel of EHG signals, and without the 
subject filtering. The number of term and preterm labor subjects and 
channels are denoted next to the flow lines, and the figures shown in 
the end of flows display the result of each scenario

Fig. 7  CCRs from the classification algorithm for IIR filtered (5th 
order Butterworth) signals. The leftmost columns of each figure indi-
cate CCRs using lowpass filters (fLow = 0 Hz) while the others indicate 
CCRs using bandpass filters. a RMS, b fmean, c fpeak, d fmed, e ApEn 

and f SampEn have maximum CCRs using 0.012–0.016 Hz (84.17%), 
0.001–0.019  Hz (80.63%), 0.009–0.01  Hz (90.09%), 0.01–0.015  Hz 
(91.05%), 0.5–0.9  Hz (82.70%), and 0.6–0.7  Hz (81.88%), respec-
tively
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while Fig. 7e–f are in Hz scale, since the optimal frequency 
components for RMS and frequency features were found 
in low frequency bands. The leftmost columns in each fig-
ure indicate CCRs using lowpass filters while the others 
indicate ones using bandpass filters. RMS, fmean, fpeak, fmed, 
ApEn and SampEn had maximum CCRs using the signals 
of 0.012–0.016 Hz (84.17%), 0.001–0.019 Hz (80.63%), 
0.009–0.01  Hz (90.09%), 0.01–0.015  Hz (91.05%), 
0.5–0.9 Hz (82.70%), and 0.6–0.7 Hz (81.88%), respectively. 
In order to take the nonlinearity and nonstationarity of the 
EHG signals into account, NA-MEMD was applied to our 
method instead of the IIR filter. To find the optimal set of 
IMFs decomposed using NA-MEMD, we assessed discrimi-
natory capacity of every individual IMF and every possible 
summation of consecutive IMFs, as defined as follows.

Ci, j represents a signal acquired by summing IMFs from 
the ith to the jth (i ≤ j). For each Ci, j, features were extracted 
and their performances were evaluated using the classifi-
cation algorithm (RandFor). Figure 8 visualizes the CCRs 
of the classification results using the six different features 
computed using Ci, j with different combinations of i and 
j, where CCR is the percentage of the correctly classified 
term or preterm labor subjects. Figure 8a–f correspond to 

(5)Ci,j =

j∑

s=i

cs(t)

the root mean square (RMS), fmean, fpeak, fmed, ApEn and 
SampEn, respectively. Each figure has 14 × 14 pixels, whose 
colors indicate CCRs calculated using the features. Maxi-
mum CCRs are denoted as black squares. RMS, fmean, fpeak, 
fmed, ApEn and SampEn had maximum CCRs using C6,13 
(85.00%), C8,13 (78.75%), C13,16 (89.78%), C13,16 (89.24%), 
C8,9 (84.75%), and C5,14 (84.97%), respectively. Note that 
the peak frequency and median frequency yielded signifi-
cantly higher CCRs around 90%, while the others are not 
higher than 85%. Frequency features, particularly the ones 
which have higher discriminatory capacity (fpeak and fmed), 
mostly used the high order of IMFs over the 10th, while 
the entropy features used relatively low order of IMFs. This 
implies that useful entropy features exist in high frequency 
components (5-14th, 0.002-0.657 Hz) of EHG signals while 
useful frequency features exist in lower frequency compo-
nents (9–15th, 0.001–0.052 Hz2), and similar results were 
found in those of IIR filter.

3.2  Very Low Frequency Oscillations

The results in Figs. 7 and 8 show that the optimal frequency 
components of each feature differ significantly. While the 
optimal frequency components of ApEn and SampEn are 
located at higher frequency bands (> 0.1 Hz), the ones 

Fig. 8  Visualization of the CCRs calculated by the machine learn-
ing algorithm (RandFor) using Ci, j. Maximum CCRs are denoted as 
black. a RMS, b fmean, c fpeak, d fmed, e ApEn and f SampEn have max-

imum CCRs using C6,13 (85.00%), C8,13 (78.75%), C13,16 (89.78%), 
C13,16 (89.24%), C8,9 (84.75%), and C5,14 (84.97%), respectively

2 Frequency information of the IMFs is shown in Fig. 4.
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corresponding to the frequency features and RMS were 
located at very low frequency bands (< 0.01 Hz). The fre-
quency and amplitude of the low frequency components 
matched those of the slow wave EMG, which represented 
the uterine contraction activities [6]. While previous stud-
ies could not find any separability between term and pre-
term birth in the slow wave EMG due to the heavy noise, 
the results in Figs. 7 and 8 demonstrates the sophisticated 
frequency component optimization and machine learning 
techniques could achieve high discriminatory capacity with 
the slow wave EMG. Section 4.1 addresses this issue in more 
detail.

3.3  Integrating Features and Frequency 
Optimization Using Gradient Descent

Even though the optimized features presented in the previous 
section yielded a decent classification performance, it could 
be improved by combining all six features. In this section we 
integrate those features and further optimize their frequency 
bands using gradient descent algorithm.

In Sect. 3.1 the machine learning classifier was applied 
on each individual feature. However, in this case the clas-
sifier was applied on the combined features. The optimal 
frequency components of the combined features

should be recalculated in this experiments since the 
classification performance would be different using all 
six features compared to the one using each individual 
feature. The optimal frequency components could not be 
calculated exhaustively due to an incalculable number of 

the combinations of the frequency components, hence we 
adopted a gradient descent algorithm where individually 
optimized frequency components were used as an initial 
value.

Let E(f1, f2, f3, f4, f5, f6) be the classification error rate 
where fu represents the frequency parameter (i.e. passband 
frequency components in IIR filtering or Ci, j in NA-MEMD) 
of u’th feature among the six features (RMS, fmean, fpeak, fmed, 
ApEn and SampEn). The gradient descent optimization of E 
can be expressed as recurrent form as follows.

�
u
l
 represents the frequency parameter in l’th iteration and 

α is the step size. We set the step size such that in each itera-
tion |||�

u
l+1

− �
u
l

||| would always be a constant. Algorithm 4 
describes the process of calculating optimized frequency 
parameters from the initial parameters in Figs. 7 and 8. The 
per-feature optimization and gradient descent optimization 
were performed using not only RandFor but also RandSub 
and Bagging classifier, although the results using only Rand-
For were displayed in Figs. 7 and 8. Table 1 lists the classi-
fiers with the highest performances using with their optimal 
frequency parameters for the six features, calculated using 
the gradient descent algorithm. In order to test the generali-
zation performance, the repeated ten-fold cross-validation 
(CV) was applied, where the ten-fold CV was iterated for 30 
times to acquire sufficient results for the statistical signifi-
cance test (paired t-test) on CCRs and AUCs between 

(6)�
u
l+1

= �
u
l
− �

�

��u
E
(
�
1, �2, �3, �4, �5, �6

)

Table 1  Classification performances using all the optimal frequency components for each feature, where RandSub produced the best results for 
NA-MEMD and RandFor for the IIR filter

Optimal IMFs and bands were decided using the gradient decent optimization, yielding the best performance. Using both NA-MEMD and IIR 
filter, higher frequency components were optimal for the entropy features (5–8th IMF, 0.5–0.7 Hz) and lower frequency components for the fre-
quency features (8–16th IMF, 0.001–0.014 Hz)

Prefiltering Optimal IMF/Band Performance

CCR AUC 

Train test train test

NA-MEMD (RandSub) RMS C11,11 100 ± 0.00 94.66 ± 1.73 1.000 ± 0.000 0.987 ± 0.003
fmean C8,12

fpeak C13,15

fmed C11,16

ApEn C8,8

SampEn C56

IIR (RandFor) RMS 0.012–0.016 Hz 98.77 ± 0.20 93.18 ± 1.76 0.999 ± 0.000 0.983 ± 0.006
fmean 0.001–0.005 Hz
fpeak 0.009–0.01 Hz
fmed 0.01–0.014 Hz
ApEn 0.5–0.9 Hz
ApEn 0.6–0.7 Hz



907Journal of Electrical Engineering & Technology (2019) 14:897–916 

1 3

NA-MEMD and the IIR filter. In each iteration the size of 
the dataset was balanced using SMOTE as described in 
Sect. 2.4 and the ten-fold CV was conducted in each fold of 
which 90% of term and preterm subjects were used as the 
training data.3 The performances were tested on both the 
90% training data and the 10% test data (shown on the 
“Train” and the “Test” columns in Table 1). The optimal 
frequency components in Table 1 are similar to those in 
Figs. 7 and 8; the high frequency components were optimal 
for the entropy features (5-8th IMF, 0.5-0.7 Hz) and the low 
frequency components for the frequency features (8-16th 
IMF, 0.001-0.014 Hz). As can be seen in Table 1, results 
using both NA-MEMD and the IIR filter achieved higher 
classification performance in comparison with the previous 
experiments in Figs. 7 and 8.

3.4  Validation of the Classification Performance

Experiments with different settings from Fig. 6 were con-
ducted in order to investigate the effect of the database bal-
ancing technique, the choice of the EHG features, the use 
of EHG channels, and the subject filtering based on their 
medical records. Figure 9 illustrates the classification per-
formances of the NA-MEMD and the IIR filter using three 
classifiers, in terms of (a) CCR and (b) AUC. Ten-fold CV 
for both NA-MEMD and IIR were iterated 30 times using 
the three classification algorithms. NA-MEMD produced the 
highest classification performance (94.66 ± 1.73% CCR and 
0.987 ± 0.003 AUC using RandSub), which outperformed 
that of the IIR filter (93.18 ± 1.76% CCR and 0.983 ± 0.006 
AUC using RandFor). Paired t-test results demonstrated that 
performances of NA-MEMD exceeded those of the IIR filter 
on both of the CCR and AUC over the significance level 
(p < 0.05) using all the classifiers.

Instead of SMOTE, Sim et al. and Baghamoradi et al. 
used the random subsampling to create the balanced dataset 
with 20 term and preterm subjects each [14, 15]. Figure 10 
shows (a) CCR and (b) AUC of the repeated ten-fold CV (30 
iterations) using the same random subsampling technique. 

Fig. 9  Classification performances of the proposed method using 
optimized IMFs and bands, in terms of a CCR and b AUC (224 term 
vs. 224 preterm labor subjects, 3 channels, 6 features). Ten-fold CV 
for both NA-MEMD and IIR were iterated 30 times using the three 

classification algorithms. NA-MEMD shows the highest classifica-
tion performance (94.66 ± 1.77% CCR and 0.987 ± 0.004 AUC using 
RandSub), which outperforms that of IIR filter (93.18 ± 1.76% CCR 
and 0.983 ± 0.006 AUC using RandFor)

Fig. 10  Classification performances with balanced subsampling, in 
terms of a CCR and b AUC (20 term vs. 20 preterm labor subjects, 
3 channels, 6 features). Both CCR and AUC of NA-MEMD (58.00 ± 

9.61% CCR and 0.607 ± 0.116 AUC) using RandFor outperformed 
those of the IIR filter (51.58 ± 10.47% CCR and 0.521 ± 0.124 AUC) 
using RandFor (p < 0.05)

3 The repeated ten-fold CV was also applied in Figs. 7, 8 and Algo-
rithm 4 but with less number of iterations (10 times) to reduce com-
putation time.
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Compared to the oversampling scenario in Fig. 9, overall 
performances using subsampled dataset were decreased 
due to the small samples. Nonetheless, NA-MEMD outper-
formed the IIR filter in terms of the average CCR and AUC 
using Bagging and RandFor (p < 0.05). NA-MEMD showed 
the best performance using RandFor (58.00 ± 9.61% CCR 
and 0.607 ± 0.116 AUC) while the IIR filter produced the 
peak performance using RandFor (51.58 ± 10.47% CCR and 
0.521 ± 0.124 AUC).

To investigate the performance of the frequency and 
entropy features in the low and high frequency bands sepa-
rately, Figs. 11 and 12 illustrate the repeated ten-fold CV 
results using the frequency features and the entropy features, 
respectively. NA-MEMD produced higher classification per-
formance (92.28 ± 2.85% CCR and 0.978 ± 0.006 AUC 
using RandFor) than that of the IIR filter (91.91 ± 1.85% 
CCR and 0.967 ± 0.009 AUC using RandSub) in Fig. 11. 
In Fig. 12, NA-MEMD also shows higher classification per-
formance using the entropy features (89.49 ± 2.58% CCR 
and 0.960 ± 0.009 AUC using RandSub) than that of the IIR 
filter (88.52 ± 3.19% CCR and 0.946 ± 0.014 AUC using 
RandSub).

While the proposed method with NA-MEMD is a multi-
channel analysis using the three-channel EHG data simul-
taneously, some of the previous researches processed each 
channel of the three-channel EHG data separately [14–16, 
18]. In particular, [18, 16, 14] found that the third chan-
nel gave the most discriminatory performance. Therefore, 
we have also conducted our experiment using only the 
third channel data. The optimal IMFs and bandwidth were 
calculated in a similar way as the optimization process in 
Sect. 3.3. The optimal IMFs for the single channel signal 
were identical to those in Table 1 except that  C14,14 was the 
optimal for fmed, and 0.6–0.7 mHz, 0–0.2 mHz, 0.4–1.2 mHz, 
0.2–0.8 mHz, 0.6–0.9 Hz and 0.4–0.6 Hz were optimal for 
RMS, fmean, fpeak, fmed, ApEn and SampEn using the IIR fil-
ter, respectively. Figure 13 shows the classification perfor-
mances using the single channel (Ch. 3) signal, in terms of 
the (a) CCR and (b) AUC (224 term vs. 224 preterm labor 
subjects, 1 Channel, 6 features). NA-MEMD produced much 
higher classification performance (90.32 ± 2.14% CCR and 
0.960 ± 0.009 AUC using RandFor) than that of the IIR 
filter (85.84 ± 2.51% CCR and 0.934 ± 0.007 AUC using 
RandFor).

Fig. 11  Classification performances of the frequency features in 
terms of a CCR and b AUC (224 term vs. 224 preterm labor subjects, 
3 Channels, 3 features—fmean, fpeak, fmed). NA-MEMD shows higher 
classification performance (92.28 ± 2.85% CCR and 0.978 ± 0.006 

AUC using RandFor), than that of IIR filter (91.91 ± 1.85% CCR and 
0.967 ± 0.009 AUC using RandSub) when all the frequency features 
were used

Fig. 12  Classification performances of the entropy features in terms 
of a CCR and b AUC (224 term vs. 224 preterm labor subjects, 3 
Channels, 2 features—ApEn, SampEn). NA-MEMD shows higher 

classification performance with the entropy features (89.49 ± 2.58% 
CCR and 0.960 ± 0.009 AUC using Bagging) than that of the IIR 
filter (88.52 ± 3.19% CCR and 0.946 ± 0.014 AUC using RandSub)
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Finally, Fig. 14 illustrates the classification results of the 
original EHG database without filtering the subjects based 
on the criteria in Sect. 2.1. Even including the patients in 
clinically abnormal conditions, the results are consistent 
with those with the subject filtering in Fig. 9, since NA-
MEMD (93.47 ± 1.72% CCR and 0.981 ± 0.005 AUC using 
RandFor) still outperforms IIR filter (91.55 ± 1.97% CCR 
and 0.980 ± 0.005 AUC using RandFor) significantly.

4  Discussion

It was shown that NA-MEMD has a classification accuracy 
of 94.66% CCR and 0.987 AUC which significantly outper-
formed IIR filter (see Table 1), proving our initial assump-
tion of the superiority of NA-MEMD for the process of the 
nonlinear and nonstationary EHG signals. Significance tests 
using paired t-tests have confirmed that NA-MEMD outper-
formed the IIR filter over the 95% confidence interval. This 
is the first application of NA-MEMD to EHG signals, and 
our results demonstrated that NA-MEMD has a potential to 
improve the EHG signal processing. NA-MEMD is expected 

to have a positive impact on future studies on the EHG sig-
nals processing, particularly in processing multichannel 
EHG since the multichannel approach using NA-MEMD 
was superior to those with the single channel method by 
4.34% CCR and 0.027 AUC (see Figs. 9 and 13).

Results in Table 1 have shown that each EHG feature 
should be extracted from different frequency components 
in order to achieve the best classification performance. The 
performances using NA-MEMD have shown that the optimal 
IMFs were 8-16th for the frequency features and 5-8th for 
the entropy features, by which the preterm birth monitoring 
system could be efficiently designed. The classification per-
formances of NA-MEMD with only the frequency features 
and the entropy features were higher than those of the IIR 
filter, by 0.37% and 0.97% in terms of CCR, respectively 
(see Figs. 11 and 12). Note that the performance difference 
between NA-MEMD and the IIR filter was greater with the 
entropy features than the frequency features; this would be 
due to the nonlinearity of the low order IMFs used for the 
extraction of the nonlinear entropy features compared with 
the high order IMFs for the frequency features, as Chen 
and Mandic have shown that the low order IMFs have more 

Fig. 13  Classification performances with single channel (Ch. 3) sig-
nals, in terms of a CCR and b AUC (224 term vs. 224 preterm labor 
subjects, 1 Channel, 6 features). NA-MEMD shows much higher clas-

sification performance (90.32 ± 2.14% CCR and 0.960 ± 0.009 AUC 
using RandFor), than that of the IIR filter (85.84 ± 2.51% CCR and 
0.934 ± 0.007 AUC using RandFor)

Fig. 14  Classification performances without filtering the subjects 
based on the clinical conditions, in terms of (a) CCR and (b) AUC 
(262 term vs. 262 preterm labor subjects, 3 Channel, 6 features). 
Classification performances of both NA-MEMD and IIR were 
degraded due to the addition of subjects with abnormal conditions, 

but the results are consistent with Fig. 9 since NA-MEMD (93.47 ± 
1.72% CCR and 0.981 ± 0.005 AUC using RandFor) outperformed 
the IIR filter (91.55 ± 1.97% CCR and 0.980 ± 0.005 AUC using 
RandFor)
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nonlinearity, by using the delay vector variance analysis 
[55].

4.1  The Slow Wave EMG

We have conducted a comprehensive optimizing experi-
ments using all the possible IMFs, which concluded that 
C8,12, C13,15 and C11,16 were the best for detecting preterm 
birth using the frequency features. Note that the frequency 
bands corresponding to the optimal IMFs were quite low; 
0.006–0.122 Hz, 0.001–0.006 Hz, and 0–0.017 Hz for C8,12, 
C13,15 and C11,16, respectively (see Fig. 4). Figure 15 shows 
one of the EHG signals filtered by NA-MEMD (C11,16), from 
a subject in 31.3 weeks of gestation (Record ID: 1007), who 
had a preterm labor in the 35th week. The oscillation with 
approximately a minute period and 10-20 mV amplitude is 
visible, which coincides with the profiles of the slow wave 
EMG. The slow wave EMG is a low frequency component 
of the EHG signals, whose frequency (0.005–0.3 Hz) and 
amplitude (1–15 mV) match the frequency and intensity 
of the related contractions [6].  C11,16 extracted from other 
patients, as well as the other IMF combinations (C8,12 and 
C13,15) also contains the oscillations with similar frequency 
bands and amplitudes to the slow wave EMG.

Ample researches have identified the slow wave in EHG 
[6, 57–62]. These studies found that the slow wave is meas-
urable in external EHG and its amplitude and frequency 
corresponds to non-labor uterine contractions [57, 60, 62]. 
Nonetheless, the fast wave has been preferred in most studies 
as the slow wave was considered to be prone to mechani-
cal artifacts such as contact-potential between electrode and 
skin and other baseline drifts [61, 62]. However, a study 

on electrogastrogram (EGG, 0.01-0.25 Hz) proved EMD 
reduced the respiratory, motion and other low frequency 
from the EMG signals, and extracted the intrinsic EGG sig-
nal ranging in similar frequency band as EHG [63].

Figure 16 depicts the distributions of the frequency fea-
tures of term and preterm groups, extracted from the optimal 
IMFs. Figure 16a–c show fmean, fpeak and fmed from channel 1, 
(d)–(f) the frequency features from channel 2 and (g)–(i) the 
frequency features from channel 3, which show the features 
from the preterm subjects have higher expectations of fpeak 
and fmed. While the traditional approach using the statistical 
significant tests (Wilcoxon rank-sum test, [64]) did not found 
significant difference between term and preterm group in any 
channel, RandSub classifier yielded 92.28% CCR and 0.978 
AUC using these features (see Fig. 11). This shows that the 
proposed method has achieved high performance using the 
multiple features from the slow wave EHG by applying the 
advanced machine learning algorithm, even if the signifi-
cant test could not find any separability using the individual 
features.

4.2  The Effect of Oversampling on the Classification 
Performances

Our EHG database is substantially biased with 224 term and 
30 preterm subjects. Therefore, simply assuming every sub-
ject as term would achieve an 88% classification accuracy. 
Even though the database was balanced using oversampling 
algorithm (SMOTE), classifying the oversampled database 
should be carefully validated, particularly when the amount 
of synthetic data is much larger than the original data. Thus, 
in this section we will investigate whether the performance 

Fig. 15  EHG signals filtered by NA-MEMD (C11,16), from a subject 
in 31.3  weeks of gestation (Record ID: 1007) who had a preterm 
labor in the 35th week. The oscillation with approximately a minute 

period and 10–20 mV amplitude is visible, which coincides with the 
profiles of the slow wave EMG signal [6]
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of the proposed method is valid, or no better than random 
guesses. The effect of the oversampling on the classification 
performance was examined by a method using uniformly 
distributed random number, in which the same number of 
subjects (224 term, 30 preterm) and the same number of 
attributes as the original experiments were used. The minor-
ity class (30 subjects) were oversampled using SMOTE to 
form a balanced dataset of 224, and the performance was 
measured using ten-fold CV. The CV was iterated for 30 
times as in Sect. 3D for the statistical significance test, in 
which new random data were generated at each iteration.

Figure 17 shows the classification performances of 
randomly generated data oversampled by SMOTE with 

varying number of attributes. The number of attributes 
was determined by the number of features and the num-
ber of channels used (number of attributes = number of 
features × number of channels). CCR and AUC graph in 
Fig. 17a, b show that the performance of the random data 
increases in proportion to the number of attributes. While 
the results using random data with 18 attributes achieved 
91.13 ± 3.34% CCR and 0.976 ± 0.014 AUC as shown 
in Fig. 17, the performance of the proposed method was 
94.66 ± 1.73% CCR and 0.987 ± 0.003 AUC. These 
results imply that the oversampling process might boosted 
the performance, even though the preterm detection of the 
proposed method did significantly better than random. 

Fig. 16  Distributions of the frequency features of the term and pre-
term groups, extracted from the optimal IMFs in Table 1. a–c Show 
fmean, fpeak and fmed from channel 1, d–f show the frequency features 
from channel 2 and g–i show the frequency features from channel 3. 

Features from preterm subjects tend to have higher expectation of 
fpeak and fmed. Machine learning classification using these frequency 
features yielded 92.28% CCR and 0.978 AUC (see Fig. 11)

Fig. 17  Classification performances of the randomly generated data oversampled by SMOTE with varying number of attributes. a CCR and b 
AUC graphs show that the performance of random data increases in proportion of the number of attributes
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Since the random data produced the accuracy over 90%, 
we checked if all the results presented in Figs. 9, 11, 12, 
13 and 14 were significantly higher than those of the 
random data. We conducted the significance test (paired 
t-test) between the results of the original TPEHG data and 
those of the random data. Figure 18 shows the classifica-
tion performances of the TPEHG data and the randomly 
generated data oversampled by SMOTE and filtered using 
NA-MEMD or the IIR filter. Figure 18a shows CCRs of 
the repeated ten-fold CVs of the random data using the 
experiment scenarios described in Fig. 6. From the left 
to the right, the classification results using the proposed 
method (Fig. 9), only the frequency features (Fig. 12), 
only the entropy features (Fig. 12), only the third chan-
nel (Fig. 13) and all subjects without the subject filtering 
(Fig. 14) are displayed along with the performances of 
NA-MEMD and IIR in each scenario. Figure 18b pre-
sents the AUCs of the repeated ten-fold CVs using the 
random data with the five experiment scenarios. Paired 
t-tests between the results of the random data and the 
TPEHG data filtered using NA-MEMD/IIR filter were 
conducted, and all the results using NA-MEMD and the 
IIR filter were significantly higher than those of the ran-
dom data, except only one case of the CCR of the IIR fil-
ter (’NoSubFilt’). All the experimental results using NA-
MEMD were significantly higher than both the results 
using the random data and the IIR filtered data, proving 
the superiority of NA-MEMD over the IIR filter on the 
processing of the EHG signals to detect the preterm birth.

4.3  Complexity of the Proposed Method

There are three computationally intense parts in the pro-
posed algorithm: feature extraction, machine learning clas-
sification and MEMD. For feature extraction of the six fea-
tures, computational complexity of RMS and three features 
based on frequency analysis (fmean, fpeak and fmed) are straight-
forward. The other two, ApEn and SampEn, are known to 
have computational complexity of O(n2), but in computa-
tion of these features the signal is downsampled with the 
rate of 20 (as shown in Sect. 3.3), and there are many fast 
algorithms available [65–67]. The computational complex-
ity of machine learning classification is also relatively low, 
because the size of data is much smaller as the number of 
attributes per subject 18 at most, which is the number of 
channels (≤ 3) multiplied by the number of features (≤ 6). 
MEMD is the most computationally intense part of the pro-
posed method, since it deals with large multi-dimensional 
raw data.

Computational complexity of EMD was analyzed by 
Wang et al., and it was shown that both space and time com-
plexity of MEMD are O(n log n) [68]. There are real-time 
implementation of EMD for EEG and electrocardiogram 
(ECG), both of which use higher frequency component of 
the biomedical signal (> 1 Hz) compared to uterine EMG 
[69, 70]. Chang et al. introduced parallel implementation of 
multi-dimensional ensemble empirical mode decomposition 
(MEEMD), which is a multidimensional EMD algorithm 
similar to MEMD, which implies parallel implementation of 

Fig. 18  Classification performances of the TPEHG data and the ran-
domly generated data oversampled by SMOTE and filtered using 
NA-MEMD or the IIR filter. a CCRs of the repeated ten-fold CVs of 
the random data using the experiment scenarios described in Fig. 6. 
From the left to the right, the classification results using the pro-
posed method (Fig. 9), only the frequency features (Fig. 11), only the 
entropy features (Fig. 12), only a single channel signal (Fig. 13) and 
all subjects without the subject filtering (Fig.  14) are shown, along 

with the performances of NA-MEMD and IIR in each scenario. b 
AUCs of the repeated ten-fold CVs using the random data in the five 
experiment scenarios. Paired t-tests between the random data and the 
TPEHG data filtered using NA-MEMD/IIR filter were conducted, and 
all the results using NA-MEMD and the IIR filter were significantly 
higher than those using the random data, except only one case of the 
CCR of the IIR filter (‘NoSubFilt’)
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MEMD could be possible [71]. Hardware implementation 
of real-time EMD using silicon intellectual property (SIP) 
core and field-programmable gate array (FPGA) are also 
available, which suggests that the real-time hardware imple-
mentation of the proposed algorithm is possible [72, 73].

4.4  Performance of the Proposed Method 
Compared with other Studies

Among the recent studies on preterm birth detection using 
TPEHG database, studies which used SMOTE for dataset 
balancing achieved higher performances [14–18, 30, 46]. 
[16] achieved 0.95 AUC with a decision tree classifier using 
EHG features and clinical data (i.e. patient’s age, weight, 
medical history, etc.). Without the clinical data the perfor-
mance was 0.89 AUC. In [30] the neural network classifier 
yielded 0.94 AUC which is lower than our results using both 
NA-MEMD and the IIR filter. [46] used EMD to prefilter 
EHG signals and achieved 0.986 AUC which is higher than 
our results using the IIR filter (0.983), but still lower than 
our best performance using NA-MEMD (0.987). Moreover, 
results in [46] would need further validation since its high 
performance could have come from the effect of oversam-
pling rather than their discriminatory capacity, as described 
in Sect. 4.2. [46] used 180 features which is considerably 
larger than 18 features used by the proposed method, and 
less than ten features used by other studies [16, 30]. When 
SMOTE is applied, the classification performances tend to 
be inflated in proportion of the number of features as illus-
trated in Sect. 4.2, and with 180 features even a randomly 
generated dataset would give 0.9997 AUC. Studies which 
used balanced subsampling instead of SMOTE also can be 
compared with our result in Fig. 10, since the same subsam-
pling method was used [14, 15]. [14] achieved 53.11% CCR 
using 30 cepstral features, and boosted its performance to 
72.73% using sequential forward selection (SFS). This study 
achieved relatively high classification rate using standard 
0.08-4 Hz bandpass filter, which can be improved by apply-
ing NA-MEMD.

5  Conclusion

In this paper, a novel method of classifying the term and 
preterm labors using uterine EMG was proposed. To account 
for the nonlinearity and nonstationarity of the EHG signals, 
NA-MEMD was applied to the EHG signals to extract the 
uterine electrical activity. RMS, fmean, fpeak, fmed, ApEn and 
SampEn were investigated as features, and their perfor-
mances were examined using machine learning classifica-
tion algorithms. Experiments on Physionet TPEHG data-
base have shown that different features should be extracted 
from different IMFs (frequency components) to achieve the 

best performance. Optimal frequency features were found 
in the slow wave (< 0.03 Hz) and optimal entropy features 
were found in the fast wave band (0.1–1 Hz). To balance 
the biased EHG dataset, SMOTE was applied to oversam-
ple the preterm group, and the validation technique using 
the random data was applied to check the significance of 
all the results. The classification results using the machine 
learning algorithms have shown that NA-MEMD produced 
higher performance compared with the IIR filter, where NA-
MEMD significantly outperformed IIR filter (p < 0.05), and 
achieved the maximum performance of 94.66% CCR and 
0.987 AUC using the random subspace classifier. These 
results prove that NA-MEMD can improve the performance 
of the preterm birth prediction. MEMD.
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