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A B S T R A C T

Preterm birth prediction is important in prenatal care; however, it remains a significant challenge 
due to the complex physiological mechanisms involved. This study aimed to explore the feasi
bility of phase synchronization of multiple oscillatory components across electrohysterography 
(EHG) and tocodynamometry (TOCO) signals to identify preterm births using advanced machine- 
learning techniques. Using an open-access EHG dataset, we first assessed the degree of phase 
synchronization of five specified frequency ranges from 0.08 to 5.0 Hz in three individual EHG 
signals by constructing two distinct sets of mean phase coherence: the inclusion or exclusion of 
TOCO signals. We then employed two machine-learning models, XGBoost and TabNet, to classify 
preterm and term delivery conditions and analyze the predictive potential of these features. The 
models’ performance was evaluated by considering varying lengths of time windows and the use 
of overlapping windows. Our results demonstrate the importance of lower-frequency EHG signals 
and synchronization patterns across the horizontal plane of the abdomen, particularly synchro
nization between the upper and lower regions of the uterus. Furthermore, we observed a 
distinctive pattern in the high-frequency band (1.0–2.2 Hz), emphasizing the important role of the 
lower horizontal regions with other sites in the synchronization process. Interestingly, our find
ings indicated that TOCO signals, while not substantially enhancing the overall prediction per
formance, contributed to slightly improved accuracy rates when combined with EHG signals. This 
study suggests the critical role of EHG signals and their intricate spatiotemporal patterns in 
predicting preterm birth, providing insights for the development of more accurate and efficient 
prediction models.

1. Introduction

Preterm birth (PTB), defined as premature delivery before 37 weeks of gestation [1], poses a serious risk to both neonates and 
pregnant women [2]. Early prediction of PTB is one of the most promising research topics, as it can reduce the rate of neonatal 
mortality and prevent serious pregnancy complications [3]. However, it is hard to predict the exact time of PTB [4]. Although there are 
various risk factors such as maternal behaviors (tobacco, alcohol, and drug abuse) and medical conditions (obesity, diabetes, and heart 
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disease) related to PTB, as well as an important index such as the shortening cervical length assessed by transvaginal ultrasound at 
about 20 weeks of gestation, there are still no rigid standard parameters to identify PTB [4]. For the purpose of reliable PTB prediction, 
a variety of studies have paid attention to the characteristics of uterine contractility for the examination of the functional status of the 
uterus during pregnancy [5–7]. In this respect, there are two types of important time-series signals for uterus contractility [8,9]. One is 
the tocodynamometry (TOCO), and the other is the electrohysterography (EHG) signals. The external TOCO signals are time-varying 
mechanical pressures of the uterus recorded by a strain gauge belt against the pregnant woman’s abdomen. It has been widely used for 
the detection of uterine contractions and labor progression in pregnancy [10]. However, there are still some issues about the feasibility 
of TOCO signals in PTB with low performance due to the high sensitivity of maternal body mass index (BMI) and movements [11,12]. 
The EHG signals, also known as uterine electromyography signals, are time-varying records that capture changes in the electrical 
activity of the uterine muscles [13,14]. These signals are gathered using several electrodes placed on the abdomens of pregnant 
women. Compared to the TOCO, the EHG is a more prominent long-term monitoring system for the prediction of PTB due to the 
advantage of not only noninvasive recording but also relatively lower-sensitivity to BMI [10,11]. In this study, we aimed to propose a 
new analytic approach to PTB by assessing the degree of synchronization in several spectral phases’ information across multiple EHG 
signals and a TOCO signal. Over the decades, many preterm-related EHG signaling studies have proposed specific useful EHG features 
that not only reflect the condition of the uterus in terms of pregnancy and parturition [8,15] but also serve as vital inputs for machine- 
or deep-learning models to evaluate the health status of pregnant women and their babies or to predict the likelihood of PTB. To 
summarize the main types of EHG features proposed so far, we can broadly categorize them into the following four groups: (1) 
temporal, (2) spectral, (3) nonlinear, and (4) propagation velocity parameters, regardless of whether single or multiple EHG signals are 
considered.

First, temporal features are defined as quantified temporal characteristics of the raw or preprocessed single-channel EHG signals 
without considering predefined, specific frequency ranges. The most commonly used temporal parameters are the peak or median 
amplitude and the root mean square (RMS) value of the absolute EHG signal [16]. Several studies on PTB have employed the RMS 
values because they are highly related to the strength of the EHG contraction and burst [15,16]. However, these amplitude-based 
temporal parameters can easily be contaminated by artifacts originating from the individual conditions of a woman’s tissue and 
impedance changes in the attached EHG electrodes.

Second, spectral power features within some specific frequency ranges have been traditionally employed to predict PTB. In 
particular, the narrow frequency range of 0.34–1.0 Hz of the EHG signal, which has been named ’uterine-specific’ frequency, has 
provided a useful information on the status of uterine activity by avoiding some unwanted artifacts from maternal respiratory and 
heart activities [17,18]. Most studies on PTB have widely used the 0.1–3.0 Hz of the EHG signals [19–22]. This range of frequency is 
also divided into two oscillatory signals: 0.1–0.6 Hz (fast wave low, FWL) and 0.6–3 Hz (fast wave high, FWH) [14]. It has been re
ported that the FWL corresponds to the propagation of electrical activity and the FWH corresponds to the excitability of the uterus [14,
23]. Moreover, many studies have extended to regions of interest with frequency ranges up to below 16 Hz [24].

Third, nonlinear or nonstationary analyses, free from any type of linear model to quantify time-series signals, have also been used to 
represent the temporal characteristics of EHG signals. For instance, several entropy-based techniques, such as sampling, permutation, 
wavelet, and multivariate multiscale entropy, estimate the corresponding entropy of single- or multichannel EHG signals. These 
techniques measure the stability, predictability, and complexity of time-series signals [25–27]. Sample entropy, particularly notable 
for its ability to measure the complexity of finite-length time-series signals, has proven to be effective in distinguishing between term 
and preterm deliveries [26,27]. Statistical analyses have revealed that sample entropy is typically higher in term deliveries than in 
preterm deliveries and progressively decreases as gestation progresses [26].

Finally, regarding propagation velocity parameters, a bundle of EHG studies have intensively investigated changes in the con
duction velocity and direction of EHG bursts originating from action potentials in the uterine muscles [28–30]. For example, Rabotti 
et al. obtained both row and column continuous delays from 64 channel (arranged in an 8 × 8 matrix) EHG signals by adopting a fast 
Fourier transform and maximum likelihood estimation [28,30]. Using these continuous two-dimensional delays, the authors were able 
to estimate the conduction velocity of EHG bursts in the uterus, revealing that the conduction velocity in the labor group was faster 
than that in the non-labor group [28]. Another simulation study improved our understanding of the physiology of the pregnant uterus 
in relation to preterm labor detection by designing three types of models: electrical, force, and deformation. These models simulate the 
electrical activity at the cellular level, the mechanical force at the muscular level, and the deformation model between them in the 
entire uterus [31]. Another study emphasized the capability of EHG wave propagation conduction velocity to distinguish between 
preterm and term deliveries. This was achieved by adopting the velocities in both the vertical and horizontal directions, as well as the 
sample entropy of the EHG signals [32].

As mentioned above, various EHG features have been proposed to predict PTB and monitor uterine health in pregnant women. 
Recent studies have focused on exploring the relationships and correlations across multiple EHG signal channels beyond the physical 
properties of single-channel signals. Despite their potential benefits, these methods have inherited limitations, including strict 
mathematical assumptions and complex computational requirements. To overcome these challenges, we introduced a method 
commonly used in EEG research: phase synchrony. This approach allowed us to assess the time-varying functional connectivity among 
multiple EHG signals simultaneously by quantifying the degree of phase synchronization of certain frequency bands. Given the diverse 
spectral components of EHG signals, we hypothesized that the phase synchronization information of specific unique frequency bands 
could serve as a crucial factor in a preterm birth prediction model.

Therefore, this study focused on the application of our proposed method for classifying term and preterm deliveries and evaluated 
its performance under various conditions. By comparing the results and conducting thorough post-hoc statistical analyses, we aimed to 
propose an optimal solution for integrating EHG phase synchrony into preterm delivery prediction.
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2. Materials and methods

2.1. Term-Preterm ElectroHysteroGram Dataset with Tocogram (TPEHGT DS)

This study utilized one of the most popular EHG databases, the TPEHGT DS, which is publicly accessible on the PhysioNet website 
[18,33]. Our main objectives were twofold. First, we aimed to explore the possibility of utilizing phase synchrony analysis to portray 
EHG characteristics under different pregnancy conditions, specifically preterm and term deliveries. For this purpose, we chose an EHG 
database that contains EHG signals for both preterm and term conditions. Second, we sought to understand the variation in the 
classification accuracy of the two pregnancy scenarios when TOCO signals were present or absent in conjunction with the EHG signals. 
Unlike other EHG databases, TPEHGT DS includes TOCO signals that record the external pressure on the abdomen of the participants.

Participants were categorized into three groups based on their pregnancy conditions: non-pregnant, preterm, and term delivery. In 
this database, monopolar signals were initially captured using four AgCl2 electrodes placed on the abdominal surfaces of both non- 
pregnant and pregnant women. These electrodes were positioned in two horizontal rows, above and below the navel, with a gap of 
7 cm between them. The captured monopolar signals were transformed into three bipolar electromyography signals: S1 (E2-E1) from 
the highest electrode, S2 (E2-E3) from the leftmost electrodes, and S3 (E4-E3) from the lower electrodes, where E1, E2, E3, and E4 
represent the monopolar surface potentials of electrodes 1, 2, 3, and 4, respectively. Along with the three bipolar EHG signals, the 
fourth signal, the TOCO signal, represents the external mechanical pressure on the uterus recorded from the top of the fundus. Both the 
EHG and TOCO signals were prefiltered with a bandwidth of 0–5.0 Hz and digitized at a sampling rate of 20 Hz. All signals were 
recorded concurrently for a 30-min period. Fig. 1A illustrates the common position of electrodes and the description of the three EHG 
signals in the TPEHGT DS database. Fig. 1B shows an example of all raw time-varying signals consisted of the 3 EHG and TOCO signals 
with color-marked annotations (contraction and dummy intervals) in a record.

The TPEHGT DS consists of 31 individual records: five from the non-pregnant, 13 from the preterm, and 13 from the term delivery 
conditions. For the preterm and term conditions, each record had a corresponding annotation file indicating the periods of contraction 
and non-contraction (dummy). In terms of variety, there were an equal total of 53 contraction and dummy intervals in the term 
condition and 47 in the preterm condition.

2.2. EHG and TOCO signal analyses

2.2.1. Band pass filtering
Before conducting the phase synchrony analysis, we applied a band-pass filter to all the EHG and TOCO signals. This was performed 

using a filter bank set to several predetermined frequency ranges, enabling us to identify the unique characteristics of the EHG phase 
synchronization of each band. As mentioned in the Introduction, it is well-documented that the primary frequency component of EHG 
signals ranges from 0 to 5 Hz [14,18,32,34,35]. Within this frequency spectrum, several distinctive bands can be recognized, each of 
which has different clinical implications. For instance, a study conducted by Jager et al. [32] on predicting preterm delivery segmented 
the valid EHG frequency range into five distinct bands: (1) 0.3–1.0 Hz, (2) 0.3–4.0 Hz, (3) 1.0–2.2 Hz, (4) 2.2–3.5 Hz, and (5) 3.5–5.0 
Hz. Guided by past EHG research and our preliminary results, we selected the following five distinct frequency bands for this study as 
(1) B0: 0.08–0.34 Hz, (2) B1: 0.34–1.00 Hz, (3) B2: 1.00–2.20 Hz, (4) B3: 2.20–3.50 Hz, and (5) B4: 3.50–5.00 Hz. Bandpass filtering 
was performed using finite impulse response filters with 256 filter orders. To minimize the potential impact of phase distortion 
resulting from digital filtering, this process is usually implemented in a forward and backward manner.

2.2.2. Phase synchrony
In the main phase synchrony analysis of the EHG and TOCO signals, it is essential to extract instantaneous phase information for all 

the signals within each individual band. To achieve this, we first applied the Hilbert transform to the bandpass-filtered signals, yielding 
the associated analytic signals. Because these filtered and analytical signals correspond to the real and imaginary parts of a complex 

Fig. 1. Fig. 1A depicts the layout of the four AgCl2 electrodes and the description of the three EHG signals in the TPEHGT DS. Fig. 1B shows all raw 
time-varying traces as the three EHG (S1, S2, S3) and TOCO signals with color-marked annotations (contraction intervals in red and dummy in
tervals in green) of one example record (tpeght_p008).
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plane, they can be represented in a complex domain.
We calculated the instantaneous phase information as the angles of all vectors on this complex plane, which was simply determined 

as the radian of the inverse tangent between the real and imaginary parts. Within each frequency band, we also computed all 
instantaneous phase differences among all six pairs comprising the three EHG and one TOCO signals. Next, to gauge the degree of 
phase synchronization between the two signals, we utilized a well-known measure of phase synchrony, known as the Mean Phase 
Coherence (MPC), as proposed by Mormann et al. [36]. As an efficient measure of the consistency of phase differences between two 
signals over a specific time period, the MPC has the statistical advantage of normalization, in which all MPC values numerically range 
from 0 to 1.

As the values of the instantaneous phase differences are in radians, they were transformed into vectors on a unit circle in the 
complex plane using sine and cosine functions. We then determined the mean vector lengths by summing all complex vectors over a 
certain time duration. MPC is the mean of the vector lengths. Normalization of the MPC values from 0 to 1 is necessary because they are 
derived from the vectors on the unit circle in the complex plane. A constant instantaneous phase difference between the two signals 
indicates a strong phase coupling between them, and as a result, the MPC approximates 1. Conversely, if the phase differences exhibit 
substantial fluctuations, the MPC tends towards zero.

2.2.3. Constructing MPC features
Determining a fixed time duration is crucial for calculating the MPC because it represents the mean of the vector sum within a given 

timeframe. Apart from the clinical meaning of uterine contraction during pregnancy, it is still controversial whether the EHG signals 
from the contraction intervals are more useful to classify preterm and term delivery compared with those from the dummy intervals 
[18,37]. In this study, we ignored these contraction and dummy intervals. Instead, we used the complete EHG and TOCO signals across 
the entire duration by sliding a predefined time window with a set overlap rate.

Specifically, the MPC features that represented phase synchrony within a specific timeframe among all pairs were formulated based 
on two factors: the duration of the time window and the overlap rates. For the non-overlapping condition, we established nine distinct 
time window conditions of 2, 5, 10, 20, 40, 60, 80, 100, and 120 s without any overlap in the time window. For the overlapping 
condition, the fixed time windows were divided by varying the overlap rates, resulting in 18 individual conditions. This was performed 
by combining six different time window durations (20, 40, 60, 80, 100, and 120 s) with three overlap rates between the time windows 
(25, 50, and 75 %). In summary, each time window for the construction of the MPC features can be individually arranged through nine 
non-overlapping conditions and 18 overlapping conditions. The MPC measure within a fixed time window served as the set of MPC 
features used in this study for both preterm and term classification tests, as well as for subsequent statistical analysis.

2.3. Classification analyses

2.3.1. Preterm vs. term classification
Using this set of MPC features, we conducted classification tests for preterm and term deliveries to assess the suitability of these 

features, which are linked to the unique characteristics of EHG and TOCO signals. These classification tests had two variations in the 
MPC features, depending on whether they included TOCO signals or not. Because the MPC features are derived from a pair of signals, 
the number of feature dimensions is contingent on whether TOCO signals are included. If the set of MPC features are compiled from the 
EHG and TOCO signals, it would yield a 30-dimensional feature set. However, without the TOCO signal, this is a 15-dimensional 
feature set. In addition, we tested all MPC features by employing two different classifiers based on the TabNet and eXtreme 
Gradient Boosting (XGBoost) algorithms (refer to the following section for further details). Consequently, each individual test 
generated four different performance results (two different algorithms × two variations of the MPC features) for binary classification. 
We evaluated the performance results of the binary classification originating from all 27 conditions based on the time window and 
overlap rate (nine non-overlapping and 18 overlapping conditions).

2.3.2. TabNet and XGBoost
TabNet [38], a deep-learning algorithm specializing in tabular data, combines the advantages of a tree-based ensemble model. It 

comprises two main components: an encoder network and a decision network. The encoder network processes the input features and 
performs a series of nonlinear transformations to produce a set of feature embeddings. These embeddings are then utilized by the 
decision network to generate predictions. The TabNet algorithm also features a unique feature-selection mechanism that learns to 
selectively focus on certain input features, thereby improving prediction accuracy. This mechanism operates using a sparse attention 
system that learns to identify the most pertinent features of each decision step.

XGBoost is a machine-learning algorithm widely used for regression and classification tasks on large, high-dimensional datasets 
[39]. XGBoost implements gradient-boosting trees, which is an ensemble learning method that amalgamates multiple decision trees to 
generate predictions. In XGBoost, each decision tree is constructed sequentially, with each subsequent tree striving to rectify errors in 
the preceding tree. The model learns by minimizing the loss function, which quantifies the disparity between predicted and actual 
values. Loss function optimization was performed using gradient descent, calculating the gradient of the loss function and updating the 
model parameters to reduce the loss.

For the assignment of hyperparameters in both the TabNet and XGBoost models, we used an efficient framework of hyperparameter 
tunings called optuna, which was proposed by Akiba et al. [40], with several advantages, such as ease of setup, flexibility, and 
visualization. We employed the TabNet algorithm with default hyperparameters provided by the PyTorch platform [41]. Some 
hyperparameters were selected by means of the optuna toolbox such as the: (1) number of independent (“n_independent”) and shared 
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(“n_shared”) gated linear units, respectively; (2) coefficient for feature reusage in the masks (“gamma”); and (3) the extra sparsity loss 
of coefficient (“lambda_sparse”). Similar to TabNet, most of the XGBoost hyperparameters were set as the default values and the four 
following hyperparameters were tuned by the optuna toolbox the: (1) maximum depth of a tree (“max_depth”), (2) minimum sum of 
instance weight (“min_child_weight”), (3) minimum loss reduction (”gamma”), and (4) learning rate (“eta”).

In each preterm and term delivery classification test, a set of MPC features was initially constructed under specific conditions 
determined by three factors: the time window, the overlap rate, and whether the TOCO signal was used. All data comprising the MPC 
features in each segmented time window were collected and pooled into two types of delivery conditions across all the subjects. 
Subsequently, the set of MPC features was randomly split into a dataset for the training session (90 %) and another for the test session 
(10 %) using a 10-fold cross-validation method. In the training session, the data for model training were further divided into 90 % 
training data and 10 % validation data. The two classifier models, TabNet and XGBoost, were individually trained using the training 
data in accordance with the corresponding hyperparameters. During the testing session, the learned classifiers predicted the remaining 
test datasets. All classification test results were evaluated based on the accuracy rate, sensitivity, specificity, and F1-score.

2.4. MPC feature evaluation

Based on the results of the preterm and term classification tests, we conducted three further analyses to evaluate the use of in
dividual MPC features to represent the unique EHG properties related to a woman’s pregnancy. To conduct these analyses, it is first 
necessary to select a specified set of MPC features. We chose a set of MPC features obtained from the 100-s interval with a 75 % overlap 
rate, considering the balance with the highest classification accuracies in both the TabNet (80-s time interval) and XGBoost (120-s 
interval) models. First, we examined the significance of each feature to the output of the binary classifier model by utilizing a specific 
function, which is termed as feature importance, available in most decision-tree models, including the XGBoost algorithm. This function 
typically provides three measures of the feature importance: weight, cover, and gain. In decision-tree models, weight indicates how 
often a feature is chosen across all trees during data splitting. Cover is similar to weight, but is additionally weighted by the number of 
training data points. Gain represents the average reduction of training loss achieved at the data split. In this study, we adopted feature 
importance as the weight in both the TabNet and XGBoost models. Second, we applied the SHapley Additive exPlanations (SHAP) 
method to inspect individual feature attributes in the binary classifier XGBoost model. SHAP was developed to address some limi
tations of the feature importance function embedded in decision-tree-based models. For instance, measurements from feature- 
importance methods can lead to inconsistent and inaccurate interpretations because they appear to be sensitive to different classi
fier models [42]. The SHAP analysis offers the advantage of providing both local and global interpretability of input features, inde
pendent of the model used, by comparing the contribution of individual features to the final output relative to the overall average 
predicted by the model. The overall flowchart of analytic procedures in this study were illustrated in Fig. 2.

2.5. Statistical analysis on MPC features

To assess the statistical characteristics of MPC features, we performed further statistical analyses to verify significant differences 
across preterm, term, and non-pregnancy conditions in the TPEHGT DS. Prior to these analyses, we selected a representative set of MPC 
features calculated from a 100-s time window with a 75 % overlap rate. This set was identical to the one used in the SHAP analysis, as it 
showed one of the best performances in the main preterm and term delivery classification tasks. The dataset consisted of 115 samples 
from 5 non-pregnant individuals, 299 samples from 13 preterm deliveries, and 299 samples from 13 term deliveries, regardless of 
contraction, dummy, and other remaining intervals. For each individual feature, we first performed the Kruskal-Wallis H-test, a 
nonparametric statistical test for one-way ANOVA on ranks, to assess whether significant differences exist across the three pregnancy 

Fig. 2. Overall flowchart of the analytic procedures in this study starting from the preprocessing of raw EHG and TOCO signals to binary classi
fication tests using XGBoost and TabNet algorithms.
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conditions. In cases where the Bonferroni-adjusted p-values were below 0.05, we performed additional post-hoc analyses using the 
Mann-Whitney U test on all possible pairs among the three conditions to determine which conditions were different.

3. Results

3.1. Preterm vs. term classification

To assess the overall performance of term and preterm delivery classification tasks in terms of the two binary classifiers and the use 
of TOCO signals, we summarized all accuracy rates as a representative metric of performance in both the non-overlap and overlap 
conditions. Table 1 and Fig. 3 display all accuracy rates with respect to various fixed time windows in the non-overlapping condition, 
where the MPC features were obtained without any overlap between the segmented time windows. As depicted in Fig. 3, the two 
classifiers, TabNet and XGBoost, show different trends according to the length of the time window. The performance of XGBoost 
increased linearly until a window time of nearly 40 s and then remained constant despite longer window times. Conversely, the 
performance of TabNet increased at the 20-s window time, but dramatically decreased from the 40-s window time. This observation 
seems to originate from the differing procedures of hyperparameter tuning between TabNet and XGBoost and will be discussed in more 
detail below.

In comparison with two different sets of MPC features, where the TOCO signals were either included (30 feature dimensions) or 
excluded (15 feature dimensions), the accuracy was slightly higher when the TOCO signals were used. However, it is unlikely that the 
use of TOCO signals significantly improved the overall performance because these differences under all conditions were minimal. The 
highest accuracy rate for XGBoost was 0.900 in the 100-s time window with the TOCO signal, while that for TabNet was 0.820 in the 
20-s time window with the TOCO signal. The corresponding performance metrics in the non-overlapping condition are listed in 
Table 2.

In the overlapping condition, where the MPC features were extracted from the overlapping time windows, Table 3 and Fig. 4
present the accuracy rates with respect to both the time window and overlap rates. Note that, in addition to the three different overlap 
rates of 25 %, 50 %, and 75 %, we also included a no-overlap rate of 0 % for a more direct comparison with Table 1 and Fig. 3. The 
results showed that larger overlap rates corresponded to higher accuracy rates, with all rates derived from a 75 % overlap surpassing 
those of the other overlap percentages. In general, XGBoost outperformed TabNet under most conditions, except in the shortest time 
interval (20 s) or at smaller time windows (20, 40, 60, and 80 s), with higher overlap rates (75 %). Similar to the non-overlapping 
condition, the inclusion of TOCO signals did not significantly boost accuracy rates. The peak accuracy rate for TabNet reached 
0.983 at an 80-s window time with a 75 % overlap rate and the inclusion of the TOCO signal, whereas XGBoost peaked at 0.978 at a 
100-s window time with the same overlap rate and the inclusion of the TOCO signal. The highest accuracy rates with the TOCO signals 
were only 0.035 and 0.009 higher than those without TOCO signals by the TabNet and XGBoost classifiers, respectively. For the 
comparison of these results with the classification performance reported in previous studies, we summarized the main metrics of 
classification performance on preterm and term deliveries corresponding to the TPEHGT DS database in Table 4.

3.2. MPC feature evaluation and statistical analysis related to different delivery conditions

For a more comprehensive analysis, considering not only the statistical difference of individual features but also the feature 
importance in differentiating preterm and term deliveries, we relied on MPC features with TOCO signals extracted from a 100-s time 
window with a 75 % overlap rate, as summarized in Table 5. The following analyses utilized the same MPC features extracted under 
these conditions.

Fig. 5A illustrates all the SHAP values that indicated the effect of each MPC on the preterm and term classification tasks, and the 
mean of the absolute SHAP values is depicted in Fig. 5B. In Fig. 5A, each data point, represented by either a red or blue dot, signifies a 
SHAP value associated with the prediction of preterm or term delivery. For example, if an individual feature has many red dots located 
on the positive x-axis, this indicates that the corresponding feature led to a term delivery prediction. The red dots on the negative x-axis 
represent preterm delivery predictions. Fig. 5C illustrates the importance of each MPC feature in the preterm and term delivery 
classification tasks. The importance of a feature was defined by the frequency of its appearance in both models. Note that the values of 

Table 1 
Accuracy rates of preterm and term delivery classification tasks without overlap rate.

Window Time (sec) TabNet XGBoost

without Toco with Toco without Toco with Toco

2 0.624 0.653 0.641 0.670
5 0.702 0.728 0.718 0.755
10 0.749 0.789 0.767 0.807
20 0.791 0.820 0.816 0.845
40 0.565 0.636 0.852 0.885
60 0.578 0.620 0.859 0.865
80 0.568 0.547 0.879 0.888
100 0.554 0.577 0.878 0.900
120 0.467 0.495 0.866 0.882
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feature importance in Fig. 5C were obtained from the MPC with TOCO signals at a 100-s time window with a 75 % overlap rate, in 
which the performance of the XGBoost classifier was almost at the highest level, but those of the TabNet classifier (0.844) were not 
better than those of the same case in the 80-s time window (0.983), as shown in Table 3.

Considering the evidence of feature importance shown in Fig. 5, which is more focused on the SHAP results (Fig. 5A and B), we can 
summarize three main findings. First, the use of MPC features for preterm prediction could be interpreted in terms of two distinct 
frequency ranges, B0, B1, B2, B3, and B4, either above or below 2.2 Hz. The MPC features obtained from the lower frequency ranges 

Fig. 3. The graph represents the accuracy rates of the binary classifiers, TabNet and XGBoost, comparing accuracy across various fixed time 
windows under non-overlapping conditions where the MPC features were obtained. The x-axis represents the length of the time window, and the y- 
axis represents the accuracy rate of each classifier.

Table 2 
The best performance metrics of non-overlapping conditions at 20 s in TabNet and 100 s in XGboost.

0 % overlap Toco accuracy sensitivity specificity F1 score

20 s (TabNet) without Toco 0.791 0.784 0.798 0.792
with Toco 0.820 0.849 0.791 0.806

100 s (XGBoost) without Toco 0.878 0.883 0.873 0.876
with Toco 0.900 0.918 0.882 0.897

Table 3 
Accuracies of preterm and term delivery classification tasks with overlap rates.

Window Time (sec) Overlap percentage (%) TabNet XGBoost

without Toco with Toco without Toco with Toco

20 0 0.791 0.820 0.816 0.845
25 0.812 0.865 0.830 0.872
50 0.844 0.888 0.841 0.884
75 0.876 0.937 0.873 0.918

40 0 0.565 0.636 0.852 0.885
25 0.743 0.770 0.870 0.895
50 0.832 0.904 0.889 0.910
75 0.926 0.969 0.920 0.950

60 0 0.578 0.620 0.859 0.865
25 0.616 0.675 0.867 0.904
50 0.742 0.758 0.914 0.923
75 0.948 0.978 0.937 0.965

80 0 0.568 0.547 0.879 0.888
25 0.561 0.590 0.900 0.906
50 0.635 0.700 0.921 0.930
75 0.886 0.983 0.955 0.964

100 0 0.554 0.577 0.878 0.900
25 0.538 0.587 0.918 0.906
50 0.559 0.631 0.922 0.928
75 0.903 0.844 0.966 0.970

120 0 0.467 0.495 0.866 0.882
25 0.572 0.544 0.895 0.899
50 0.596 0.567 0.927 0.930
75 0.671 0.797 0.969 0.978
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(B0, B1, and B2) below 2.2 Hz were more informative for preterm prediction than those of higher frequencies (B3 and B4). Second, in 
the B2 band, the two highest SHAP values were for the S3-S2 and TO-S3 pairs, with high feature importance in the XGBoost model at 
S3-S2. Third, the S3-S1 pair played an important role in both the B0 and B1 bands, with the highest feature importance in the XGBoost 
model for the B1 band. These findings indicate that the EHG signals in the lower horizontal direction (S3) play a more important role in 
the phase network in the low-frequency ranges below 2.2 Hz across other signals, including TOCO signals.

These findings of feature importance were further verified by additional statistical analyses across three different pregnancy 
conditions (preterm, term, and non-pregnancy), which are summarized in both Table 6 and Fig. 6. Using two main nonparametric 
statistical analyses, the Kruskal-Wallis and Mann-Whitney rank tests, we identified significant differences in MPC features across 
various pregnancy conditions. As shown in Table 6, most MPC features across B0 to B4 bands exhibited statistically significant dif
ferences between the non-pregnancy and pregnancy conditions. Notably, the lower frequency ranges (B0, B1, B2) have more powerful 
features with significant differences compared to the higher frequency ranges (B3, B4). In particular, all six features in each of the B0 
and B2 bands, along with four features in the B1 band, demonstrated strong statistical differences (p-value <0.01). In line with the 
objective of this study, we observed strong statistical differences between preterm and term deliveries in three of four MPC features 
(S3-S1 in B0 (Fig. 6A), S3-S1 in B1 (Fig. 6B), TO-S3 in B2 (Fig. 6D)) that showed the highest feature importance in the SHAP analysis. 
Specifically, horizontal synchronization (S3-S1 pair) in the B0 band was higher in the preterm condition, while vertical synchroni
zation (S3-S2 pair) in the B2 band was higher in the term condition (Fig. 6C). In addition, the synchronization between the lower 
horizontal direction (S3) and TOCO signals in the B2 band was relatively higher in the preterm condition. Based on these statistical 

Fig. 4. This figure illustrates the accuracy rates of the binary classifiers, TabNet and XGBoost, under overlapping conditions. The accuracy rates are 
presented in relation to both the length of the time window and the degree of overlap (0 %, 25 %, 50 %, and 75 %). Each line corresponds to a 
different overlap rate, showing that larger overlap rates generally lead to higher accuracy rates.

Table 4 
Summary of the resultant metrics of preterm and term delivery classification in TPEHGT DB.

Works Signals Segments/Intervals Features Methods SEN 
(%)

SPE 
(%)

ACC 
(%)

Jager et al., 
2018 
[18]

S2, 
S3

Contraction interval Sample entropy, 
Median frequency, 
Peak amplitude

SFS 
+

QDA

89.0 89.0 88.7
Dummy interval 87.0 91.0 88.8

S2, 
TOCO

Contraction interval 89.0 92.0 90.6
Dummy interval 91.0 92.0 91.5

Chen et al., 
2020 
[52]

S1, 
S2, 
S3, 
TOCO

51.2 s segments in the contraction and dummy intervals 
manually

Sample entropy, 
Wavelet entropy

DNN 98.0 97.7 97.9
DBN 91.6 94.2 93.0
H-ELM 93.2 87.5 90.4

This study S1, 
S2, 
S3, 
TOCO

100 s segments without overlap in the entire signal Mean phase 
coherence

XGBoost 91.8 88.2 90.0
100 s segments with 75 % overlap in the entire signal 96.9 97.1 97.0

Table 5 
The performance metrics of the TabNet and XGBoost classifiers using MPC features extracted from 100 s with overlap of 75 %.

100 s overlap 75 % TabNet XGBoost

accuracy sensitivity specificity F1 score accuracy sensitivity specificity F1 score

without Toco 0.903 0.955 0.850 0.915 0.966 0.973 0.959 0.966
with Toco 0.844 0.949 0.739 0.770 0.970 0.969 0.971 0.970
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results, we confirmed that the MPC features related to different pregnancy conditions, which were primarily used as input variables for 
the XGBoost classifier, significantly contributed to the improved classification performance between preterm and term deliveries.

4. Discussion

4.1. Spectral characteristics of phase synchronization in the EHG and TOCO signals related to preterm and term deliveries

Our study aimed to determine the predictive potential of uterine EHG signals in distinguishing between preterm and term births 
using advanced machine-learning algorithms. We identified two EHG phase synchronization features as significant predictors. The first 
key feature included EHG signals from the S1-S3 pairs within the B0 and B1 frequency bands (0.08–1.0 Hz), and the second included 
EHG signals from the S2-S3 and S3-TO pairs in the B2 frequency band (1.0–2.2 Hz). The crucial influence of EHG signals in the low- 
frequency range (<2.2 Hz) on preterm birth prediction was apparent in our study.

The utility of lower-frequency EHG signals for preterm birth prediction is consistent with previous findings [26,30,43]. For instance 
Ref. [30] underlined that the spectral power within the 0.3–3.0 Hz range could successfully differentiate between term and preterm 
deliveries. Fele-Zorz et al. [26] further supported the importance of low-frequency signals in predicting labor, emphasizing the sig
nificance of spectral power in low-frequency bands (<3 Hz) in differentiating between true and false labor. Moreover, a previous study 
found significant changes in power spectral density and propagation velocity in the low-frequency range (0.3–0.8 Hz) of EHG signals 
during labor [34]. Our study further validated these earlier findings and refined the understanding of this frequency range (<2.2 Hz), 
which appeared to be the most critical in preterm labor prediction.

In the higher frequency band (0.34–2.2 Hz), our research underscored the importance of phase synchronization features from the 
S2-S3 and S3-TO pairs. Notably, S3 (lower horizontal) appeared to serve as a central point for both vertical (S2) and TOCO signal 
synchronization within this band. This finding is particularly relevant, as it points to the spatiotemporal propagation of uterine 
contractions, a critical aspect of labor that has been explored in previous studies [44,45]. Our study suggests that while the 
lower-frequency signals (<1.0 Hz) might be tied to the overall synchronization of contractions across the horizontal plane, the 
higher-frequency signals (1.0–2.2 Hz) could be representative of localized myometrial activity and the propagation of contractions 
involving both vertical and horizontal directions. This interpretation aligns with the findings of Leman et al. [46] who suggested that 
the different frequency components of EHG signals may reflect distinct aspects of the contractile process.

Our results revealed a distinctive pattern of phase synchronization across the vertical plane of the abdomen, as represented by the 
S2-S3 pairs in the 0.08–1.0 Hz band. Synchronization across the upper (S1) and lower (S3) uterine regions is indicative of an intricate 
network of electromechanical activities occurring during labor. Several studies have underscored the critical role of this synchroni
zation in labor progression and effective expulsion of the fetus [28,47]. This synchronization pattern may reflect the coordinated 

Fig. 5. Fig. 5A shows the individual SHAP values. Each data point, represented by either a red or blue dot, signifies a SHAP value associated with 
the prediction of preterm or term delivery. Fig. 5B shows the mean absolute SHAP values in Fig. 5A. Fig. 5C shows the feature importance (weight) 
of individual MPC features in the TabNet and XGBoost models, respectively.
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contractile behavior of the uterus during labor. Moreover, these signals within the 0.08–1.0 Hz band are recognized as uterine-specific 
frequencies, corresponding to the natural frequencies of the uterine muscle [10,48]. Euliano et al. [49] further supported this finding 
by demonstrating the sensitivity of low-frequency signals to oxytocin-induced uterine contractions. Therefore, our findings regarding 
the S1-S3 pairs in this band provided a valuable link between this uterine-specific frequency and the synchronization of uterine 
contractions during labor. Additionally, we examined the role of TOCO signals in predicting preterm delivery. Consistent with previous 
studies [8,50], our findings suggest that TOCO signals may not substantially boost the overall performance of preterm delivery pre
dictions. However, the inclusion of the TOCO signals contributed to slightly higher accuracy rates in our classification tasks. This is 
attributed to the distinct types of information captured by the EHG and TOCO signals. EHG signals directly reflect the electrical activity 
of the myometrium, which induces physical contractions, whereas TOCO signals provide a mechanical measure of these uterine 
contractions. This distinction implies that EHG signals may provide a more precise depiction of uterine activity, particularly regarding 
the initiation and propagation of contractions. However, the potential synergistic effect of combining EHG and TOCO signals in 
prediction models should not be overlooked and warrants further investigation.

Table 6 
Statistical analysis on non-pregnancy, preterm, and term delivery conditions by means of the set of MPC features extracted from 100 s with overlap of 
75 %. For the statistical results, single asterisk markers indicate the marginally significant differences across the corresponding groups (p < 0.05) and 
double asterisk markers indicate the strongly significant differences (p < 0.01).

Band Pair MPC (avg ± std) Krustal-Wallis test Post-hoc (Mann-Whitney rank test)

NP P T NP vs P NP vs T P vs T

B0 S2_S1 0.51 ± 0.22 0.24 ± 0.14 0.26 ± 0.17 ** ** ** ​
S3_S1* 0.47 ± 0.24 0.30 ± 0.19 0.23 ± 0.16 ** ** ** **
S3_S2 0.77 ± 0.15 0.35 ± 0.16 0.41 ± 0.23 ** ** ** ​
TO_S1 0.72 ± 0.19 0.42 ± 0.20 0.45 ± 0.24 ** ** ** ​
TO_S2 0.90 ± 0.05 0.45 ± 0.26 0.54 ± 0.26 ** ** ** **
TO_S3 0.48 ± 0.19 0.49 ± 0.16 0.44 ± 0.16 ** ** ​ ​

B1 S2_S1 0.44 ± 0.19 0.52 ± 0.17 0.46 ± 0.14 ** ** ** ​
S3_S1* 0.73 ± 0.20 0.78 ± 0.14 0.72 ± 0.17 * ​ ​ *
S3_S2 0.88 ± 0.10 0.80 ± 0.15 0.75 ± 0.17 ** ** ** **
TO_S1 0.94 ± 0.05 0.90 ± 0.07 0.87 ± 0.10 ** ** ** ​
TO_S2 0.48 ± 0.29 0.34 ± 0.18 0.35 ± 0.19 * ** ​ ​
TO_S3 0.36 ± 0.24 0.34 ± 0.18 0.25 ± 0.17 ** ** ** ​

B2 S2_S1 0.59 ± 0.22 0.32 ± 0.15 0.37 ± 0.23 ** ** ** ​
S3_S1 0.64 ± 0.24 0.41 ± 0.18 0.46 ± 0.23 ** ** ** ​
S3_S2* 0.86 ± 0.08 0.43 ± 0.26 0.54 ± 0.26 ** ** ** **
TO_S1 0.55 ± 0.20 0.24 ± 0.15 0.17 ± 0.10 ** ** ** **
TO_S2 0.36 ± 0.17 0.33 ± 0.19 0.24 ± 0.15 ** ** ** ​
TO_S3* 0.23 ± 0.18 0.39 ± 0.20 0.32 ± 0.23 ** ** ** **

B3 S2_S1 0.17 ± 0.14 0.20 ± 0.14 0.19 ± 0.18 ​ ​ ​ ​
S3_S1 0.21 ± 0.22 0.09 ± 0.05 0.09 ± 0.06 ** ** ** ​
S3_S2 0.64 ± 0.22 0.28 ± 0.18 0.20 ± 0.12 ** ** ** **
TO_S1 0.34 ± 0.20 0.39 ± 0.21 0.28 ± 0.17 ** ** ​ ​
TO_S2 0.22 ± 0.15 0.18 ± 0.10 0.24 ± 0.23 ​ ​ ​ ​
TO_S3 0.15 ± 0.12 0.13 ± 0.07 0.17 ± 0.17 ​ ​ ​ ​

B4 S2_S1 0.20 ± 0.19 0.08 ± 0.04 0.09 ± 0.05 ** ** ** ​
S3_S1 0.40 ± 0.24 0.26 ± 0.17 0.19 ± 0.11 ** ** ** **
S3_S2 0.28 ± 0.19 0.33 ± 0.19 0.30 ± 0.21 ​ ​ ​ ​
TO_S1 0.21 ± 0.15 0.37 ± 0.21 0.31 ± 0.22 ** ** ** **
TO_S2 0.16 ± 0.11 0.19 ± 0.14 0.18 ± 0.17 ​ ​ ​ ​
TO_S3 0.20 ± 0.18 0.09 ± 0.05 0.09 ± 0.06 ** ** ** ​

The four MPC features superscripted with an asterisk are the same as the four features with the highest SHAP values and shown in Fig. 6.

Fig. 6. The distribution of three different pregnancy conditions (non-pregnancy, preterm, and term) in the four most important MPC features by 
SHAP analysis at 100-s segment with 75 % overlap. The errorbar means the standard error in each group.
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4.2. Performance of classification between preterm and term deliveries

As summarized in Table 4, two previous studies [18,52] have reported classification test results between preterm and term de
liveries using the same TPEHGT DS as this study. In the study [18], that initially introduced the TPEHGT DS, the authors utilized 
sample entropy, median frequency, and peak amplitude derived from single-channel signals as the main EHG features. Using 
sequential forward selection (SFS) for feature selection and a quadratic discriminant analysis (QDA) classifier, they achieved the best 
accuracies of 90.6 % for contraction intervals and 91.5 % for dummy intervals. Although the occurrence of contractions is clinically 
important [43,51], as these results indicate, the differentiation between contraction and dummy intervals does not impact the clas
sification of preterm and term deliveries using EHG and TOCO signals. In another study [52], the authors calculated sample entropy 
and wavelet entropy from manually segmented windows of 51.2 s (1024 samples) without distinguishing between contraction and 
dummy intervals. These constructed EHG features were then utilized as input features in several types of neural network-based 
classifiers, resulting in classification accuracies between preterm and term deliveries ranging from 90.4 % to 97.9 %. However, 
despite their outstanding classification performance, neural network-based classifiers in high-dimensional spaces require substantial 
computing resources for model training and have the limitation that results cannot be easily explained in terms of clinically inter
pretable EHG characteristics.

Unlike the aforementioned studies, our study focused on spectral phase synchronization between two signals rather than specific 
linear or nonlinear dynamics of a single signal. Additionally, we implemented two different types of classifiers: XGBoost and TabNet. 
One is a representative method based on machine learning techniques, and the other is based on deep learning techniques. Under 
various conditions defined by window size and overlap rate, we used spectral phase synchronization information obtained from 100-s 
segmented signals without considering contraction or dummy intervals. This approach resulted in accuracies of 90.0 % (without 
overlap) and up to 97.0 % (with a 75 % overlap rate). By exploring the effect of overlapping time windows on prediction accuracy, we 
observed that a higher overlap ratio led to increased accuracy. The use of overlapping windows in time-series analysis is a widely 
accepted approach in signal processing because it ensures the continuity of information and prevents the potential loss of crucial data 
points at the window boundaries [53,54]. Specifically, our results showed the highest accuracy with a 75 % overlap ratio. This trend 
can be attributed to the continuity of the signal and the nature of labor contractions, which are characterized by a wave-like pattern 
with a relatively long duration. Higher overlap ratios allowed for a more fine-grained capture of these contraction patterns, thereby 
providing more information to the classification models. This is corroborated by a previous study [55] that found that overlapping 
windows improved the performance of activity recognition systems. However, it is important to consider this trade-off, as a higher 
overlap could also lead to a high correlation between samples, potentially resulting in overfitting. The improvements in accuracy at a 
75 % overlap ratio in our study suggest that the benefits of capturing more fine-grained temporal information and increasing the 
sample size may outweigh the potential overfitting risks at this level of overlap.

Interestingly, the XGBoost and TabNet classifiers exhibited apparent differences depending on the length of the time window, 
which is directly related to the number of samples fed into the classifiers. As the window size increases, the number of samples de
creases. We believe these different performance trends are mainly due to inherent differences in the architectures of these two models 
in dealing with tabular data. XGBoost is a gradient-boosting model that operates by building an ensemble of weak prediction models. 
TabNet, a deep learning model, adopts a different approach. Its architecture relies on attention mechanisms, allowing it to select useful 
features and skip irrelevant ones [38].

Recently, numerous deep learning-based methodologies have been developed in the field of data science. In particular, studies 
dealing with image or language-type data have reported dramatically superior performance compared to traditional machine learning- 
based methodologies. However, when considering tabular data formats, some open questions remain. Recent studies have reported 
that tree-based models, such as XGBoost, outperform neural network-based models [56,57]. While further research is ongoing 
regarding the underlying causes, a recent study [56] reported that neural network-based models exhibited lower performance than the 
XGBoost algorithm in handling tabular datasets due to unwanted bias toward overly smooth solutions, as well as high sensitivity to 
uninformative features and the rotation of original data during training. One of our results, which showed higher performance of 
XGBoost compared to TabNet under conditions of longer window size and small overlap rate, also demonstrates the outperformance of 
tree-based classifiers in small datasets with more complex patterns in the decision hyperplane.

In conclusion, our study reaffirmed the predictive potential of EHG signals for preterm birth while providing specific insights into 
the frequency and spatial patterns of uterine contractions. By aligning with and expanding the existing body of research, our findings 
significantly contribute to the ongoing development of more accurate and effective preterm prediction models.
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