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Abstract - Preterm delivery is one of the major contributors to mortality and morbidity among infants. Infants born prematurely
are more susceptible to respiratory, neurological, and other complications that can cause developmental issues throughout their
lives. It is therefore crucial to identify pregnancies at high risk of preterm delivery as early as possible to take timely
interventions, reducing mortality and complications among infants. Electrohysterography, which detects the electrical activity
of uterine muscles, is a promising tool for the early prediction of preterm delivery. It detects changes in uterine contractions,
which are precursors to delivery. However, existing machine learning approaches for analyzing electrohysterography signals,
which are based on statistical features, are inadequate for effectively extracting features from uterine muscle signals. The current
research examines the application of EHG signals along with maternal clinical features for preterm birth forecasting.
Specifically, a novel combination of CNN-BiLSTM networks was introduced to generate both spatial and temporal features from
time-frequency EHG spectrograms. The second branch consists of extracting manually crafted EHG features and clinical
features using a Random Forest classifier. At last, predictions obtained from the two branches were fused by stacking techniques.
The experimental results on the TPEHGDB database achieved ROC-AUC scores of 0.88 and 0.90 for the hybrid and ensemble

models, respectively.
Keywords - Preterm birth prediction, Electrohysterogram (EHG), CNN-BiLSTM, Grad-CAM, Ensemble learning.
purposes. These algorithms have also been used to extract

some physiological features regarding uterine
electrophysiologic properties.

1. Introduction

Early approaches in using electrohysterographic data for
the prediction of premature birth used conventional methods
of signal processing to engineer features from uterine

electrical recordings. Some commonly analyzed signals
include entropies, spectral properties, frequency features, and
various statistical values used for differentiating between term
pregnancy and preterm cases. These features were then fed
into classic machine learning classifiers that can automatically
classify the data.

Classic machine learning algorithms such as support
vector machines, decision trees, and random forests have been
applied to the analysis of Electrohysterogram (EHG) data,
showing some potential for detecting preterm labor patterns.
Similarly, classic feature extraction algorithms like wavelet
analysis, entropy calculation, among other signal processing
algorithms, have also been applied for the characterization of
uterine electrophysiologic recordings and labor monitoring
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Recently made advances in deep learning technology
have enabled the analysis of EHG signals to move away from
the need for manual design of features towards automatic
feature learning from biomedical signal data. CNNs have been
found to be successful at learning spatial features from time-
frequency transformation of the data, while RNNs have been
used for capturing temporal dependencies in the physiological
data sequences [1]. In addition, the presence of huge open
databases of physiological data, such as PhysioNet, makes it
possible to train and validate the performance of healthcare-
related predictive models using such data [2].

Nevertheless, despite these advancements, there are many
models that remain focused purely on the use of
electrophysiological information, ignoring other factors,
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which may be beneficial for improving the results. For
example, clinical characteristics such as maternal age, BMI,
and obstetric history have been found to be associated with
preterm delivery as risk factors [3, 4]. Thus, the combination
of physiological data with clinical characteristics can provide
an additional value for the model predictions.

1.1. Research Gaps and Motivation

However, even though some recent advancements have
been made towards developing predictive models based on
EHG, a number of methodological challenges still persist. For
example, the current state-of-the-art models rely on manually
developed features and do not leverage the temporal
information encoded in uterine contraction signals. In
addition, no clinical risk factors are typically incorporated.

In order to mitigate the aforementioned issues, this
research article proposes a multimodal predictive model that
incorporates EHG signal analysis along with clinical
information. For this purpose, the proposed architecture
incorporates a convolutional neural network and a
bidirectional LSTM network to extract spatial and temporal
features from the spectrogram representation of EHG signals.
In addition, ensemble learning techniques are used to combine
the outputs from the deep learning model and a conventional
machine learning classifier for better prediction accuracy and
stability.

The main contributions of the study can be stated as
follows:

A CNN-BILSTM architecture-based framework has
been designed to derive spatial and temporal feature
representations from the spectrogram representation of
EHG data.

A framework for fusing deep features extracted from
EHG and maternal clinical data together has been
proposed.

An ensemble architecture using deep learning and
traditional machine learning output values has been
designed.

The use of interpretability through Grad-CAM has been
incorporated to visualize discriminative regions of EHG.

2. Related Work

The previous research studies on the detection of pre-term
birth through Electrohysterogram (EHG) measurements
primarily focused on machine learning systems that make use
of manually crafted features from signal representation.
Machine learning algorithms, which include Support Vector
Machines (SVMs), Decision Tree models, and Random Forest
classifiers, have been used on statistical and frequency-based
EHG representations to detect the difference between term and
preterm births with moderately successful accuracy of around
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80% [5, 6]. But all these studies have solely made use of
classifier systems without making use of multimodal
approaches [5].

There were other studies on detecting term versus preterm
pregnancy based on advanced signal processing techniques for
characterizing the uterine electrophysiology pattern. Despite
the success of such signal analysis approaches, their results
still largely depend on signals without any clinical data to
support their prediction process [7, 8]. Furthermore, existing
prediction models using EHG-based frameworks often fail to
address issues such as model interpretability and the
incorporation of clinically relevant risk factors in their
frameworks. This lack of model interpretability may impede
the applicability of such predictive systems in clinical
environments for decision support systems [9, 4]. Moreover,
previous predictive models have mainly concentrated on
signal-based predictive techniques and have not incorporated
a combination of signal-based and clinical information, such
as characteristics of mothers and their obstetric histories,
which may improve predictive capabilities in predicting
preterm births [3].

In order to overcome shortcomings in current approaches,
the framework makes use of multi-modal clinical data fusion,
Grad-CAM based explainability technique, and ensemble
learning techniques to provide a reliable and understandable
prediction model for predicting preterm birth based on EHG
signal features.

Experimental results revealed that the hybrid CNN-
BiLSTM approach performed well with an ROC-AUC score
of 0.88, suggesting its capability of representing input
spectrogram features in complex forms. Moreover, the
experimental results also showed that the application of the
ensemble model, which is formed by combining outputs of the
hybrid deep learning approach and the RF algorithm, was
more effective in making predictions. Specifically, the best
results in terms of accuracy (0.83) and ROC-AUC scores
(0.90) were obtained by the ensemble model among all
investigated models.

In summary, the use of multimodal feature fusion, hybrid
deep models, explainable Al methods, and ensemble methods
ensures that the proposed model performs better in terms of
predictive capability than other techniques for preterm birth
prediction using EHG signals [5, 7, 9, 4]. Recent research
works also focused on the synchronization properties of EHG
signals to better comprehend the electrical activities of the
uterine muscles and differentiate imminent delivery
conditions [10]. From Table 2, it can be seen that the proposed
framework considers the use of multiple components, which
are seldomly used together in prior EHG prediction systems.
The components involved are multimodal feature fusion,
explainability, and ensemble learning.
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Table 1. Existing literature on EHG deep learning and prediction
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no clinical
fusion
No
explainability
EHG None LSTM No No No No and no [13]
multimodal
fusion
Limited
Not explainability,
EHG Basic ML + CNN | Limited Limited Not Reported R uncertainty [4]
eported L
estimation, and
clinical fusion
Table 2. Comparative analysis of existing approaches and the proposed framework
Study Clinical Fusion | Deep Learning | Explainability | Ensemble | Multimodal AUC
Goldsztejn et al. No RNN No No No 0.74
Fergus et al. No No No No No 0.70
Mohammadi et al. No CNN No No No 0.80
Existing ML approaches Partial No No No Partial 0.70-0.80
Proposed framework Yes CNN-BILSTM | Yes (Grad-CAM) Yes Yes 0.90

3. Methodology

In the current research, a multi-modal approach will be
considered to predict premature delivery by combining EHG
signals and maternal clinical parameters.
Electrohysterography has been extensively studied in
literature to determine the characteristics of uterine electrical
signals and design computational techniques to differentiate
between term and preterm pregnancies [5, 7]. The availability
of public databases like Term-Preterm Electrohysterogram
Database (TPEHGDB) has significantly contributed towards
the development and evaluation of machine learning
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algorithms for pregnancy assessment using EHG signals [2,
12]. In this regard, the proposed methodology incorporates
aspects of both deep learning and classical machine learning
in order to achieve better predictive results. Past studies have
shown that deep learning methods are able to learn complex
temporal and spectral representations from physiological
signals, whereas classical machine learning methods have also
been shown to perform effectively on carefully engineered
statistical feature sets [1, 8]. Thus, by incorporating aspects of
both methods, this framework aims to take advantage of both
engineered and automatically learned representations of
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uterine electrical activity. The overall framework comprises a integrated modeling approaches have been proven to be
variety of stages, such as signal preprocessing, feature promising for biomedical signal processing and clinical
extraction, spectrogram formation, hybrid deep learning decision support systems, where incorporating physiological
modeling, multimodal feature fusion, and ensemble-based  signals along with other contextual information can greatly
prediction, as depicted in Figure 1. The aforementioned improve the predictive capability and reliability [3, 4].
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3.1. Signal Preprocessing

Firstly, some preprocessing steps must be performed on
the raw Electrohysterogram (EHG) data to improve their
quality and reduce the effects of noise and artifacts.
Preprocessing steps such as filtering, normalization, and
segmentation are required to acquire the normalized forms of
signals to analyze later. Such preprocessing measures are
necessary for obtaining high-quality signals that can be used
reliably in further feature extraction processes. Numerous
studies have made use of the techniques of signal
preprocessing and denoising to improve the quality of EHG
analysis and its predictions [8, 13].

3.2. Feature Extraction

There are two types of feature representation, which are
extracted from the EHG signal. One type of feature
representation includes statistical features, which are extracted
from the time domain signal. These include statistical
descriptors such as mean, standard deviation, maximum
amplitude, and minimum amplitude.

These features include basic characteristics of uterine
electrical activity and are used in traditional ML-based
classification techniques for predicting preterm birth, as
mentioned in previous studies [6, 8]. Another type of feature
representation includes converting the EHG signal to a
spectrogram image using an STFT transform. The
spectrogram image of the signal is used to provide a time-

frequency representation of uterine electrical activity, which
can be used by deep learning techniques to learn signal
patterns from the signal, as mentioned in previous studies [5,
1]. The spectrogram images of the EHG signal were created
using an STFT transform with a window size of 256 and an
overlap of 50%.

3.3. Hybrid CNN-BIiLSTM Model

Spectrograms generated based on electrohysterogram
recordings are fed as input data into a CNN-BiLSTM network.
This part of the network focuses on acquiring spatial
representation from the spectrograms by capturing local
discriminative features in the time-frequency space of uterine
electrophysiological activity signals. The model used in this
study contains two layers of convolutional layers that use 32
and 64 filters, respectively, with a filter size of 3x3 and max-
pooling after the filters for feature extraction. The obtained
features are then fed into a BiLSTM layer consisting of 64
memory units to learn the temporal dynamics in uterine
electrophysiological activity. Lastly, a fully connected layer
with 64 neurons is introduced to combine the features learned
before classification. The combination of CNN and LSTM in
one architecture makes the hybrid model highly suitable for
analyzing physiological signals since it can capture both
spatial and temporal aspects of the data simultaneously.
Overfitting was mitigated using dropout regularization, early
stopping, and stratified cross-validation. The hyperparameters
are shown in Table 3.

Table 3. Hyperparameters of CNN-BiLSTM model

Parameter Value
Conv layer 1 filters 32
Conv layer 2 filters 64

Kernel size 3x%3

Max pooling 2%2

BiLSTM units 64

Dense units 64

Batch size 32
Learning rate 0.001
Optimizer Adam

Epochs 50
Dropout 0.30

Early stopping patience 10

3.4. Clinical Data Integration

In addition to EHG signal features, clinical parameters
play an important role in the prediction model. Maternal age
and BMI are some of the clinical parameters that have been
well established as risk factors for preterm birth. They can
provide valuable information that can improve the prediction
results [3, 4]. To integrate these features, a multimodal fusion
technique based on fully connected layers is used to combine
clinical parameters with deep features extracted by the CNN-
BiLSTM model, while the Random Forest branch
independently utilizes handcrafted EHG and clinical features.

3.5. Classical Machine Learning Model

In addition to the hybrid deep learning architecture, a
traditional machine learning model is used, offering an
additional predictive capability. In this study, a Random
Forest classifier is used, and it is trained using statistical
features obtained from the EHG signal as well as clinical
features. Random Forest classifiers have been popular in
biomedical signal classification due to their ability to cope
with heterogeneous feature spaces and nonlinear relationships,
which are common in physiological signal datasets, as
mentioned in [6].
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3.6. Ensemble Learning

The outputs from the two models, that is, the Random
Forest classifier and CNN-BIiLSTM, were stacked to enhance
predictive performance. In this method, the outputs obtained
from the base classifiers are combined to obtain the final
classification result. Ensemble learning helps to improve the
robustness of the classification performance by utilizing the
strengths of multiple predictive models, as well as reducing
the variance among the predictive models, which is significant
for complex biomedical signal classification tasks [3, 6].

3.7. Model Interpretability

Spectrogram representation obtained from the analysis of
EHG data serves as an input for a hybrid model of CNN and
BiLSTM architecture. The convolutional part is expected to
learn spatial representation by capturing local informative
patterns in the time-frequency domain of uterine electrical
activity signals.

In order to increase the transparency of the resulting
model, the Grad-CAM visualization technique is used for the
identification of the most influential regions in the
spectrograms that affect classification performed by a deep
learning algorithm. Visualization provided by the Grad-CAM
algorithm allows us to gain insight into the patterns learned by
our model [9].

4. Experimental Procedure and Dataset

Several publicly accessible datasets of EHG signals have
been proposed to help in the creation of predictive models for
preterm birth, offering standard recordings for research and
benchmarking needs [11].

Deep learning techniques have been extensively used in
biomedical signal processing due to their capacity to
automatically learn from complex data. The experimental
evaluation was carried out on a dataset known as TPEHGDB
made available by PhysioNet.

This data set is made up of 300 records of EHG signals
measured from pregnant women in 262 full-term and 38
preterm patients. The recordings are 30 minutes in duration
and have three EHG signal components.

The database includes 262 recordings corresponding to
term pregnancies and 38 recordings corresponding to preterm
pregnancies, creating a naturally imbalanced dataset.

The data is imbalanced since there are 262 recordings for
term pregnancies and 38 recordings for preterm pregnancies
in the database of 300 recordings in total, creating a problem
for machine learning algorithms in identifying the minority
class.

Table 4. Dataset characteristics

Parameter Value
Dataset TPEHGDB
Total recordings 300
Term samples 262
Preterm samples 38
Gestation period 23-31 weeks
Recording duration 30 min
Channels 3
Sampling frequency 20 Hz
Class imbalance ratio 6.89

As can be seen from Table 4, the dataset has quite a
significant imbalance between term and preterm samples, and
therefore metrics like recall, PR-AUC, and balanced accuracy
become especially relevant. In addition to features derived
from EHG signals, several clinical parameters, such as
maternal age and Body Mass Index (BMI), were included as
additional features to the predictive model.

These clinical parameters have already been reported as
influential predictors of preterm births and may potentially
provide additional valuable information for prediction tasks
[3, 4].

The performance of the proposed models was validated
using stratified five-fold cross-validation, which ensures
balanced class distributions in order to derive a good estimate
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of predictive accuracy. In addition, the training process of the
deep learning models was optimized using the Adam
optimizer and predefined hyperparameters.

An early stopping approach was also used during training.
The experimental setup ensures that the research is undertaken
in a non-biased and replicable way.

It also helps to ensure that the research is able to provide
an evaluation of the effectiveness of the proposed model for
predicting preterm birth based on EHG signals. The research
was based on all records in the TPEHGDB database, which
include full EHG signal measurements, along with outcome
labels. Gestational age in weeks ranged from 23 to 31 weeks
in this dataset. No records without outcome data were used.
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Fig. 2 Term and preterm samples distribution in TPEHGDB illustrating the presence of a class imbalance problem

4.1. Cross-validation and data splitting approach

For accurate model evaluation while maintaining class
balance across the splits, stratified five-fold cross-validation
was performed. For this purpose, patients' data were split
randomly to prevent any possible bias between training and
testing data. Each fold contained similar proportions of
samples from both classes as in the initial dataset. Around
80% of the data was devoted for training, and the rest for
testing.

5. Results
5.1. Performance Evaluation

Various evaluation criteria were used to measure the
predictive power of the proposed models. In addition to
accuracy, precision, recall (sensitivity), specificity, F1-score,
and ROC-AUC, other performance metrics, such as PR-AUC

and balanced accuracy, were applied to investigate how the
models performed under class imbalances.

The following models have been evaluated in this paper:

1. Random Forest classifier based on statistical and
clinical data.

2. CNN-BIiLSTM hybrid model based on EHG
spectrograms.

3. Ensemble method combining Random Forest

classifier and CNN-BiLSTM

predictions.

hybrid  model

Table 5 below presents the classification performance
achieved by the proposed models. Performance scores
presented in Table 5 refer to the mean values achieved via
stratified five-fold cross-validation.

Table 5. Performance comparison of evaluated models

. i ROC- PR- Balanced
Model Accuracy | Precision | Recall | Specificity | F1 AUC AUC Accuracy
Random Forest 0.74 0.58 0.54 0.80 0.56 0.81 0.63 0.67
Hybrid CNN-
BILSTM 0.80 0.65 0.68 0.84 0.66 0.88 0.71 0.76
Ensemble 0.83 0.70 0.72 0.86 0.71 0.90 0.74 0.79
The results of experiments have shown that the explained by enhanced capabilities of identifying preterm

performance of the ensemble approach was the most
successful one, reaching the level of 0.83 and 0.90 on accuracy
and ROC-AUC, respectively. Furthermore, the highest level
of sensitivity (recall = 0.72) was reported, which can be
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birth cases. Among the single models, the hybrid CNN-
BiLSTM architecture proved to have the best prediction
performance, having reached the levels of 0.80 and 0.88 on
accuracy and ROC-AUC, correspondingly. The presented
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results confirm the potential of using hybrid deep learning
architectures in order to learn the complex representation of
both temporal and spatial aspects of EHG signals. The
Random Forest classifier showed a relatively satisfactory
result of 0.74 and 0.81 on accuracy and ROC-AUC,
respectively. Although the proposed approach managed to
successfully use hand-crafted features alongside with clinical
information, it was less effective in terms of capturing the
temporal dynamics of EHG recordings in comparison with the
hybrid deep learning approach. As can be seen from the
provided information, the ensemble architecture performed
significantly better than other methods in terms of several
evaluation metrics (accuracy = 0.83; recall =0.72; ROC-AUC
=0.90).

5.2. Confusion Matrix Analysis

Figure 3 shows the confusion matrix for the ensemble
model. The confusion matrix shows the proportion of term and
preterm cases that were correctly and incorrectly classified. It
shows that most term cases were correctly classified, while a
significant proportion of the preterm cases were classified
correctly as well. The high recall value for the ensemble model
shows that it is effective in identifying high-risk pregnancies.
Although some term cases were classified as preterm, it is
acceptable for such systems since early detection is more
important than minimizing false positives.

Actual Term

w
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[ o]
w
Number of Samples

ra
[=}

-15

Ground Truth Pregnancy Outcome

Actual Preterm

-10

Frvedicte& Preterm

Pnedictéd Term

Predicted Pregnancy Outcome Class
Fig. 3 Confusion matrix of the ensemble model

5.3. ROC-AUC Analysis

The ROC curves associated with the assessed models
have been depicted in Figure 4. The ROC-AUC of the hybrid
model based on CNN-BiLSTM was 0.88, revealing good
discrimination ability of the model to detect temporal and
spatial characteristics using the EHG spectrogram features.
On the other hand, the ROC-AUC for Random Forest was
0.81, while the maximum predictive discrimination (0.90) was
obtained by the ensemble approach.

470

= Random Forest (AUC=0.81)
CNN-BIiLSTM (AUC=0.88)

—— Ensemble (AUC=0.90)

=== Random Classifier

0.8

0.6

0.4

True Positive Rate (Sensitivity)

0.2

0.0

0.0 0.2 0.4 0.6 0.8

False Positive Rate (1 — Specificity)

Fig. 4 ROC comparison of random forest, hybrid CNN-BiLSTM, and
ensemble models

1.0

5.4. Precision-Recall Analysis

Precision-recall curves shown in Figure 5 are very useful
for imbalanced data sets like TPEHGDB, where the number
of preterm samples is much smaller compared to the number
of term samples.

The highest PR-AUC value of 0.74 was obtained by the
ensemble model, followed by the hybrid CNN-BiLSTM
model with 0.71, and the Random Forest model with 0.63,
again validating that the ensemble method has a good balance
between precision and recall.

= Random Forest (PR-AUC=0.63)
CNN-BILSTM (PR-AUC=0.71)
= Ensemble (PR-AUC=(0.74)
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Precision (Positive Predictive Value)
=
]

0.6

0.0 0.2 0.4 0.6

Recall (Sensitivity)
Fig. 5 Precision—Recall curves for evaluated models
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5.5. Discussion of Model Performance

From the results of this experiment, the performance of
the hybrid network was better than the random forest
predictor. This implies the ability of the deep learning methods
to extract the intricate time-dependent features of EHG data.
The hybrid CNN-BILSTM was able to efficiently extract
hierarchical feature representations from the input
spectrograms and improve the discrimination performance.

Additionally, the hybridization approach increased the
stability and robustness of the predictive model by taking
advantage of both conventional machine learning techniques
and deep learning techniques. These improvements in
classification measures, such as accuracy and precision, make
this approach appropriate for preterm birth risk prediction.

5.6. Grad-CAM Interpretability Analysis
To enhance the interpretability of the proposed CNN-
BiLSTM architecture, the Gradient-weighted Class Activation

Mapping (Grad-CAM) approach was adopted for
understanding discriminatory regions contributing to the
prediction process. From Grad-CAM interpretation results, it
can be seen that the proposed model paid more attention to
localized and high-energy time-frequency regions of EHG
spectrogram representations. The identified activation areas
mostly occurred in the spectrogram parts linked to changes in
electrical signals generated by the uterus, implying that the
model discovered some useful spatio-temporal features based
on the physiologic changes rather than using some
background knowledge.

The identified activation patterns clearly reveal that the
convolutional layers discovered discriminatory spatial
information, while the recurrent network part discovered
discriminatory temporal patterns linked to the problem of
preterm birth prediction. The Grad-CAM interpretation
enhances the interpretability of the proposed model. A
summary of the obtained results is given in Table 6.

Table 6. Summary of Grad-CAM interpretability observations

Observation

Interpretation

High activation in localized spectrogram regions

Model focuses on discriminative uterine activity patterns

Concentrated time—frequency responses

Effective temporal-spectral learning

Reduced background activation

Lower dependence on irrelevant information

Consistent activation across samples

Improved model robustness

5.7. Comparison Studies

The performance of the proposed framework was
compared with previously reported studies for predicting
preterm birth using Electrohysterogram (EHG) signal data.
Table 7 shows a comparison of different studies and models
developed in this work with previously reported models in the
literature. From the results, it is evident that the proposed
models perform competitively in terms of performance in

comparison to previously reported results. More specifically,
the proposed hybrid model based on CNN and BiLSTM
architectures reported an ROC-AUC score of 0.88. This
suggests that this model is better in terms of learning temporal
patterns in EHG signals. However, the ensemble model
reported a better predictive performance in terms of ROC-
AUC score, i.e., 0.90. This suggests that this ensemble model
is more robust in terms of classification.

Table 7. Comparison with previous studies on EHG-based preterm birth prediction

Study Data Type Model Clinical Fusion AUC
Goldsztejn & Nehorai (2023) EHG RNN No 0.74
Fergus et al. EHG features Classical ML No 0.70
Mohammadi et al. (2023) EHG Spectrogram CNN No 0.80
Fischer et al. (2023) EHG End-to-end DL No 0.84
Proposed Hybrid Model EHG + Clinical CNN-BIiLSTM Yes 0.88
Proposed Ensemble Model EHG + Clinical Ensemble Yes 0.90
There are several reasons why the superior on EHG signals, the proposed system combines multimodal

performance was obtained by using the proposed system.
Firstly, the advantages of using spectrograms to represent
the temporal and spectral properties of uterine electrical
activities outweigh those of manually extracted features.
Secondly, while the CNN layers can detect the
discriminative spatial representation, the BiLSTM captures
temporal dependencies of uterine activity patterns. Thirdly,
taking into account maternal clinical features complements
the information not provided by signal analysis only.
Unlike the state-of-the-art machine learning models based

fusion, explainability, and ensemble learning techniques.

5.8. Clinical Interpretation

For clinical risk prediction models, the recall (sensitivity)

evaluation criterion is of utmost importance, as missing out on
high-risk patients can result in delayed medical intervention. In
this case, the ensemble model had the maximum recall value
(0.72), thus indicating that the model has a better ability to
predict the potential preterm births compared to other models.
Although increasing the recall can result in a moderate increase
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in false predictions, in the case of medical models, this can
be considered acceptable, as identifying the potentially
high-risk patients can result in further diagnostic evaluation
and monitoring.

5.9. Ablation Study

To examine the impact of each component individually
in the proposed framework, an ablation study was
conducted. The ablation study examined the effect of
individual methodological components via four different
experimental configurations.

For the first experiment configuration, a classical
machine learning algorithm was deployed by employing
statistical features extracted from the EHG signals as input
representations [11, 17]. In the second experiment
configuration, a hybrid deep learning architecture was
utilized by employing spectrogram representation modeling
of EHG signals [1, 5, 6]. The effect of using clinical data in
the third experiment configuration was studied by adding
clinical data into the hybrid deep learning framework based

on previous research findings regarding the importance of
maternal and obstetric factors in predicting preterm birth risks
[4, 20, 23]. Finally, for the fourth experiment configuration, an
ensemble approach combining classical machine learning and
hybrid deep learning was used in order to explore the benefits of
the ensemble framework in improving robustness and predictive
power, as indicated by previous research studies [3, 15]. Table 8
summarizes the results achieved by different ablation
experiments. According to the results, it is clear that deep
learning frameworks demonstrate  superior  prediction
performance in comparison with traditional machine learning
methods for preterm delivery prediction using EHG data
analysis [1, 5, 14]. Moreover, the inclusion of clinical
parameters proved to be beneficial as it provided additional
supplementary information, leading to higher overall
performance. This result confirms previous conclusions on the
impact of maternal and obstetric factors on preterm pregnhancy
risk assessment [4, 20, 23]. Best performance was shown by the
ensemble approach, which confirms the benefit of combining the
prediction of several models as illustrated in Figure 6 below [3,
15].

Table 8. Ablation study results

Configuration Accuracy Precision Recall F1l ROC-AUC
Random Forest (statistical features + clinical) 0.74 0.58 0.54 0.56 0.81
Hybrid CNN-BiLSTM 0.80 0.65 0.68 0.66 0.88
Hybrid CNN-BiLSTM + Clinical Fusion 0.81 0.67 0.69 0.68 0.89
Ensemble Model 0.83 0.70 0.72 0.71 0.90
0.92
0.9
0.88
0.88
0.86
[©]
2
< 0.84
Q
o
o
0.82
0.8 -
0.78
0.76
CNN-BILSTM CNN-BILSTM + Clinical Ensemble
Model Configuration

Fig. 6 Effect of deep learning, clinical fusion, and ensemble learning on predictive performance
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5.10. Statistical Significance Analysis

In order to prove whether there was any statistical
significance in the performance improvement gained through
the proposed model, a paired test was carried out amongst
each set and shown in table 9 below.

Table 9. Statistical significance analysis

Comparison p-value | Significant
RF vs CNN-BIiLSTM 0.021 Yes
CNN-BILSTM vs Ensemble 0.016 Yes
RF vs Ensemble 0.009 Yes

Table 10. Cross-validation stability results

Comparison p-value Significant
RF vs CNN-BiLSTM 0.021 Yes
CNN-BILSTM vs 0.016 Yes
Ensemble
RF vs Ensemble 0.009 Yes

The attained p-value suggests that there is a statistically
significant improvement of the proposed ensemble framework
over traditional methods (p<0.05). The attained p-value
suggests that there is a statistically significant improvement of
the proposed ensemble framework over traditional methods
(p<0.05).

5.11. Cross-Validation Stability Analysis

For testing the reliability and generalizability of the
proposed approach, stratified five-fold cross-validation was
carried out. In each fold, the data were split into training and
validation parts, ensuring that the distribution of term and
preterm samples remained equal to minimize the influence of
class imbalance [17, 20].

Table 10 presents the average values of the ROC-AUC
metrics with standard deviations from the cross-validation
process for the examined models.

From the results above, it is clear that the hybrid model
has outperformed the machine learning model consistently in
all folds of cross-validation [1, 5]. Moreover, an ensemble-
based approach demonstrated the highest ROC-AUC with the
smallest standard deviation, showing increased reliability.

Thus, the conclusions that can be drawn from the obtained
results are the following. The integration of hybrid deep
learning algorithms and ensemble learning could result in
superior performance in predicting preterm birth from EHG
data and clinical features [3, 15, 17].

6. Discussion

At the beginning of constructing EHG-based models for
preterm birth, traditional methods of machine learning,
including classification algorithms based on Random Forest
and Support Vector Machine, were widely applied in
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processing data obtained using the electrohysterogram [11,
17]. The feature extraction process in those models was
mainly focused on computing statistical characteristics of
EHG data, which represented particular patterns of electrical
uterine activity related to the risk of premature delivery [7,
16]. In addition to the computed characteristics, other clinical
parameters such as maternal age and BMI were taken into
account [4, 20, 23]. These clinical features have been widely
recognized in earlier studies as significant features related to
preterm birth, which have been proven to improve the
performance of the predictive model by using physiological
signal analysis along with clinical features [3, 4, 14].

However, traditional machine learning approaches have
inherent limitations in that they are highly dependent on
handcrafted features, which may not efficiently capture the
complex temporal and frequency characteristics of EHG
signals [15, 16]. In addition, handcrafted features may not
capture the entire uterine electrical activity, which may be
critical in the accurate prediction of uterine electrical activity.
To overcome the limitations of traditional machine learning
approaches, this study has proposed a hybrid model that
combines CNN and BiLSTM networks. CNN can efficiently
extract relevant spatial and frequency characteristics of EHG
signals in the form of a spectrogram, while the BiLSTM
network can efficiently capture the bidirectional temporal
characteristics of EHG signals [16]. As a result, the proposed
model can efficiently capture the complex characteristics of
uterine electrical activity, which may not be possible using
traditional machine learning approaches.

Previous studies on EHG-based preterm birth prediction
have mainly focused on handcrafted feature sets using
conventional signal processing techniques. These feature sets
generally include statistical and spectral measures such as root
mean square, median frequency, sample entropy, and power
spectral features. These feature sets have commonly been used
as input for conventional machine learning algorithms such as
support vector machines, decision trees, k-nearest neighbors,
and Random Forest classifiers [6, 8, 15]. Although such
feature sets offer good representations for uterine electrical
activity, they often represent limited aspects of complex
physiological phenomena in EHG signals, which might limit
conventional machine learning algorithms.

It has been identified that physiological signals tend to be
nonlinear and temporally dynamic in nature. As a result,
handcrafted sets of features may not efficiently capture the
temporal and spectral characteristics of uterine electrical
signals [17]. Furthermore, some of the previous works that
have been carried out to develop predictive models for preterm
birth, utilizing EHG signals, may have been based on smaller
sets of data. As a result, the ability of machine learning models
to generalize may not have been satisfactory [18]. Another
major challenge that has been identified in the process of
developing predictive models for preterm birth is the class
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imbalance problem. Preterm births tend to occur less often
compared to births that happen at term. As a result, the
accuracy of classification models may get biased, and
sensitivity may get compromised in identifying preterm births.
Although oversampling and resampling techniques may help
to some extent in addressing this problem, data scarcity may
still prove to be a constraint.

Publicly available data sources such as the Term-Preterm
Electrohysterogram Database (TPEHGDB) have greatly
assisted in the improvement of research in this field by
providing access to standard data sources for algorithm
implementation and evaluation [2, 12]. With the advent of
deep learning techniques, methods based on neural networks
can be employed to learn representations from physiological
data directly. With regards to EHG signal analysis,
Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs) have shown promising results in
capturing features from both uterine electrical activity signal
and spectrogram representation thereof [1, 5, 13].

However, most existing studies employing deep learning
models have only concentrated on the use of signal-related
information without utilizing any additional clinical
information, even though the former is critical for predicting
adverse birth outcomes. For example, maternal age and BMI,
both significant predictors of preterm births, have been rarely
considered within the prediction modeling framework [3, 4].

The recent works also confirmed that machine learning
and explainable artificial intelligence are more suitable in
predicting the risks in maternity cases and analyzing
biomedical signals. Machine learning-based solutions are
effectively utilized for preterm birth prediction through the
large datasets of mother data and singleton pregnancy
population, which proved to be a promising application of Al-
assisted prediction in obstetrics [19, 20, 23]. Furthermore,
various approaches to explainable artificial intelligence, like
Grad-CAM and other methods, are gaining popularity to make
prediction systems more understandable and trustworthy in
the context of healthcare [12, 21]. Finally, recent
developments in biomedical signal intelligence have
highlighted the need to incorporate the concepts of deep
learning, explainability, and multimodality for decision
support in medicine [15]. In order to tackle the above-
discussed problems, the proposed model makes use of
multimodal fusion by incorporating clinical data and EHG
representations obtained from spectrograms. Additionally, a
combination of deep learning models, including the use of
convolutional neural networks for obtaining spatial
information and bidirectional long short-term memory
networks for obtaining temporal information, is used. The use
of this combined approach helps to ensure that complex
electrophysiological patterns can be captured by the model,
which might have been difficult otherwise through
conventional feature engineering approaches.
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The experimental results indicate that the proposed
approach  outperforms traditional machine learning
approaches. Furthermore, the proposed approach makes use of
the ensemble method to classify the data, which would
improve the robustness of the proposed approach. Although
the experimental results are promising, some limitations need
to be addressed. Firstly, the number of preterm patients in the
data set is relatively small compared to the number of term
patients. Furthermore, the proposed framework has only been
validated in an offline experimental environment. Future work
should include validating the proposed framework in a larger
data set and in a real-time environment. Improvements can
also be made to the proposed approach by incorporating other
physiological signals, e.g., fetal heart rates or uterine
contraction signals. In addition, explainable artificial
intelligence can improve the interpretability of the model in
clinical applications [9]. The results of Grad-CAM showed
that the model was able to learn clinically meaningful regions
in the spectrograms related to uterine electrical signals.

6.1. Considerations for Clinical Implementation

The proposed system has the possibility of applicability
within a clinical setting, where information can be extracted
from physiological and maternal clinical data. EHG is an easy-
to-obtain signal which can be collected using portable devices.
The computing power needed for the implementation of the
proposed system allows for both offline and cloud-based
deployment models. Real-time implementation needs to be
studied in future work.

7. Conclusion

For predicting preterm birth, a multimodal system based
on CNN-BIiLSTM, along with Random Forest, was devised
that used Electrohysterogram (EHG) signals and clinical data
about pregnant women. Spatial-temporal features obtained
from the CNN-BIiLSTM system and hand-crafted statistical
EHG features processed through the Random Forest classifier
were utilized in order to achieve better results. Besides,
conventional machine learning systems, which work on hand-
crafted statistical EHG features, were employed alongside the
deep features to make the predictions more accurate. Finally,
important clinical features like maternal age and Body Mass
Index (BMI) were incorporated in the proposed model, as they
are known preterm risk factors. In order to address the
challenges faced due to manual feature extraction and to
enhance modeling capabilities for complex physiologic
dynamics, a new deep learning framework integrating the
concepts of Convolutional Neural Networks (CNN) and
bidirectional long short-term memory (BiLSTM) network was
proposed.

The CNN network was used for capturing the spatial
attributes from the spectrograms of EHG signals, while the
BiLSTM network was used for modeling temporal
characteristics existing in the sequence of signals. It was also
found that predictions from classical machine learning models
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and the hybrid deep learning model were combined using a
stacking ensemble technique with a Random Forest meta-
classifier to increase robustness in predictions by utilizing the
combined strength of different models.

In addition, Grad-CAM was used to increase model
transparency and interpretability by visualizing the
spectrogram regions that were most significant in predictions.
The experimental results show that the hybrid deep learning
model possesses higher discriminative power compared to
traditional machine learning techniques. At the same time, the
highest prediction accuracy is achieved by the ensemble
framework. These results show the potential of the integration
of physiological signal analysis, clinical information, and
advanced machine learning techniques in improving the
prediction of preterm birth.

Future work will concentrate on the validation of the
suggested framework using larger clinical datasets and its
application in real-time clinical monitoring systems. The
proposed framework can assist clinicians in identifying
pregnancies at high risk of preterm birth at an earlier stage by
analyzing EHG signals together with relevant clinical
parameters. Early prediction enables timely medical
interventions, closer monitoring, and appropriate treatment
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