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Abstract: Electrohysterogram (EHG) is a promising method for noninvasive monitoring of uterine
electrical activity. The main purpose of this study was to characterize the multichannel EHG signals
to distinguish between term delivery and preterm birth, as well as deliveries within and beyond 24
h. A total of 219 pregnant women were grouped in two ways: (1) term delivery (TD), threatened
preterm labor (TPL) with the outcome of preterm birth (TPL_PB), and TPL with the outcome of term
delivery (TPL_TD); (2) EHG recording time to delivery (TTD) <24 h and TTD > 24 h. Three bipolar
EHG signals were analyzed for the 30 min recording. Six EHG features between multiple channels,
including multivariate sample entropy, mutual information, correlation coefficient, coherence, di-
rect partial Granger causality, and direct transfer entropy, were extracted to characterize the cou-
pling and information flow between channels. Significant differences were found for these six fea-
tures between TPL and TD, and between TTD < 24 h and TTD > 24 h. No significant difference was
found between TPL_PB and TPL_TD. The results indicated that EHG signals of TD were more reg-
ular and synchronized than TPL, and stronger coupling between multichannel EHG signals was
exhibited as delivery approaches. In addition, EHG signals propagate downward for the majority
of pregnant women regardless of different labors. In conclusion, the coupling and propagation fea-
tures extracted from multichannel EHG signals could be used to differentiate term delivery and
preterm birth and may predict delivery within and beyond 24 h.
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1. Introduction

Preterm birth, defined as birth before 37 completed weeks of gestation, is a leading
cause of neonatal morbidity and mortality and has long-term adverse consequences for
health [1]. However, the problem lies not only in preterm birth itself but also in threatened
preterm labor (TPL), which is defined as the presence of uterine contractions with no or
limited evidence of cervical change between 20 and 37 weeks gestation and can be difficult
to distinguish from active preterm birth [2]. TPL is the most common cause for the pregnant
woman to seek institutional delivery care and it involves prolonged hospitalization, unnec-
essary medical interventions, the associated increase in expense, and aggravated anxiety for
the pregnant woman and her family. In practice, less than half of the pregnant women with
TPL will give birth prematurely. Accurate diagnosis of preterm birth is therefore clinically
important. In addition, assessment of the time to delivery (TTD) is beneficial for both the
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healthcare system and the family. Based on TTD, medical resources could be allocated ra-
tionally and prepared in advance. The unnecessary hospital visit will be reduced and thus
lower the risk of infection in pregnant women, particularly, in the COVID-19 pandemic.

Various labor prediction techniques and measurements have been proposed, such as cer-
vical length, the Bishop score, fetal fibronectin, and tocodynamometer [3,4]. None of these
techniques has been demonstrated to diagnose TPL and assess TTD objectively and precisely.
Over the years, electrohysterogram (EHG) has been gaining popularity as a promising and
powerful new tool for characterizing the parturition process mainly for the diagnosis of pre-
term birth [5], prediction of imminent delivery [6], and monitoring of uterine contractions
[7,8]. EHG represents the spontaneous myometrial bioelectrical activity in the form of inter-
mittent bursts of action potentials that trigger the mechanical contraction of the uterus [9].
EHG signals could be measured non-invasively with electrodes on the maternal abdominal
surface. Throughout pregnancy, EHG signals change from scarce and poorly coordinated at
the early stage to more intense and synchronized as delivery approaches [10,11].

Although a majority of studies recorded multichannel EHG signals, they usually se-
lected a single channel for analysis [12,13]. Many features have been extracted from EHG
signals to recognize preterm birth. Time, frequency, and time-frequency features [14] such
as root mean square, median frequency, peak frequency, energy distribution, etc., have
been used to characterize EHG signals. Previous studies found that uterine activities are
nonlinear processes that change with time, and nonlinear signal processing techniques
could thus provide additional information on physiological changes during pregnancy
and close to delivery. Correlation dimension, sample entropy, and Lyapunov exponent
[5,15] have been applied to describe the nonlinear interactions between billions of myom-
etrium cells. Further, multichannel EHG records were investigated using multivariate
sample entropy and fuzzy entropy [1,16-18] to quantify the underlying dynamical struc-
tural complexity of multivariate physiological systems by taking into account cross-chan-
nel dependencies and to obtain information on the delivery onset.

Studies on the propagation velocity and propagation direction of EHG signals have
significantly increased in the last decade [19,20]. However, no consistent results were re-
ported. Mikkelsen et al. found that the uterine contractions expressed by EHG signals
propagate both in the downward and upward direction [21]. Lange et al. reported no sin-
gle preferred direction of propagation for the contraction bursts [22]. Xu found that uter-
ine contractions are more likely to spread toward the center of the uterus [23]. A compar-
ison of these results is not straightforward due to the different approaches and data
sources. However, previous literature on the uterus unanimously reveals a special com-
plexity of its electrical propagation properties; further studies are therefore necessary to
clarify the mechanisms of the uterine activity for the prediction of delivery.

This paper aims to propose algorithms to characterize the coupling and propagation
of multichannel EHG signals collected by our custom recording device, differentiate term
delivery and preterm birth, and predict the delivery within and beyond 24 h.

2. Materials and Methods

The overall flow chart of the proposed method is shown in Figure 1, including data
acquisition, signal preprocessing, feature extraction, and statistical analysis. Briefly, EHG
signals were collected clinically, and signal preprocessing was carried out to reduce the
interference, downsample EHG signals, and remove the outliers. Six features between
multichannel EHG signals were derived and analyzed statistically.
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Signal preprocessing

| EHG data(219) = TD(164) + TPL_PB(22) + TPL_TD(33) | '

Bipolarization

| Bandpass filtering: 0.34~1 Hz |

| Downsampling: 250 Hz — 25 Hz |

Outlier removal

| 2 min sliding window, 50% overlap | :

] |

Multivariate sample entropy, Mutual information, Correlation coefficient, Coherence, Direct partial Granger causality, Direct transfer entropy ||

Feature analysis

Mann-Whitney U test :

Figure 1. Flow chart of the proposed method.

2.1. Data Acquisition

A total of 219 pregnant women between 33 and 41 weeks of gestation participated in
this study. All of them were required to sign an informed consent. The study was approved
by the Local Ethics Committee of Peking Union Medical College Hospital (ZS-1453) and was
conducted following the Declaration of Helsinki (1989) of the World Medical Association.

Using our custom device, eight monopolar EHG signals were recorded simultane-
ously for approximately 30 min with a sampling rate of 250 Hz. Figure 2a shows the place-
ment of the electrodes during the signal recording. As shown in Figure2b, the electrodes
M1 to M4 were placed at the bottom of the uterus, 3-4 cm above the navel; M5 and M6
were placed 3-4 cm below the navel; M7 and M8 were placed at the cervix, 6-8 cm below
the navel. M1 and M4 were placed symmetrically at 6-8 cm to the left and right of the
midline, respectively; M2 and M3, M5 and M6, and M7 and M8 were placed symmetrically
at 3—4 cm to the left and right of the midline; the reference electrode R and the ground
electrode G were placed at the left and right iliac bones, respectively.

In this study, three bipolar EHG signals (B1, B2, and B3) were obtained from six
monopolar recordings for the following analysis, since this configuration not only largely
reduces the amount of interference present in the monopolar EHG recordings but also in-
tuitively determines whether the uterine contractions propagate upward or downward.

Midline
Bl

> Navel

Bl =M2-M3

, B2 = M5 - M6
® /\ © ' B3-mM7-M3

Figure 2. Signal recording (a) Electrodes on the abdominal surface of a pregnant woman; (b) Bipolar
signals obtained from the monopolar recordings.
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A total of 219 pregnant women were grouped according to term delivery (ITD), threat-
ened preterm labor with the outcome of preterm birth (TPL_PB), threatened preterm labor
with the outcome of term delivery (TPL_TD), and the EHG recording time to delivery
(TTD). The number of pregnant women is shown in Table 1.

Table 1. Number of pregnant women in different groups.

Group TTD <24h >24 h Totalrow
D 164 0 164
TPL_PB 7 15 22
TPL_TD 0 33 33
Totalcotumn 171 48 219

2.2. Signal Preprocessing

EHG signal energy is mainly concentrated in the range of 0.1 to 3-5 Hz [24]; in this
work, we performed a fifth-order Butterworth band-pass filter between 0.34 and 1 Hz [16]
to eliminate the main interferences caused by motion, respiration, and cardiac electrical
signals. Then, EHG signals were downsampled at 25 Hz to reduce the computational cost
of the data analysis [24]. The median absolute deviation (MAD) was computed in a 120 s
window with a sample point overlap.

MAD =median(|X; - median(X)|), (1)

where X; denotes the amplitude of the ith point and median(X) denotes the median am-
plitude of all the points within a window. If [X; - median (X)| >3MAD, the X; is re-
garded as an outlier, which was replaced by the linear interpolation of its nearby non-
outliers.

2.3. Feature Extraction

We preferred to analyze the whole window analysis rather than the EHG-burst analy-
sis. This decision was motivated by the lack of robust tools to automatically identify EHG-
bursts in a raw recording which usually requires the supervision of experts, especially in
early gestational ages with the relatively low signal-to-noise ratio. By contrast, the whole
window analysis has been proven to provide relevant information for predicting preterm
birth. In this work, a whole recording analysis with a window length of 120 s and 50% over-
lap was performed to characterize the EHG signals, which is a trade-off between computa-
tional cost and information loss [25]. We then computed the median value of all the analyzed
windows as a representative feature of each recording. In total, six EHG features between
multiple channels were extracted to reflect their coupling and information flow.

2.3.1. Multivariate Sample Entropy

Multivariate sample entropy [18,26,27] can reveal correlations present in multichan-
nel data and provide a robust relative complexity measure for multivariate data. The main
advantage of this algorithm is the implementation of joint information embedded in a
multivariate vector of an analyzed signal.

We first normalize the multivariate data with Z-score to cater for multichannel EHG
signals obtained from different positions. Then, the multivariate embedded reconstruc-
tion was based on the composite delay vector.

We define multivariable time series {x i}?= v k=1,2, ..., p, where p denotes the num-
ber of variates or EHG channels, and N denotes the number of samples in each channel.
The composite vector is constructed as follows:

X (@) = [x1(D), x1 G+ 11, ..., xq (i + (my - D)

Xy (1), X, (i+1p), ..., xz(i +(m, - 1)T2)

()
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Xp (1), Xp(i+Tp), -y Xp (i (my, - 1), )],

where M =[m;, m,, ..., mp] is the embedding vector and T= [Tl, Ty, .oty Tp] is the time de-

lay vector. In this study, p=3, M=[2,2,2], T=[1,1, 1].
The multivariate sample entropy was estimated using the following procedure:

e Create N - n (n = max{M} x max{T}) composite delay vector X,(i) € R™, wherei=
1,2, ..., N —n. Compute the distance between any two composite delay vectors as the
maximum of the following form:

d[Xm @), Xim(j)] = l=rlr}§?fm{|x(i+l -1 - x(G+1 -1 3)

° For a given composite delay vector and an assumed similarity threshold r, count the
number of instances P; where d[X,,(i), Xin(j)] <1, i#j, then calculate the frequency
of occurrence,

1

N—-—n—1

B"(r) = P, ()

and define a global quantity,
B™(r) = i, "B, 5)

e Extend the dimensionality of the multivariate delay composite vector from m tom +
1. For a given vector X;,,1(i), calculate the number of vectors Q, such that
d[Xm+13), Xim+1(j)] <1,1#j, then calculate the frequency of occurrence,

1

m+1 _
B 0= ——=—0Q, (6)
and define
B @)= = VB ). )
e  The multivariate sample entropy is calculated as
Bm+t 1 (r)
MSE(M, 1, , N)—-ln[ ()] ®)

2.3.2. Mutual Information

Mutual information is a measure of the amount of information that one random var-
iable contributes to another variable. Formally, the mutual information is defined as fol-
lows:

MI(X Y) erXZerp(X Y) 0og (9)

where X and Y are EHG signals from two channels, p(x, y) is the joint probability distri-
bution of X and Y, and p(x) and p(y) are the marginal probability distributions of X and
Y, respectively. Ml is zero when X and Y are statistically independent; the larger the MI,
the higher the correlation between X and Y.

P(X)P(y)

2.3.3. Correlation Coefficient

Correlation coefficient can reflect the linear correlation between two EHG signals in
the time domain.

ov(X,Y)  _ E[(X-m)(Y-py)]
CCXY) = Fooms = (10)
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where oy and oy represent the standard deviation of X and Y, respectively, E[(X-
p.x) (Y - p.Y)] represents the covariance of X and Y. CC(X, Y) is the Pearson correlation
coefficient of X and Y, ranging from -1 to 1. The greater the absolute value of CC, the
stronger the correlation between X and Y. If CC = 0, it indicates that there is no linear cor-
relation between X and Y. In our study, X and Y are two EHG signals.

2.3.4. Coherence

Coherence can reflect the linear correlation between two time series in the frequency
domain. Briefly, coherence is an extension of Pearson’s correlation coefficient in the fre-
quency domain, and the coherence between signal X and signal Y can be obtained by nor-
malizing the square of the cross-spectra by the auto-spectra using the following equation:

2
[Py (D)

Cohyy () =5 “or, @

(11)
where P, (f) represents the cross power spectral of X and Y, and Px«(f) and Pyy(f) are the
power spectra of signals X and Y, respectively, for a given frequency f.

2.3.5. Partial Granger Causality

Partial Granger causality [28,29] takes into account partial correlation compared to
traditional Granger causality to eliminate the exogenous links. We assumed the three-
channel EHG signals X, Y, and Z, in which X and Y are represented by the joint autoregres-
sive model:

Xi = Zf:1aixt-i + Z?zlcth-i + €, (12)

Y= f: 1Yy i+ Z?: 15X + e (13)

where X, is the value of signal X at moment t, X;_; and Y,_; are the values of signals X
and Y at moment t — i, p is the order of the model, a;, ¢;, d;, and f; are the coefficients of
the joint regression model, and €;; and €5, are the error of the joint prediction model
at moment t.

The variance/covariance matrix:

5= [Var(eu) cov(€ry, €20)] _ [511 Sip ]

14
cov(€y, €) var(ey) Sy S» (14)

To calculate the effect of Y, on X, in the context of the third time-series Z;, we ex-
tend the concept as follows:

X = Zipzlaixt—i + Zipzlbizt-i + Zilcth-i + €3 (15)
Y= Z?:ldth—i + Zipzleizt-i + Zip:1fixt-i + €y (16)
Z,= Zip:lgizt-i + Zip:lhixt-i + Zip:lkth-i + €5y 17)

with variance/covariance matrix:

v [Var(est) cov (e, €4t)] _ [211 Z12] (18)
cov (€, €) var(eq) Loy Lo’
Partial Granger causality is then computed as
-1
PGCy.yiz = In( S11 - 512522521 (19)

-1 .
11 - Z1pX X

If PGCx—vyz >0, the signal flows from X to Y; if PGCx_yz <0, the signal flows from
Y to X. To determine the genuine direction of signal flow between X and Y, define the
direct partial Granger causality.
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DPGCx-.y|z = PGCx-—.yiz — PGCy_xz (20)

If DPGCx-y|z>0, the signal flows genuinely from X to Y, if DPGCx_.y|z <0, the sig-
nal flows from Y to X.
The direct partial Granger causality of the two EHG signals is as follows:

DPGCg; 2183 = PGCgi—B2183 - PGCho—B1183,s (21)
DPGCg,-.3181 = PGCho—p3181 - PGCh3-B2181/ (22)
DPGCg--3182 = PGCgi—p3182 - PGCp3—p1182- (23)

If the majority of DPGCg;_.py 53, DPGCpy-.p3/p1, and DPGCg; .35, are greater than
zero, we assumed the EHG signals propagate downward along with the uterus. If the
majority are less than zero, then upward.

2.3.6. Transfer Entropy

Transfer entropy quantifies the amount of information transferred from one variable
to the other. Importantly, transfer entropy is nonparametric and can capture nonlinear
coupling effects. It has been shown that transfer entropy is a nonlinear extension of
Granger causality.

Given two concurrently sampled time series X={xj, Xy, ..., XN} and Y={y1,

Yor ver yN}, the transfer entropy from X to Y, termed TEx_.y, can be derived from condi-
tional entropies as follows [30,31]:

0 o o PO Yoy XD
TEx—y =H(y,[y®) - H(y,ly®, x2) = X, 0, < Py Vi Xi- )logwf (24)

(1 i-t

where p(y,, yfl)t, x(k)) is the conditional probability mass function of past observations of
Xand Y (the driving process) for Y (the target process), p(y, yi(l_)t) is the conditional prob-
ability mass function of past observations of Y (the driving process) for Y (the target pro-
cess), i indicates a given point, T and t are the time lags in X and Y, k and 1 are the
block lengths of the past values in X and Y. In this study, t=t=2,k=1=1.

Transfer entropy can exclude the common external environmental influence on two-
time series. According to (24), if TE is infinitely close to 0, there is no obvious transfer
relationship from X to Y. If TE > 0, information flows from X to Y. To determine the gen-
uine direction of signal flow between X and Y, we defined the direct transfer entropy:

DTEXﬁY = TEXQY - TEYﬁx. (25)

Direct transfer entropy of the two EHG signals was calculated as follows:

DTEg;—p2 = TEg1—p2 - TEpo—p1, (26)
DTEg;-.p3 = TEgy—p3 - TEps—py, (27)
DTEg; .3 = TEg;—p3 - TEp3—p1- (28)

Among DTEg_.py, DTEg;-p3, and DTEg; g3, if no less than two of them are greater
than 0, the preferred direction of uterine contraction is downward. If no less than two of
them are less than 0, the preferred direction is upward.

For both direct partial Granger causality and direct transfer entropy, we computed
the percentage of pregnant women with the upward or downward EHG propagation in
TD, TPL_PB, and TPL_TD, as well as for TTD <24 h and TTD > 24 h.
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2.4. Statistical Method

Statistical analyses were conducted using SPSS 24 (IBM Corp., Armonk, NY, USA).
The box diagram was used to describe the mutual information, correlation coefficient, co-
herence, direct partial Granger causality, and direct transfer entropy between any two
channels. The six EHG features between channels were abnormally distributed according
to the Shapiro-Wilk test and Q-Q plot. Therefore, we performed the Mann-Whitney U test
to examine the features differences between the group of TD, TPL_PB, and TPL_TD, as
well as the group of TTD < 24 h and TTD > 24 h. In addition, a chi-square test was per-
formed to examine the proportion of propagation direction. A significance level of p <0.05
(two-tailed) was set for all analyses.

3. Results
3.1. Comparison of Features between TD, TPL_PB, and TPL_TD

3.1.1. Comparison of Multivariate Sample Entropy, Mutual Information, Correlation
Coefficient, and Coherence

Figure 3 shows the box diagrams of multivariate sample entropy, mutual infor-
mation, correlation coefficient, and coherence, corresponding to TD, TPL_PB, and
TPL_TD from left to right in each of the subplots. It can be seen from Figure 3a that mul-
tivariate sample entropy in both TPL_PB and TPL_TD is very significantly larger than that
in TD (p < 0.01), indicating that the multichannel EHG signals from TPL are more irregular
and more complex than TD. Figure 3b shows that mutual information in both TPL_PB and
TPL_TD is significantly or very significantly smaller than that in TD (p <0.05 or p <0.01).
Figure 3c shows that correlation coefficient of TPL_TD is significantly or very significantly
smaller than TD (p < 0.05 or p < 0.01) between channels, and correlation coefficient of
TPL_PB has similar results for B1&B3 and B2&B3. However, no significant difference was
found in coherence of any two channels between groups (p > 0.05) see Figure 3d. In short,
TPL_PB and TPL_TD have weaker inter-channel correlations than TD, and no significant
difference was found between TPL_PB and TPL_TD (p > 0.05).

##
‘ #it

- 0.8 T 1 BTD
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-'== MTPL_TD
w o6
2
o
; I
@
o 0.4
]
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2
5 02
E ——

0.0

TD TPL_PB TPL_TD
Groups
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Figure 3. Comparison of coupling information between TD, TPL_PB, and TPL_TD. #: p <0.05, ##: p
<0.01, O: the moderate outlier, *: the extreme outlier. (a) Multivariate sample entropy; (b) Mutual
information; (c) Correlation coefficient; (d) Coherence.
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3.1.2. Comparison of Direct Partial Granger Causality and Direct Transfer Entropy

Figure 4 shows the box diagrams of direct partial Granger causality and direct trans-
fer entropy, corresponding to TD, TPL_PB, and TPL_TD from left to right in each of the
subplots. Both direct partial Granger causality and direct transfer entropy of TPL_PB are
significantly or very significantly smaller than TD (p < 0.05 or p <0.01) for B1 > B2 and B2
- B3. Similarly, both direct partial Granger causality and direct transfer entropy of
TPL_TD are very significantly smaller than TD (p < 0.01) between all channels. In short,
the EHG signals flow less in TPL_PB and TPL_TD than TD, and no significant difference
was found between TPL_PB and TPL_TD (p > 0.05).

H#Hit #it #it
[ | | ‘\ |
2 002 A ETD
S : MTPL_PB
- _ : ; BMTPL_TD
O o001 . - : :
R :
8 + 7 ; * .
(0]
- 0.00 f + T 'l' ‘ 'l'
5 g . .
o :
§—o.o1
a &
-0.02
B1-B2 B1-B3 B2-B3
Channels
(a)
f ## #it #it
| [ |
0.2| — -j#ﬁ BTD
- HMTPL_PB
g BMTPL_TD
1
-
. 0.1
S 8 ; :
("]
c °
g
|_
= 8
0 °
o
]
-0.1 '
B1-B2 B1-B3 B2-B3

Channels
(b)

Figure 4. Comparison of information flow between TD, TPL_PB, and TPL_TD. #: p < 0.05, ##: p <
0.01, O: the moderate outlier, *: the extreme outlier. (a) Direct partial Granger causality; (b) Direct
transfer entropy.

Table 2 summarizes the number and percentage of pregnant women with the upward
or downward EHG propagation in TD, TPL_PB, and TPL_TD using direct partial Granger
causality and direct transfer entropy, respectively. Regardless of TD, TPL_PB, and TPL_TD,
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EHG signals propagate downward for the majority of pregnant women in terms of both
direct partial Granger causality and direct transfer entropy. No significant difference was
found in the proportion of propagation direction between TD, TPL_PB, and TPL_TD with
both direct partial Granger causality and direct transfer entropy (p > 0.05).

Table 2. Number (%) of pregnant women with upward or downward propagation in the group of
different labors.

Feature Group EHG Propagation Totalrow
Upward Downward
D 29 (18%)  135(82%) 164
Direct partial Granger causality TPL_PB 7 (32%) 15 (68%) 22
TPL_TD 11 (33%) 22 (67%) 33
Totalcolumn 47 172 219
D 52 (32%) 112 (68%) 164
Direct transfer entropy TPL_PB 8 (36%) 14 (64%) 22
TPL_TD 15 (45%) 18 (55%) 33
Totalcolumn 75 144 219

3.2. Comparison of Features between TTD <24 hand TTD>24 h

3.2.1. Comparison of Multivariate Sample Entropy, Mutual Information, Correlation
Coefficient, and Coherence

Figure 5 shows the box diagrams of multivariate sample entropy, mutual
information, correlation coefficient, and Coh, corresponding to TTD <24 h and TTD > 24
h from left to right in each of the subplots. It can be seen from Figure 5a that multivariate
sample entropy of TTD < 24 h is very significantly less than TTD > 24 h (p < 0.01). Figure
5b shows that mutual information of TTD < 24 h is significantly or very significantly larger
than TTD >24 h (p < 0.05 or p <0.01). Figure 5c shows that correlation coefficient of TTD <
24 h is significantly or very significantly larger than TTD >24 h (p <0.05 or p <0.01). Figure
5d shows that coherence of TTD < 24 h is significantly larger than TTD >24 h (p <0.05). In
short, the closer to delivery, the lower the complexity of the EHG signal and the stronger
the connection between channels.
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Figure 5. Comparison of coupling information between TTD <24 h and TTD >24 h. #: p <0.05, ##: p
<0.01, O: the moderate outlier, *: the extreme outlier. (a) Multivariate sample entropy; (b) Mutual
information; (c) Correlation coefficient; (d) Coherence.

3.2.2. Comparison of Direct Partial Granger Causality and Direct Transfer Entropy

Figure 6 shows the box diagrams of direct partial Granger causality and direct

transfer entropy, corresponding to TTD <24 h and TTD > 24 h from left to right in each of
the subplots. Both direct partial Granger causality and direct transfer entropy of TTD < 24
h are significantly or very significantly larger than TTD >24 h (p < 0.05 or p < 0.01), which
indicates the closer to delivery, the stronger the information flow between EHG signals.
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Figure 6. Comparison of information flow between TTD < 24 h and TTD >24 h. #: p <0.05, ##: p <

0.01, O: the moderate outlier, *: the extreme outlier. (a) Direct partial Granger causality; (b) Direct
transfer entropy.

Table 3 summarizes the number and percentage of pregnant women with upward or
downward EHG propagation in TTD <24 h and TTD > 24 h using direct partial Granger
causality and direct transfer entropy, respectively. Regardless of TTD <24 h and TTD > 24
h, EHG signals propagate downward for the majority of pregnant women in terms of both
direct partial Granger causality and direct transfer entropy. No significant difference was
found in the proportion of propagation direction between TTD <24 h and TTD >24 h with
both direct partial Granger causality and direct transfer entropy (p > 0.05).
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Table 3. Number (%) of pregnant women with upward or downward propagation in the group of
different TTDs.

Feature Group EHG Propagation Totalrow
Upward Downward
Direct partial Granger causality TTD<24h 33 (19%) 138 (81%) 171
TID>24h 14 (29%) 34 (71%) 48
Totalcolumn 47 172 219
Direct transfer entropy TID<24h 58 (34%) 113 (66%) 171
TID>24h 17 (35%) 31 (65%) 48
Totalcotumn 75 144 219

4. Discussion

In the present work, we obtained three bipolar EHG signals and performed a whole
recording analysis with a 120 s sliding window and 50% overlap to characterize the EHG
signals. Six EHG features were proposed to describe the coupling and information flow
between multiple channels. Significant differences were found between TPL and TD for
multivariate sample entropy, mutual information, correlation coefficient, coherence, direct
partial Granger causality, and direct transfer entropy, and between TTD <24 h and TTD >
24 h.

Sample entropy was considered to be particularly appropriate for revealing EHG
changes with pregnancy progression and delivery. Fele-zorz et al. found that univariate
sample entropy significantly decreases as delivery approaches [32], suggesting the signal
complexity decreases and its regularity increases. By contrast, in women with TPL under
tocolytic therapy, no significant difference was found for univariate sample entropy to
predict imminent delivery (TTD < 7/14 days vs. TTD 2> 7/14 days) [6]. In this work, we
assessed the structural complexity of multichannel EHG signal with multivariate sample
entropy and showed significant differences between term delivery and preterm birth, and
between TTD < 24 h and TTD > 24 h. This result agrees with Ahmed who first
characterized the interaction between the multivariate complex systems to successfully
discriminate between women who finally delivered at term and those who did so
prematurely [9]. However, we did not find any significant results between TPL_PB and
TPL_TD when the recording was conducted far from delivery. The discrepancy between
these two works may be because we conducted EHG recordings in women with TPL
under tocolytic therapy. This latter has been shown to have a significant influence on
uterine myoelectric activity [33], thus masking the subtle changes in uterine myoelectric
activity through pregnancy. Previous studies showed the feasibility of predicting
imminent delivery with a time horizon of 7 days in women with TPL. However, the
performance of the model dropped dramatically if the time horizon was 14 days [6].

Mutual information and correlation coefficient significantly increased for TTD <24 h
and TD group, suggesting stronger synchronization and association between
multichannel EHG signals as delivery approaches. Similar results were also observed in
the previous study [16]. This finding was physiologically related to the uterine
myometrial cell excitability [15,34] and the formation of gap-junction as delivery
approaches [35-39], which results in more intense and coordinated uterine electrical
activity [11,39]. Again, we did not find any significant difference between TPL_PB and
TPL_TD, which may be due to the tocolytic drug effect on the uterine myoelectric activity.
In addition, we did not find any significant difference in coherence between TPL and TD,
which may be because coherence was seriously impaired by instantaneous interactions.
In this regard, the phase lag index [40] or weighted phase lag index [41] has been used to
determine the true interactions in multichannel electroencephalography avoiding
transient interactions, which may be more suitable for assessing the strength of cross-
channel coupling.
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In addition, we also assess the direction of EHG propagation which remains unclear
in the literature. Some studies reported a predominantly downward propagation of the
uterine electrical bursts in delivery women [42]. A study demonstrated that EHG bursts
propagate both downward and upward, suggesting a multidirectional propagation
pattern [21]. The multidirectional propagation was also reported by Escalona-Vargas
using 151-channel magnetomyogram recordings [43], whereas other studies found no
significant or preferred direction of propagation [22,44]. In this work, we used direct
partial Granger causality and direct transfer entropy to comprehensively describe linear
and nonlinear causality and information transfer at the organ level rather than at the
cellular level or local uterine activity. That is, we used eight electrodes that were
strategically positioned on the maternal abdomen covering practically the whole uterus.
We found that the majority of EHG signals propagate downward to expulse the fetus,
particularly, for the imminent delivery within 24 h. Our results agree with Garfield et al.,
who stated that uterine myoelectric activity presented a predominantly downward
direction in women in the active phase of delivery using 3D vector myometrogram [20].
Using a 4 x 4 grid electrode with a relatively short inter-electrode distance, Diab proposed
to use a nonlinear correlation coefficient and the index of general synchronization to
determine the uterine myoelectric activity propagation and found that signals propagate
in all directions but dominantly towards the cervix [45]. De Lau et al. also reported cases
in which a downward propagating wave of uterine activity during a contraction was
observed using a high-density grid of 64 electrodes. By analyzing the running cross-
correlation of multichannel EHG records, Horoba found that the signal was generally
delayed concerning that from the fundus for both physiological deliveries and threatened
preterm labor [46]. Our results also agreed with Planque who found propagation in a
descending direction in 87% of cases of women at the organ level [47]. We believe that the
downward direction may occur in active phase delivery and at most a few days before
delivery. For this reason, we only found dominant downward directionality in TPL_TD
group and TTD < 24 h, but not in TPL_PB and TD. Our results also stated that the
propagation of uterine electrical activity does not show a preferential direction during
pregnancy which seemed to be characterized by a highly unpredictable and potentially
complex propagation pattern of individual spikes [48]. As far as we know, direct partial
Granger causality and direct transfer entropy were first introduced in the present study
to describe EHG propagation.

Due to the limitation of TPL sample size, more EHG signals from TPL will be collected
in the next study to further validate the proposed algorithm. In this work, we found multiple
multichannel features that could be used to determine delivery proximity. Further work is
still needed to determine if this information is complementary or redundant to single-
channel features for predicting term delivery and preterm birth. We analyzed the coupling
strength and propagation direction in fast-wave high bandwidth which has been associated
with cell excitability [49]. Future works could extend this analysis to fast-wave low
bandwidth related to signal propagation to corroborate the downward propagation
direction. We also noted that the features themselves do not have the prediction capability,
and only the model trained by the features can be applied for prediction. However, the
distinguishable features ensure the performance of the model. Our study attempted to
explore the discriminable features which could be used to train classifiers in further study.

5. Conclusions

EHG is a very promising tool for monitoring uterine electrical activity with a wide
range of applications. We extracted six EHG features between multiple channels from the
bipolar recordings to distinguish term delivery from preterm birth, as well as deliveries
within and beyond 24 h. Significant differences were found for these six EHG features
between TPL and TD and between TTD <24 h and TTD > 24 h. We demonstrate that EHG
multichannel features can distinguish different labors. Furthermore, stronger
synchronization and association between multichannel EHG signals were exhibited as
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delivery approaches. Mostly, EHG signals propagated downward regardless of different
labors.

In summary, the EHG features between multiple channels can provide coupling and
propagation information to differentiate labors and facilitate the prediction of term
delivery and preterm birth, and imminent delivery.

Author Contributions: Conceptualization, D.H. and Y.Y.-L.; methodology, Y.Z., D.H., and Y.Y.-L.;
software, Y.Z.; validation, Y.Z. and D.H.; formal analysis, L.Y. and Y.Y.; investigation, L.Y. and Y.Y.;
resources, X.Z. and D.H.; data curation, Y.Z. and X.Z.; writing—original draft preparation, Y.Z.;
writing —review and editing, D.H., Y.Y.-L. and X.Z,; visualization, Y.Z.; supervision, D.H. and L.Y;
project administration, D.H., L.Y. and Y.Y.; funding acquisition, D.H. and X.Z. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by the National Key R&D Program, grant number
2019YFC0119700, and the National Natural Science Foundation of China, grant number U20A20388.

Institutional Review Board Statement: The study was conducted in accordance with the
Declaration of Helsinki, and was approved by the Local Ethics Committee of Peking Union Medical
Col-lege Hospital (ZS-1453).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study.

Data Availability Statement: The data are not publicly available due to privacy or ethical
restrictions.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

Mas-Cabo, J.; Prats-Boluda, G.; Garcia-Casado, ].; Alberola-Rubio, J.; Perales, A.; Ye-Lin, Y. Design and Assessment of a Robust
and Generalizable ANN-Based Classifier for the Prediction of Premature Birth by means of Multichannel Electrohysterographic
Records. J. Sens. 2019, 2019, 5373810.

Lewis, M.; Passant, L.; Cooke, H.; Challis, D. Women'’s experiences of antenatal transfer for threatened premature labour in
NSW: A qualitative study. Women Birth 2020, 33, E535-E542.

Euliano, T.Y.; Minh, T.N.; Darmanjian, S.; McGorray, S.P.; Euliano, N.; Onkala, A.; Gregg, A.R. Monitoring uterine activity
during labor: A comparison of 3 methods. Am. ]. Obstet. Gynecol. 2013, 208, 66.e1-66.e6.

Garfield R.E.; Maner W.L. Biophysical methods of prediction and prevention of preterm labor: Uterine electromyography and
cervical light-induced fluorescence —New obstetrical diagnostic techniques. In Preterm Birth; CRC Press: Boca Raton, FL, USA,
2006; pp. 131-144.

Garcia-Casado, J.; Ye-Lin, Y.; Prats-Boluda, G.; Mas-Cabo, J.; Alberola-Rubio, J.; Perales, A. Electrohysterography in the
diagnosis of preterm birth: A review. Physiol. Meas. 2018, 39, 02TRO1.

Mas-Cabo, J.; Prats-Boluda, G.; Garcia-Casado, J.; Alberola-Rubio, J.; Monfort-Ortiz, R.; Martinez-Saez, C.; Perales, A.; Ye-Lin,
Y. Electrohysterogram for ANN-Based Prediction of Imminent Labor in Women with Threatened Preterm Labor Undergoing
Tocolytic Therapy. Sensors 2020, 20, 2681.

Hao, D.; Peng, J.; Wang, Y.; Liu, J.; Zhou, X.; Zheng, D. Evaluation of convolutional neural network for recognizing uterine
contractions with electrohysterogram. Comput. Biol. Med. 2019, 113, 103394.

Song, X.; Qiao, X.; Hao, D.; Yang, L.; Zhou, X;; Xu, Y.; Zheng, D. Automatic recognition of uterine contractions with
electrohysterogram signals based on the zero-crossing rate. Sci. Rep. 2021, 11, 1956.

Ahmed, M.U.; Chanwimalueang, T.; Thayyil, S.; Mandic, D.P. A Multivariate Multiscale Fuzzy Entropy Algorithm with
Application to Uterine EMG Complexity Analysis. Entropy 2017, 19, 2.

Devedeux, D.; Marque, C.; Mansour, S.; Germain, G.; Duchéne, J. Uterine electromyography: A critical review. Am. ]. Obstet.
Gynecol. 1993, 169, 1636-1653.

Chkeir, A.; Fleury, M.-].; Karlsson, B.; Hassan, M.; Marque, C. Patterns of electrical activity synchronization in the pregnant rat
uterus. BioMedicine 2013, 3, 140-144.

Jager, F.; Libensek, S.; Gersak, K. Characterization and automatic classification of preterm and term uterine records. PLoS ONE
2018, 13, e0202125.

Mischi, M.; Chen, C.; Ignatenko, T.; de Lau, H.; Ding, B.; Oei, S.G.G.; Rabotti, C. Dedicated Entropy Measures for Early
Assessment of Pregnancy Progression from Single-Channel Electrohysterography. IEEE Tran. Biomed. Eng. 2018, 65, 875-884.
You, J.; Kim, Y.; Seok, W.; Lee, S.; Sim, D.; Park, K.S.; Park, C. Multivariate Time-Frequency Analysis of Electrohysterogram for
Classification of Term and Preterm Labor. . Electr. Eng. Technol. 2019, 14, 897-916.



Sensors 2022, 22, 3352 17 of 18

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Naeem, S.M.; Seddik, A.F.; Eldosoky, M.A. New technique based on uterine electromyography nonlinearity for preterm
delivery detection. ]. Eng. Technol. Res. 2014, 6, 107-114.

Mas-Cabo, J.; Ye-Lin, Y.; Garcia-Casado, J.; Alberola-Rubio, J.; Perales, A.; Prats-Boluda, G. Uterine contractile efficiency indexes
for labor prediction: A bivariate approach from multichannel electrohysterographic records. Biomed. Signal. Proces. 2018, 46,
238-248.

Radomski, D.S. A nonlinear parameterization of multivariate electrohysterographical signals. Comput. Biol. Med. 2015, 67, 13-20.
Radomski, D.S. Reprint of ‘A nonlinear parameterization of multivariate electrohysterographical signals’. Comput. Biol. Med.
2016, 69, 254-260.

Rabotti, C.; Mischi, M. Propagation of electrical activity in uterine muscle during pregnancy: A review. Acta Physiol. 2015, 213,
406-416.

Garfield, R.E.; Murphy, L.; Gray, K.; Towe, B. Review and Study of Uterine Bioelectrical Waveforms and Vector Analysis to
Identify Electrical and Mechanosensitive Transduction Control Mechanisms During Labor in Pregnant Patients. Reprod. Sci.
2021, 28, 838-856.

Mikkelsen, E.; Johansen, P.; Fuglsang-Frederiksen, A.; Uldbjerg, N. Electrohysterography of labor contractions: Propagation
velocity and direction. Acta Obstet. Gyn. Scan. 2013, 92, 1070-1078.

Lange, L.; Vaeggemose, A.; Kidmose, P.; Mikkelsen, E.; Uldbjerg, N.; Johansen, P. Velocity and Directionality of the
Electrohysterographic Signal Propagation. PLoS ONE 2014, 9, e86775.

Xu, Y.; Hao, D.; Zheng, D. Analysis of Electrohysterographic Signal Propagation Direction during Uterine Contraction: The
Application of Directed Information. In Proceedings of the 42nd Annual International Conferences of the IEEE Engineering in
Medicine and Biology Society: Enabling Innovative Technologies for Global Healthcare (EMBC), Montreal, QC, Canada, 20-24
July 2020; pp. 21-25.

Ye-Lin, Y.; Garcia-Casado, J. Automatic identification of motion artifacts in EHG recording for robust analysis of uterine
contractions. Comput. Math. Methods Med. 2014, 2014, 470786.

Hao, D.; An, Y.; Qiao, X,; Qiu, Q.; Zhou, X,; Peng, J. Development of Electrohysterogram Recording System for Monitoring
Uterine Contraction. J. Healthc. Eng. 2019, 2019, 4230157.

David, L.; Tricia, A.; Danilo, M. A Novel Multivariate Sample Entropy Algorithm for Modeling Time Series Synchronization.
Entropy 2018, 20, 82.

Yao, C.Z,; Lin, Q.W.; Lin, ].N. A study of industrial electricity consumption based on partial Granger causality network. Phys.
A Stat. Mech. Appl. 2016, 461, 629-646.

Ahmed, M.U.; Mandic, D.P. Multivariate Multiscale Entropy Analysis. IEEE Signal Processing Lett. 2012, 19, 91-94.

Guo, S; Seth, A.K.; Kendrick, K.M. Partial Granger causality —Eliminating exogenous inputs and latent variables. . Neurosci.
Methods 2008, 172, 79-93.

Lee, J.; Nemati, S.; Silva, I.; Edwards, B.A.; Butler, J.P.; Malhotra, A. Transfer Entropy Estimation and Directional Coupling
Change Detection in Biomedical Time Series. Biomed. Eng. Online 2012, 11, 19.

Rozo, A.; Morales, J.; Moeyersons, J. Benchmarking Transfer Entropy Methods for the Study of Linear and Nonlinear Cardio-
Respiratory Interactions. Entropy 2021, 23, 939.

Fele-Zorz, G.; Kavsek, G.; Novak-Antolic, Z.; Jager, F. A comparison of various linear and non-linear signal processing
techniques to separate uterine EMG records of term and pre-term delivery groups. Med. Biol. Eng. Comput. 2008, 46, 911-922.
Mas-Cabo, J.; Prats-Boluda, G.; Ye-Lin, Y.; Alberola-Rubio, J.; Perales, A.; Garcia-Casado, ]J. Characterization of the effects of
Atosiban on uterine electromyograms recorded in women with threatened preterm labor. Biomed. Signal. Proces. 2019, 52, 198—
205.

Degbedzui, D.K.; Yuksel, M.E. Accurate diagnosis of term-preterm births by spectral analysis of electrohysterography signals.
Comput. Biol. Med. 2020, 119, 103677.

Borowska, M.; Brzozowska, E.; Kuc, P.; Oczeretko, E.; Mosdorf, R.; Laudanski, P. Identification of preterm birth based on RQA
analysis of electrohysterograms. Comput. Methods Programs Biomed. 2018, 153, 227-236.

Hassan, M.; Terrien, J.; Alexandersson, A.; Marque, C.; Karlsson, B. Improving the classification rate of labor vs. normal
pregnancy contractions by using EHG multichannel recordings. In Proceedings of the 2010 Annual International Conference of
the IEEE Engineering in Medicine and Biology Society (EMBC), Buenos Aires, Argentina, 31 August—4 September 2010; pp.
4642-4645.

Nader, N.; Hassan, M.; Falou, W.; Diab, A.; Al-Omar, S.; Khalil, M.; Marque, C. Classification of pregnancy and labor
contractions using a graph theory based analysis. In Proceedings of the 2015 37th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC), Milano, Italy, 25-29 August 2015; pp. 2876-2879.

Acharya, U.R,; Sudarshan, V.K,; Rong, 5.Q.; Tan, Z.; Lim, C.M.; Koh, ].E.W_; Nayak, S.; Bhandary, S.V. Automated detection of
premature delivery using empirical mode and wavelet packet decomposition techniques with uterine electromyogram signals.
Comput. Biol. Med. 2017, 85, 33—42.

Ren, P.; Yao, S; Li, J.; Valdes-Sosa, P.A.; Kendrick, K M. Improved Prediction of Preterm Delivery Using Empirical Mode
Decomposition Analysis of Uterine Electromyography Signals. PLoS ONE 2015, 10, e0132116.

Lin, L.; Ouyang, C.; Chiang, C.; Wu, R.,; Wu, H,; Yang, R. Cumulative Effect of Transcranial Direct Current Stimulation in
Patients with Refractory Epilepsy and its Association with Phase Lag Index-A Preliminary Study. Epilepsia 2018, 593, S54-S54.
Cohen, M.X. Effects of time lag and frequency matching on phase-based connectivity. J. Neurosci. Methods 2015, 250, 137-146.



Sensors 2022, 22, 3352 18 of 18

42.

43.

44.

45.

46.

47.

48.

49.

Rabotti, C.; Mischi, M., van Laar, JJO.EH., Oei, G.S,; Bergmans, J.W.M. Inter-electrode delay estimators for
electrohysterographic propagation analysis. Physiol. Meas. 2009, 30, 745-761.

Escalona-Vargas, D.; Govindan, R.B.; Furdea, A.; Murphy, P.; Lowery, C.L.; Eswaran, H. Characterizing the Propagation of
Uterine Electrophysiological Signals Recorded with a Multi-Sensor Abdominal Array in Term Pregnancies. PLoS ONE 2015, 10,
€0140894.

Jager, F.; Gersak, K.; Vouk, P.; Pirnar, Z.; Trojner-Bregar, A.; Lucovnik, M.; Borovac, A. Assessing Velocity and Directionality of
Uterine Electrical Activity for Preterm Birth Prediction Using EHG Surface Records. Sensors 2020, 20, 7328.

Diab, A.; Hassan, M.; Boudaoud, S.; Marque, C.; Karlsson, B. Nonlinear estimation of coupling and directionality between
signals: Application to uterine EMG propagation. In Proceedings of the 2013 35th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC), Osaka, Japan, 3-7 July 2013; pp. 4366—4369.

Horoba, K.; Jezewski, J.; Wrobel, J.; Matonia, A.; Czabanski, R.; Jezewski, M. Analysis of Uterine Contractile Wave Propagation
in Electrohysterogram for Assessing the Risk of Preterm Birth. |. Med. Imag. Health 2015, 5, 1287-1294.

Planque, S. Contribution a L’etude de la Propagation du Signal Electrohysterographique. Ph.D. Thesis, Génie Biomedical
Compiegne, Universite de technologie de Compiegne, Compiegne, France, 1990.

Lammers, W.J.E.P.; Mirghani, H.; Stephen, B.; Dhanasekaran, S.; Wahab, A.; Al Sultan, M.A.H.; Abazer, F. Patterns of electrical
propagation in the intact pregnant guinea pig uterus. Am. J. Physiol.-Reg. I 2008, 294, R919-R928.

Nieto-del-Amor, F.; Prats-Boluda, G.; Martinez-De-Juan, J.L.; Diaz-Martinez, A.; Monfort-Ortiz, R.; Jose Diago-Almela, V.; Ye-
Lin, Y. Optimized Feature Subset Selection Using Genetic Algorithm for Preterm Labor Prediction Based on
Electrohysterography. Sensors 2021, 21, 3350.



