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ABSTRACT: Preterm birth remains a leading cause of neonatal complications and highlights the need for early and
accurate prediction techniques to improve both fetal and maternal health outcomes. This study introduces a hybrid
approach integrating Long Short-Term Memory (LSTM) networks with the Hybrid Greylag Goose and Particle Swarm
Optimization (GGPSO) algorithm to optimize preterm birth classification using Electrohysterogram signals. The
dataset consists of 58 samples of 1000-second-long Electrohysterogram recordings, capturing key physiological features
such as contraction patterns, entropy, and statistical variations. Statistical analysis and feature selection methods are
applied to identify the most relevant predictors and enhance model interpretability. LSTM networks effectively capture
temporal patterns in uterine activity, while the GGPSO algorithm finetunes hyperparameters, mitigating overfitting
and improving classification accuracy. The proposed GGPSO-optimized LSTM model achieved superior performance
with 97.34% accuracy, 96.91% sensitivity, 97.74% specificity, and 97.23% F-score, significantly outperforming traditional
machine learning approaches and demonstrating the effectiveness of hybrid metaheuristic optimization in enhancing
deep learning models for clinical applications. By combining deep learning with metaheuristic optimization, this study
contributes to advancing intelligent auto-diagnosis systems, facilitating early detection of preterm birth risks and timely
medical interventions.

KEYWORDS: Preterm birth prediction; electrohysterogram signals; LSTM; time-series analysis; metaheuristic
optimization; auto-diagnosis; clinical decision support

1 Introduction

Preterm birth, defined as delivery before 37 weeks of gestation, represents one of the most critical chal-
lenges in modern obstetric care, serving as a leading cause of neonatal morbidity and mortality worldwide.
Every year, approximately 15 million children are born preterm, placing them at substantially elevated risk for
a spectrum of life-threatening and long-term health complications. These complications typically manifest
as respiratory distress syndrome, increased susceptibility to infections, neurodevelopmental impairments,
and persistent developmental delays that can extend well into adulthood [I]. The profound impact of
preterm birth extends beyond immediate medical concerns, creating substantial burdens for families through
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prolonged hospitalizations, intensive medical interventions, and significant financial strain associated with
specialized neonatal care [2]. With preterm birth affecting approximately one in every ten pregnancies
globally, the condition represents a major public health challenge that demands urgent development of
effective predictive and preventive strategies [3].

L1 Clinical Importance of Early Prediction and Intervention

Early and accurate prediction of preterm birth risk carries immense clinical significance, as timely iden-
tification enables implementation of evidence-based interventions that can dramatically improve maternal
and neonatal outcomes. When preterm birth risk is detected sufficiently early, clinicians can administer
antenatal corticosteroids to accelerate fetal lung maturation, provide neuroprotective magnesium sulfate
therapy, and arrange for in-utero transfer to tertiary care centers equipped with specialized neonatal intensive
care units. These interventions have been demonstrated to significantly reduce the incidence of respira-
tory distress syndrome, intraventricular hemorrhage, and necrotizing enterocolitis, while simultaneously
decreasing the overall duration and cost of neonatal hospitalization. Furthermore, early prediction facilitates
enhanced maternal monitoring, allowing for optimal timing of delivery and preparation of appropriate
medical resources, ultimately contributing to reduced neonatal mortality rates and improved long-term
developmental outcomes.

1.2 Challenges in Current Predictive Approaches

The assessment and prediction of preterm birth risk present a multifaceted challenge characterized
by complex interactions among biological, environmental, and sociodemographic factors [4]. Traditional
clinical approaches have predominantly relied on subjective physician assessment combined with basic
statistical methodologies, which, while clinically valuable, fail to capture the intricate multidimensional
relationships that characterize preterm birth risk factors. These conventional methods often result in
suboptimal sensitivity and specificity, leading to either delayed recognition of high-risk pregnancies or
unnecessary interventions in low-risk cases. The inherent limitations of traditional approaches underscore
the critical need for more sophisticated predictive models capable of analyzing complex, multimodal data
types and identifying subtle patterns that may escape conventional analysis [5]. Advanced predictive systems
have the potential to detect early warning signs and complex variable interactions that traditional methods
cannot recognize, thereby enabling more precise identification of high-risk patients and facilitating targeted
preventive interventions.

1.3 Transition to Advanced Computational Approaches

The emergence of artificial intelligence and machine learning technologies offers unprecedented oppor-
tunities to address the limitations of traditional preterm birth prediction methods. Unlike conventional
statistical approaches that assume linear relationships and require predefined variable interactions, machine
learning algorithms can automatically discover complex patterns within high-dimensional datasets, making
them particularly well-suited for analyzing the multifactorial nature of preterm birth risk. The ability
of these systems to process diverse data types—including physiological signals, clinical measurements,
demographic information, and environmental factors—while simultaneously learning intricate feature
relationships positions them as powerful tools for advancing predictive accuracy in obstetric care [6].

1.4 Existing Machine Learning Approaches and Their Limitations

Previous research efforts in preterm birth prediction have explored various machine learning
approaches, including decision trees, support vector machines, random forests, and basic neural networks,
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each offering distinct advantages and limitations. Decision tree algorithms provide high interpretability but
often struggle with complex non-linear relationships and are prone to overfitting with limited data. Support
vector machines demonstrate robust performance with small datasets but lack the ability to effectively model
temporal dependencies inherent in physiological time-series data. Random forest approaches offer improved
generalization through ensemble learning but may not capture the sequential patterns crucial for analyzing
uterine activity signals. Basic neural networks, while capable of learning non-linear relationships, often fail
to retain long-term dependencies necessary for modeling the temporal evolution of physiological processes
leading to preterm birth [7].

1.5 Justification for LSTM Networks and Optimization Techniques

Long Short-Term Memory networks emerge as particularly promising solutions for preterm birth
prediction due to their specialized architecture designed to capture temporal dependencies in sequential
data. LSTM networks address the fundamental limitation of traditional recurrent neural networks—the
vanishing gradient problem—through sophisticated gating mechanisms that enable selective retention and
forgetting of information across extended time sequences. This capability is especially relevant for analyzing
Electrohysterogram signals, where uterine contraction patterns evolve dynamically over time, and subtle
temporal changes may indicate increasing preterm birth risk. The ability of LSTM networks to learn from
time-series data makes them uniquely suited for processing physiological signals that exhibit temporal
dependencies characteristic of preterm birth development [8].

However, the effectiveness of LSTM networks is critically dependent on optimal hyperparameter
configuration, including the number of hidden units, learning rate, dropout rate, and batch size. Traditional
hyperparameter optimization approaches, such as grid search or random search, often fail to explore
the complex hyperparameter space efficiently, particularly in medical applications where computational
resources may be limited and model reliability is paramount [9]. The challenge is further compounded by the
inherent characteristics of medical datasets, which frequently exhibit class imbalance, limited sample sizes,
and high noise levels that require sophisticated preprocessing and feature selection strategies.

1.6 Advanced Optimization through Metaheuristic Algorithms

Metaheuristic optimization algorithms, inspired by natural processes and collective behaviors observed
in biological systems, offer powerful solutions for addressing the complex optimization challenges asso-
ciated with deep learning model development. These algorithms, including Greylag Goose Optimization,
demonstrate superior capability in navigating vast solution spaces while avoiding entrapment in local optima,
making them particularly valuable for optimizing LSTM hyperparameters [10]. The integration of multiple
optimization strategies, such as combining Greylag Goose Optimization with Particle Swarm Optimization,
creates hybrid approaches that leverage the complementary strengths of different algorithms, potentially
achieving superior optimization performance compared to individual methods [11]. When applied to LSTM
networks, these integrated metaheuristic optimization techniques can systematically fine-tune hyperparam-
eters, enhance convergence rates, and reduce overfitting, ultimately improving the predictive performance
and generalization capability of deep learning models [12].

1.7 Identified Research Gaps

Although recent advances in machine learning and deep learning have been applied to preterm birth
prediction, several persistent limitations continue to constrain model performance, clinical applicability,
and generalizability. These gaps highlight the need for more robust, interpretable, and optimization-driven
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approaches to improve outcomes in this domain. Specifically, the following research gaps have been
identified:

«  Existing LSTM-based approaches often lack systematic hyperparameter optimization, leading to subop-
timal performance.

o Hybrid metaheuristic optimization strategies are rarely applied in the context of preterm birth predic-
tion.

« Many studies fail to address the challenge of small, imbalanced medical datasets using appropriate
augmentation techniques.

o Most models lack interpretability, limiting their clinical transparency and acceptance.

o  Comparative benchmarking against traditional and hybrid models is frequently missing or inconsistent.

1.8 Main Contributions of This Study

In response to these limitations, this study presents a comprehensive deep learning framework that
incorporates optimization, interpretability, and robust data preprocessing to improve the prediction of
preterm birth from Electrohysterogram (EHG) signals. The major contributions of this work are outlined as
follows:

e A GGPSO-optimized LSTM model is proposed for preterm birth prediction using Electrohystero-
gram signals.

o Clinically relevant features such as entropy and contraction-related parameters are extracted for
model input.

o Synthetic Minority Oversampling Technique (SMOTE) is applied to address class imbalance in the
limited dataset.

o The proposed model is benchmarked against conventional machine learning and other optimized
LSTM models.

« SHapley Additive exPlanations (SHAP) and Random Forest feature importance are used to interpret
model predictions and enhance transparency.

o The model demonstrates high predictive performance on real-world clinical data, showing potential for
practical application.

The following sections include Related Works, which reviews prior research on preterm birth prediction
methods, followed by Materials and Methods that describe the dataset used, preprocessing steps, and the
proposed LSTM model and optimization methods. The Experimental Results section assesses model perfor-
mance using different metrics, comparing different machine learning methodologies, and the Conclusion
and Future Directions summarize the results and future directions for study.

2 Related Works

Approximately 10% of babies are born preterm, defined as delivery before 37 weeks of pregnancy, a
condition associated with high child mortality and long-term neuro-logical impairments. As outlined in the
study of [13], while signs of imminent preterm labor can often be detected, accurately predicting preterm
births more than a week in advance remains a significant challenge. A novel deep learning approach was
developed to address this issue by utilizing electrical uterine activity measurements taken from pregnant
mothers around 31 weeks of pregnancy. The method incorporates a recurrent neural network and short-time
Fourier transforms of these recordings combined with clinical data from public datasets. With an area under
the receiver-operating characteristic curve of 0.78 (95% confidence interval: 0.76-0.80), the study highlighted
the predictive strength of frequency patterns over time-based features, indicating the feasibility of automated
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prediction of preterm births from short uterine activity recordings. This advancement could facilitate timely
interventions to reduce the prevalence and adverse outcomes of preterm births.

Preterm birth is a global health crisis with significant health, financial, and economic impacts. As
reported by [14], machine learning methods have been used to combine uterine contraction signals with
predictive models to assess premature birth risk. This study focused on enhancing predictions using
physiological signals, including uterine contractions and maternal and fetal heart rates, in South American
women in active labor. The Linear Series Decomposition Learner improved prediction accuracy for both
supervised and unsupervised models, with supervised models achieving high metrics after signal preprocess-
ing. Unsupervised models effectively categorized patients using uterine signals but performed less accurately
with heart rate data.

The vaginal microbiome has been linked to preterm birth, but its predictive accuracy is low due to
individual variability in microbial communities. As reported by [15], a study involving 150 Korean pregnant
women (54 preterm and 96 full-term) aimed to improve predictions using machine learning models. Cervi-
covaginal fluid samples, demographic data, white blood cell counts, and cervical length were analyzed, with
subjects divided into training and test sets. Univariate analysis identified key bacterial markers, including
Lactobacillus species, Gardnerella vaginalis, Ureaplasma parvum, and Prevotella timonensis. Combining
these markers with clinical data, the random forest model achieved the highest area under the curve (0.84).
Single tree models, like GUIDE, offered biologically interpretable insights with a similar predictive rate.
This study highlights the potential of integrating microbiome data and clinical factors to enhance preterm
birth predictions.

Uterine electromyography offers a noninvasive method to detect preterm birth, focusing on noncon-
traction signals to address irregular uterine activity during pregnancy. As shown by [16], 53 term and 47
preterm signal segments were analyzed using features like activity, mobility, and complexity. Preterm signals
showed decreased mobility and increased complexity. A support vector machine achieved 84.3% accuracy
and an Fl-score of 82.8%, further improved by 3% through a decision fusion approach combining predictions
from multiple channels. This method highlights non-contraction signals as potential biomarkers for reliable
preterm birth prediction.

Monitoring uterine contractions provides critical insights into labor progression, with preterm deliv-
eries posing risks to both mother and fetus. As outlined in the study by [17], electrohysterography offers a
non-invasive method to detect preterm delivery and mitigate adverse effects. A novel method was proposed
to predict preterm births using electrohysterography signals through three phases: preprocessing, feature
extraction, and prediction. Noise and artifacts in the signals were removed using a band-pass filter and
wavelet transform, followed by the extraction of features such as Shannon energy and median frequency.
Prediction utilized an enhanced sheep flock optimized hybrid extreme artificial neural learning network,
combining neural learning with optimization techniques for improved accuracy. Tested on the term-preterm
electrophotography database, the method demonstrated superior performance in accuracy, recall, specificity,
and f-measure, highlighting its potential for precise term and preterm birth prediction.

Maternal and fetal factors are known to influence preterm births, though all contributing variables
remain undefined. As evidenced in the study by [18], maternal chronodisruption, including altered circadian
rhythms due to factors like night light exposure and sleep duration, may negatively impact fetal development.
This study analyzed a cohort of 380 births, classified as preterm or term, using machine learning methods
to explore the influence of maternal habits, light exposure, and other gestational variables. Statistical
analysis confirmed significantly lower cervix dilation, estimated fetal weight, and birth weight in preterm
cases (p < 0.05). Machine learning further identified non-obvious relationships, with features such as
bedroom light exposure and nighttime light through windows emerging as key predictors in a decision tree
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model. These findings suggest that chronodisruption factors could enhance preterm birth prediction and
prevention efforts.

Globally, over 1in 10 babies are born prematurely, often facing lifelong health challenges such as learning
difficulties, hearing impairments, and vision loss. As re-ported by [19], monitoring of uterine contractions
allows physicians to see how the pregnancy is progressing and to diagnose labor, which in turn can prevent
complications by ensuring timely hospital visits. A machine learning and deep learning-based system was
developed to predict labor and diminish the impact of premature birth of the mother and fetus. The system’s
reliability was tested, resulting in a high accuracy rate of 0.98, showing the possibility of such advanced
computational methods to improve pregnancy outcomes.

Heart rate variability data from preterm and full-term infants can serve as a basis for estimating
functional maturational age, offering insights into infant development. As outlined in the study by [20],
a machine learning model was developed to predict functional maturational age and deviations from
postmenstrual age using heart rate variability features, which may serve as a maturational progress measure.
The feature selection was performed by filtering and genetic algorithms, where data from 50 healthy infants
born between 25 and 41 weeks of gestational age were analyzed. The ensemble machine learning algorithm
applied through a linear + random forest regression had a mean absolute error of 0.93 weeks with 95%
confidence intervals. Similarly, bradycardia and respiration rate variability data were used to derive similar
results. This could be used noninvasively in neonatal intensive care units to monitor maturation in real life
to improve neonatal care outcomes.

This study developed an explainable algorithm for predicting lateonset sepsis in preterm infants using
continuous multi-channel physiological signals in a neonatal intensive care unit. As demonstrated by [21], the
algorithm analyzed electrocardiogram and chest impedance derived data of heart rate variability, respiration
and motion, including gestational age and birth weight. Features were extracted from the 24 h preceding
sepsis onset or matched control time point for 127 preterm infants (59 who developed sepsis and 68 without),
and data were analyzed. However, an extreme gradient boosting classifier produced the best prediction
performance using all signal channels with an area under the curve of 0.88, positive predictive value of 0.80,
and negative predictive value of 0.83 in the 6 h before sepsis onset. Motion data inclusion added to predictive
accuracy, and visualization of the feature impacts helped to increase algorithm interpretability for possible
clinical intervention.

Preterm birth, defined as delivery before 37 weeks of pregnancy, is a leading cause of newborn
mortality and long-term health issues in children. As reported by [22], a novel machine learning approach
was developed to predict preterm birth using cervical electrical impedance spectroscopy data collected at
20-22 weeks of pregnancy. The method involves selecting the optimal impedance spectrum using a filter and
predicting preterm birth with polynomial feature-based models. Using data from 438 patients, the model
achieved an area under the curve of 0.76 with a random forest predictor and 0.74 with logistic regression. For
patients without treatment interventions, performance improved to 0.8 and 0.79, respectively. This approach
outperformed existing methods, highlighting its potential clinical utility in early preterm birth prediction.

Preterm birth is the leading cause of newborn mortality, with survivors often facing severe health
complications. Threatened preterm labor is the primary reason for hospitalization in late pregnancy. As
reported by [23], current diagnostic methods, such as the Bishop score and cervical length, have high negative
predictive values but lack strong positive predictive abilities. This study evaluated classification algorithms
based on electrohysterographic recordings to predict imminent labor (<7 days) in women with threatened
preterm labor. Algorithms such as random forest, extreme learning machine, and K-nearest neighbors
were assessed using temporal, spectral, and nonlinear electrohysterographic parameters with and without
obstetric data. The extreme learning machine achieved the highest Fl-score (90.2% + 4.43%) and sensitivity
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when using the 50th percentile of parameters and obstetric inputs. These findings high-light the potential of
computationally efficient models to improve labor predictions and inform clinical decision-making.

Table 1 shows a detailed summary of recent studies addressing preterm birth prediction using machine
learning and signal processing techniques. The research spans diverse data types, including uterine
electromyography, heart rate variability, cervical impedance, microbiome composition, and maternal envi-
ronmental exposure. A wide array of methods—ranging from deep neural networks to decision trees
and hybrid optimizers—were employed. The studies emphasize the growing integration of computational
intelligence in healthcare, with promising results for early and non-invasive detection of preterm birth risk.

Table 1: Summary of related works

Study

Data type

Method

Key findings

[13]

[14]

[15]

[18]

[19]

Uterine Electromyography
(EMG) + clinical data at
advanced gestation

Contractions and heart rate
signals

Vaginal microbiome and
clinical indicators

Non-contraction uterine
Electromyography (EMG)
signals
Electrohysterography (EHG)
signals

Light exposure and sleep
behavior data

Uterine contraction
monitoring data

Infant heart rate variability
and respiration

Neonatal Intensive Care Unit
(NICU) data including Heart
Rate Variability (HRV),
motion, Electrocardiogram
(ECG)

Recurrent Neural Network
(RNN) + Short-Time Fourier
Transform (STFT)

Linear Series Decomposition
(Supervised/Unsupervised)

Random Forest +
Generalized, Unbiased,
Interaction Detection and
Estimation (GUIDE) Tree
Support Vector Machine
(SVM) with Decision Fusion

Hybrid Neural Network
optimized by Sailfish
Optimizer (SFO)
Decision Tree

Combined Machine Learning
(ML) and Deep Learning
(DL) architecture
Linear regression with
Random Forest

Extreme Gradient Boosting
(XGBoost)

Frequency-domain features
provided better
discrimination compared to
time-domain features
Supervised learning showed
improved performance with
appropriate preprocessing
Microbial signatures
significantly enhanced
predictive capability

Preterm labor signals
exhibited higher complexity,
aiding classification
Model demonstrated high
accuracy in predicting labor
onset

Disruptions in light exposure
patterns were associated with

increased preterm risk
The system showed strong
predictive performance for
labor detection
Framework effectively
estimated functional age of
neonates
Motion data significantly
improved the predictive
accuracy of the model

(Continued)
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Table 1 (continued)

Study Data type Method Key findings
[22] Cervical impedance measured Random Forest + Logistic Demonstrated utility as an
during early gestation Regression early screening tool for risk
assessment
[23] Electrohysterography (EHG) Extreme Learning Machine Models were highly effective
signals combined with (ELM), Random Forest, in classifying cases with
obstetric factors K-Nearest Neighbors (KNN) threatened preterm labor

Despite the promising advances in preterm birth prediction research, several significant gaps remain
unaddressed in the existing literature. Most notably, previous studies have largely overlooked the critical role
of advanced optimization techniques in enhancing deep learning model performance, typically relying on
default hyperparameter settings or basic grid search methods rather than sophisticated optimization strate-
gies. Furthermore, most previous research fails to achieve an optimal balance between model interpretability
and predictive performance, often sacrificing one for the other. The field lacks systematic exploration of
hybrid metaheuristic approaches and robust validation strategies that can effectively handle class imbalance
issues in medical datasets. These methodological gaps highlight the need for more sophisticated approaches
that combine advanced optimization techniques with careful consideration of medical data characteristics
and clinical requirements.

3 Materials and Methods

This section outlines the methodology employed for analyzing Electrohysterogram signals to predict the
risk of preterm birth. The analysis involves transforming the raw signals into structured features, followed by
the application of deep learning techniques for classification. A Long Short-Term Memory (LSTM) network
was selected due to its strength in modeling temporal dependencies inherent in physiological time-series
data. To enhance model performance, a Hybrid Greylag Goose and Particle Swarm Optimization (GGPSO)
algorithm was used specifically for hyperparameter tuning. This optimization process was designed to search
for the most effective combination of LSTM parameters—such as the number of hidden units, learning
rate, dropout rate, and batch size—thereby improving the model’s accuracy and generalization ability. The
overall framework integrates statistical analysis, deep learning, and methodology to develop a robust and
interpretable classifier for early detection of preterm birth.

Fig. 1 illustrates the complete methodology pipeline of our proposed GGPSO-LSTM framework for
preterm birth prediction. The workflow processes EHG data through preprocessing and SMOTE augmen-
tation, extracts five key physiological features, and splits data into training-testing sets. The LSTM network
analyzes temporal patterns while GGPSO optimization fine-tunes hyperparameters, ultimately producing
preterm birth classification results with comprehensive performance evaluation.
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Figure 1: Proposed GGPSO-LSTM framework for preterm birth prediction

3.1 Dataset

The original dataset used in this study was derived from Electrohysterogram (EHG) signals, which
are biomedical time-series recordings used to monitor uterine electrical activity during pregnancy. These
signals provide critical insight into contraction behavior and can help determine whether a pregnancy is at
risk of preterm birth. The dataset is binary classified and consists of 58 instances, each corresponding to a
single 1000-second EHG recording. This transformation process involved mining key statistical and temporal
features from each signal, resulting in the following variables:

«  Count Contraction: The number of discrete uterine contractions detected within the signal window.

+ Length of Contraction: The average duration of each contraction event, reflecting the temporal
characteristics of uterine activity.

« Standard Deviation (STD): The standard deviation of the signal amplitude, which captures the
variability and fluctuation of contractions over time.

« Entropy: The Shannon entropy of the signal, quantifying its complexity and irregularity to assess the
unpredictability in uterine contraction patterns.

« Contraction Time: The total cumulative time of all contraction events observed within the signal,
indicating overall contraction burden.

o Preterm: The binary target label, where 1 indicates a preterm birth case and 0 denotes a non-preterm
case, used for classification purposes.

These extracted features reflect both physiological and signal-based properties relevant to uterine
dynamics and preterm birth prediction. The resulting tabular format made the dataset suitable for machine
learning classification tasks using both deep learning and optimization-based models.

Due to the limited size of the dataset, special care was taken to maintain balance and reduce the
risk of overfitting during model evaluation. The data was split into 80% for training and 20% for testing,
ensuring that both classes (preterm and non-preterm) were proportionally represented in each subset. All
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models, including LSTM and its optimized variants, were trained exclusively on the training set. Performance
metrics—including accuracy, sensitivity, specificity, precision, and Fl-score—were computed on the held-
out test set. Each experiment was repeated 10 times with different random seeds to reduce the variance in
evaluation, and the average results were reported. While the dataset size imposes inherent limitations, this
evaluation procedure provides a consistent and fair basis for model comparison.

3.2 Data Analysis and Feature Exploration

The role of data analysis includes determining how structured, related, and patterned the dataset can
be used for predictive modeling. The key features are investigated with different statistical and visualization
approaches to understand their distribution, the correlations among various features, and how they may
impact the classification of preterm birth in this study. In this case, it is helpful to identify strong and weak
correlations among features, pick the most helpful features, and relegate the redundant ones. Secondly, the
distribution of the features can help us to understand how variable data is, that central tendencies, including
outliers might affect the model’s performance. These patterns are considered to improve the quality of feature
selection, the interpretability of the model, and the assurance that the machine learning approach presents
the underlying characteristics of preterm birth prediction [24].

This study uses a binary class dataset with 58 instances extracted from 1000-second-long Electrohystero-
gram signals. These signals give the physicians crucial information about the kind of uterine activity and help
them conclude whether the baby is preterm or not. Key physiological indicators detailed under contraction
patterns, signal entropy and statistical variations are tied to preterm birth classification and are included in
the dataset. The Electrohysterogram signal data is preprocessed and structured to enter a tabular format to
make it suitable for machine learning applications. As the dataset comes from signal processing techniques,
it also learns such temporal patterns that have the potential to improve predictive accuracy. This study uses
these features to build a robust machine learning model to accurately identify preterm birth risks.

Fig. 2 presents a Pearson correlation matrix among all extracted features, including the binary target
variable ‘Pretermy’ The matrix helps illustrate the degree of linear relationship between features and with the
target class. Notably, features such as Entropy, Contraction Times, and Count Contraction show moderate
positive correlation with the Preterm label. The stronger correlations are represented by darker shades of
red or blue and weaker correlations by lighter shades. Entropy and Contraction Times are correlated more
with the preterm outcome than Entropy and Contraction Times and perhaps should be considered more
in predictive modeling. In contrast, the negative correlation of “STD” with the preterm status is relatively
weak, suggesting a less direct prediction. Correlation matrix at an overall level is a basic understanding of
how these features interact with each other and this target variable, for feature selecting before developing
the model.

Fig. 3 depicts the density plot of the feature “Entropy” per ‘preterm’ status, showing different plotting
for ‘Non-Preterm’ and ‘Preterm’ groups. The entropy distribution of the “Pre-term” group is much flatter
and broader, whereas that for the “Non-Preterm” group is sharply peaked and therefore indicates a more
concentrated range of entropy values around a certain point. The contrast may indicate that ‘Entropy’ is
essential to distinguishing between the two classes. In certain regions where the two curves somewhat
overlap, this indicates ambiguity in classifying the data, and refining the features or thresholds in the data
might help improve classification accuracy.

Fig. 4 plots the features extracted from the Electrohysterogram signals, including ‘Count Contraction,
‘Length of Contraction, ‘STD, ‘Entropy, and ‘Contraction Times. Every subplot illustrates how a particular
feature provides contents to the dataset and its degree of variability. The distributions for ‘Features’ such
as ‘Entropy’” and ‘Contraction Times’ are tightly clustered, indicative of a consistency of values. However,



Comput Model Eng Sci. 2025;144(2) 2011

“Length of Contraction” and “STD” have broader ranges, indicating more variance. These features have
distinct peaks and spreads which might give clues of its discriminatory power in the preterm classification
model. The patterns across the distributions point to the fact that preprocessing and normalization enhance
the robustness of predictions.

Correlation Matrix

1.0
Count Contraction 0.17 0.41 0.59 0.37
0.8
lenght of contraction -
-0.6
STD- 0.17
-0.4
Entropy- 0.41
-0.2
Contraction times- 0.59
0.0
Pre-term- 0.37 0.27
-0.2

Entropy -

Pre-term

Count Contraction -
Contraction times -

lenght of contraction -

Figure 2: Correlation matrix of features for preterm birth prediction

Density Plot of Entropy by Pre-term Status

0 Non Pre-term

1.4 0 Pre-term

Density

1
Entropy

Figure 3: Density plot of entropy by preterm status
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Figure 4: Frequency distributions of key features from electrohysterogram signals

Fig. 5 reveals the inherent challenge that researchers face when working with real-world medical data—
the problem of class imbalance. In our original dataset, we can clearly see that nature doesn't provide us
with perfectly balanced samples. The chart shows that we have 39 cases of non-preterm births compared
to only 19 cases of preterm births. This 2:1 ratio is actually quite typical in medical datasets, where certain
conditions or outcomes are naturally less frequent than others. While this reflects the real-world prevalence
of preterm births, it creates a significant challenge for machine learning algorithms, which tend to become
biased toward the majority class. This imbalance means that without proper handling, our model might
become very good at identifying non-preterm cases but struggle to accurately detect the preterm cases that
were most concerned about preventing.

Fig. 6 demonstrates the transformative power of the SMOTE (Synthetic Minority Oversampling Tech-
nique) algorithm in addressing our class imbalance challenge. What we see here is a perfectly balanced
dataset with exactly 156 samples in each category—a dramatic improvement from our original uneven
distribution. SMOTE works its magic by intelligently creating synthetic examples of the minority class
(preterm births) rather than simply duplicating existing samples. This technique examines the characteristics
of real preterm cases and generates new, realistic samples that share similar features but aren’t exact copies.
The result is a dataset that gives our machine learning model an equal opportunity to learn the patterns
associated with both preterm and non-preterm births. This balanced approach is crucial for developing
a fair and accurate predictive model that won’t overlook the critical preterm cases that clinicians need to
identify early.
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Figure 5: Correlation matrix of features for preterm birth prediction
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Figure 6: Correlation matrix of features for preterm birth prediction

3.3 Long Short-Term Memory (LSTM)

The Long Short-Term Memory (LSTM) is a specialized type of Recurrent Neural Network (RNN) that
takes care of the vanishing gradient problem associated with the original approach of the RNN when dealing
with a long sequence of data. However, traditional RNNs find it difficult to retain information for extended
time intervals due to a phenomenon during training where the gradient values steadily diminish or explode,
making learning impossible. This problem can be overcome by LSTMs, which enable them to selectively
remember and forget information, thus making them very helpful for time series prediction, sequential data
classification, and pattern recognition tasks [25].

Recognizing the fact that the analysis of Electrohysterogram signal is crucial in cases of preterm birth
classification because the patterns of time dependent contractions are present in the Electrohysterogram
signals. Unlike traditional machine learning models based on static feature sets, LSTM networks can learn
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temporal dependencies in the data, mainly processing subtle but crucial changes over time. This inherent
ability of LSTMs is beneficial for separating preterm and non-preterm cases, where a physiological signal
evolves dynamically.

An LSTM unit consists of a cell state and three gates—the forget gate, input gate, and output gate—
which work together to control the flow of information through the network. The forget gate determines
which information from the previous cell state should be discarded. It takes the previous hidden state (h;_;)
and the current input (x;) and applies a sigmoid activation function, producing a value between 0 and 1:

o= (W [hi, x:] + by) 1)

where Wy and b are the weight matrix and bias, respectively.

The input gate decides which new information should be stored in the memory cell. It consists of two
parts: a sigmoid function that determines the significance of incoming information and a tanh activation
function that generates candidate values to be added to the memory cell:

ir = o(Wi - [heer, x:] + by) )

Ct = tanh(WC . [ht,l,xt] + bC) (3)
where C, represents the candidate values that could be added to the cell state.

The cell state is updated by combining the retained information from the previous state and the newly
selected input information:

Ct:ft'ct—1+it'ct (4)

The output gate determines what information should be passed forward as the hidden state to the next
layer. It first applies a sigmoid function to determine the significance of the cell state:

0 =0(W, - [h-1,x:] + by) (5)

The hidden state is then updated by applying a tanh function to the cell state and multiplying it by the
output gate:

h; = 0, - tanh(C;) (6)

The hidden state (h;) is then used in the next step, allowing the LSTM to capture long-term dependen-
cies effectively.

Time series problems can be solved with LSTMs, but the set of hyperparameters needed to make them
perform well includes the number of hidden units, learning rate, batch size, and dropout rate. Such problems
as overfitting, slow convergence and low accuracy can happen in terms of tuning so that it can go off the
mark. Metaheuristic optimization algorithms can be used to explore potential solutions and deal with them
efficiently. Some optimization techniques fine-tune the hyperparameter, reduce the computational cost, and
enhance the model’s generalization for LSTM training. The model will reduce over-fitting, convergence
speed, and with higher accuracy by integrating LSTM with hybrid optimization methods.

3.4 Hybrid Greylag Goose and Particle Swarm Optimization (GGPSO) Algorithm

GGPSO is created based on the Greylag Goose Optimization (GGO) [26], which mimics the aggregation
movement behavior and optimize on the base of velocity strategy of PSO. It is a blend of the exploitation
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of current knowledge and the repeated acquisition of new information in the process of optimizing and
avoiding the problem of getting fixed in local optima.

In this method, the population of search agents represents candidate solutions to the optimization
problem. Each agent’s performance is evaluated using a fitness function F,, which determines the best agent
position (P) at each iteration. The population is divided into two groups: an exploration group (n;) that
searches new regions of the solution space and an exploitation group (#,) that fine-tunes solutions around
promising candidates.

The position update rules in GGPSO alternate between GGO-based exploration and PSO-based
exploitation, depending on whether the current iteration is even or odd.

(1) GGO-Based Exploration Step

During even iterations (#%2 == 0), the algorithm mimics the flocking behavior of geese, where agents

adjust their positions based on leader dynamics and environmental factors. If a random condition (13 < 0.5)
is met and the absolute distance |A| is small, the agent updates its position using:

X(t+1)=X'(1)-A;-C-X'(t) - X(t) (7)

where X(t) is the agent’s current position, X'(t) is the best-known updated position, A; and C introduce
random variations to enhance search diversity.

If this condition is not met, movement is determined by a weighted combination of three randomly
selected search agents (X, qdd1e1> Xpaddie2> Xpaddies). The update factor z is calculated using an exponential
decay function:

zzl—( d )2 (8)

tmax

The new position is updated using:

w1 w» w3
X(t+1) = ———Xpaadien + 2 —————(Xpaddier = Xpadares) + 1-2) - —————
w1+ wy + w3 w1+ wy + w3 w1+ Wy + w3
(X_Xpaddle) 9)

where wy, wy, w; are weight factors, X441, represents a reference agent influencing movement.
This GGO-inspired movement ensures a broad search space, preventing stagnation in local optima.
(2) PSO-Based Exploitation Step

During odd iterations (#%2 # 0), the algorithm switches to a PSO-based velocity update to refine
solutions. The search agents adjust their positions based on personal best (P,) and global best (P) solutions:

X(t + 1) = X(t) + Wi U(t) + clrl(Ph - Pold) + CZTZ(P - Pold) (10)
where wy is the inertia weight controlling the effect of previous velocities, U(¢) is the velocity update term,

¢y, ¢; are acceleration coefficients, ry, r, are random numbers between 0 and 1.

This equation allows agents to converge towards optimal solutions while maintaining some randomness
to escape local optima.

(3) Individual Position Updates

For individual agents, a different position update rule applies:

X(t+1)=X(t)+D(1+2) -w- (X - Xriock1) (11)
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where D is a distance parameter and X,k represents the leading flock’s position. This allows agents to
gradually align with the best-discovered solutions.

When t%2 == 0 in the exploitation group, the position update follows:

Xy = XSentryl -Ar- ‘Cl ’ XSentryl - X| >
X; = )CSe:ntry2 - Ay ‘Cz ’ XSentryz - X| > (12
X3 = AXSentry3 - As- |C3 ’ XSentry3 N X‘ :

Through optimizing LSTM hyperparameters using GGPSO in this study, it realizes a better classification
accuracy of preterm birth, so the deep learning model is more reliable and interpretable. The actual flowchart
of the proposed algorithm, the GGPSO, is presented in Algorithm 1 to depict the functioning of the search
agents in an environment, how they fine-tune their algorithms, and how they aim at the best performance.

Algorithm 1: Pseudo-code of greylag goose particle swarm optimization (GGPSO)

Require: Population size n, maximum iterations .y, objective function F,, parameters for GGO and PSO
Ensure: Optimal solution P

1: Initialize population X;, evaluate fitness F,, select best P

2: Divide into exploration (n;) and exploitation (rn,) groups

3: for iteration t = 1t0 ty,¢ dO

4:  For exploration group:

5: if t even then
6: Update positions using GGO rules based on random condition:
7: if local condition met then
8: Perform local update
9: else
10: Update using random paddle agents
11: end if
12:  else
13: Update positions using PSO rules
14: endif

15:  For exploitation group:
16: if t even then

17: Update positions using “sentry” agents’ information
18: else

19: Update positions based on flock alignment

20: endif

21:  Evaluate new fitness, update global best P

22: If no improvement over two iterations, adjust group sizes (1, n,)
23: end for

24: return Optimal solution P

These methodologies have been very well worked to give a correct and dependable preterm birth
prediction in this study. The method of the study is proposed to identify the important characteristics of
Electrohysterogram signal from the area of statistics, signal processing and feature selection and machine
learning algorithms. By incorporating the adopted GGPSO, hyperparameters in the model are optimized,
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thereby enhancing the model efficiency through LSTM networks. This makes the classification of the model
far more accurate and guarantees the ability of the model to generalize from one data set to another. This
framework would provide, in the long term, an interpretable and reliable way to detect preterm birth at an
early stage and can also be beneficial in clinical decision-making or in maternal health care practices.

The incorporation of these two methodologies provides a strong background to the development of
intelligent healthcare systems, which would, in one way or another, assist physicians in coming up with
suitable decisions concerning high-risk preterm births.

4 Experimental Results

The examination of the results shows that state-of-the-art machine learning and optimization
approaches can deliver outstanding classification accuracy. Successfully applied to capture temporal charac-
teristics, the LSTM model achieved high outcomes for such vital signs as accuracy, sensitivity, and specificity.
Hence, these results demonstrate the ability to accomplish classification tasks with higher reliability and
accuracy. Moreover, the integration of the proposed GGPSO optimization thoughtfully enhanced the model
by optimizing the already proven LSTM, which in turn helped the model to reach new levels of accuracy and
sensitivity together with the generalization of different scenarios. The GGPSO algorithm was configured with
20 candidate solutions per population, executed over 100 iterations, and repeated across 30 independent runs
to ensure robust performance evaluation. The complementarity of optimization algorithms and machine
learning models thus delineates their ability to solve multi-variable classification problems with a high degree
of accuracy and reliability in which applications are critical and a tight constraint on error margin is required.

To ensure a robust and fair comparison, several well-established machine learning models were imple-
mented along with the proposed framework. These included the Gated Recurrent Unit (GRU), Convolutional
Neural Network (CNN), and Artificial Neural Network (ANN), each chosen for their recognized strengths
in time-series classification and biomedical signal analysis. The GRU model was configured with a single
recurrent layer containing 64 hidden units and a dropout rate of 0.2, optimized using the Adam optimizer.
The CNN architecture [27] employed a 1D structure with convolutional and pooling layers, followed by a
dense classification layer. The ANN consisted of two fully connected hidden layers with ReLU activation and
dropout regularization, optimized with binary cross-entropy loss. Additionally, several hybrid models were
considered to evaluate the impact of metaheuristic optimization strategies. These included GA + LSTM, PSO
+ LSTM, and GWO + LSTM, where Genetic Algorithm (GA) [28], Particle Swarm Optimization (PSO), and
Grey Wolf Optimizer (GWO) [29] were respectively applied to fine-tune LSTM hyperparameters such as the
number of units, learning rate, and dropout values. All models were trained under a consistent experimental
protocol using 10-fold cross-validation, stratified data splitting, and early stopping to prevent overfitting.
This comparative strategy highlights the effectiveness of the proposed GGPSO + LSTM model within a
standardized evaluation framework, reinforcing its competitive advantage in predictive performance.

4.1 Comprehensive Feature Analysis and Model Interpretability

Table 2 presents the statistical validation results for all extracted EHG signal features using p-value anal-
ysis with a significance threshold of & = 0.05. The analysis reveals that four out of five features demonstrate
strong statistical significance, with Entropy showing the most exceptional discriminative power (p = 1.06 x
1072°). Contraction-related features (timing, count, and duration) all exhibit extremely high significance
levels, confirming their clinical relevance for preterm birth prediction. Notably, the Standard Deviation
(STD) feature shows no statistical significance (p = 0.769), indicating its lack of discriminative value and
supporting its exclusion from the final model. This statistical foundation validates the feature selection
methodology and provides robust evidence for the clinical applicability of the identified biomarkers.
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Table 2: Statistical significance and clinical relevance of features

Feature p-value Significance level Statistical Clinical relevance
interpretation
Entropy 1.06 x 10720 * (Extremely Highest Signal complexity
Significant) discriminative indicator
power
Contraction 2.64 x10718 o+ (Extremely Very strong Timing pattern
times Significant) predictor analysis
Count 2.28 x 107 ©0¢ (Extremely Strong Frequency
Contraction Significant) discriminative assessment
ability
Length of 1.23x 107 ** (Highly Moderate predictor Duration
contraction Significant) strength measurement
STD 0.769 NS (Not Significant) No discriminative Should be excluded
value

Fig. 7 demonstrates the SHAP (SHapley Additive exPlanations) feature importance analysis, revealing
the relative contribution of each EHG signal feature to the model’s prediction decisions. The analysis
shows that Entropy achieves the highest SHAP importance value, followed closely by Count Contraction,
confirming these features as the primary drivers of preterm birth classification. Contraction times and
Length of contraction exhibit moderate importance levels, while STD shows minimal contribution to model
predictions. This SHAP analysis provides essential evidence for model interpretability, directly addressing
clinical requirements for understanding which physiological parameters most significantly influence preterm
birth risk assessment. The consistent ranking with statistical significance results (Table 2) validates the
robustness of feature selection methodology.

entropy |
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lenght of contraction .
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Figure 7: SHAP feature importance analysis

Fig. 8 presents the Random Forest feature importance analysis, providing an ensemble-based perspec-
tive on feature significance that complements the SHAP analysis. The Random Forest algorithm assigns
the highest importance score (~0.35) to Count Contraction, followed by Entropy (~0.32), demonstrating
slight variation in ranking compared to SHAP but maintaining consistency in identifying the top two
most influential features. Contraction times and Length of contraction receive moderate importance
scores, while STD consistently shows the lowest contribution (~0.04) across both analytical methods. This
convergence between SHAP and Random Forest importance rankings strengthens the reliability of feature
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prioritization and validates the robustness of the identified biomarkers across multiple machine learning
interpretability approaches.
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Figure 8: Random forest feature importance analysis

Fig. 9 illustrates the detailed SHAP values distribution, providing granular insights into how individual
feature values impact model predictions for each sample in the dataset. The visualization reveals distinct
directional patterns where higher Entropy values (represented by red points) consistently contribute pos-
itive SHAP values, pushing predictions toward preterm classification, while lower Entropy values (blue
points) generate negative SHAP values, supporting non-preterm predictions. Similarly, Count Contraction
demonstrates clear threshold effects where specific value ranges strongly influence classification outcomes.
This detailed analysis enables clinicians to understand feature-specific decision boundaries and provides
actionable insights into the physiological parameter ranges that most significantly indicate preterm birth risk.
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Figure 9: SHAP values distribution for individual feature impact on model predictions revealing directional effects of
feature values

Fig. 10 presents the Principal Component Analysis (PCA) projection of the five-dimensional EHG
feature space onto a two-dimensional representation, demonstrating exceptional class separability character-
istics. The analysis reveals that the first principal component (PC1) captures an remarkable 98.7% of the total
variance, indicating that the extracted features contain highly concentrated discriminative information along
the primary axis of variation. The second principal component (PC2) accounts for only 1.2% of the variance,
suggesting that most classification-relevant information is effectively captured in the first dimension. The
visualization clearly shows distinct spatial clustering with preterm cases (blue points) and non-preterm
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cases (red points) forming separate groups with minimal overlap, validating the effectiveness of the feature
extraction methodology and supporting the model’s classification capabilities.
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Figure 10: PCA projection visualization

Fig. 11 displays the t-SNE (t-Distributed Stochastic Neighbor Embedding) visualization, revealing
complex non-linear clustering patterns that complement the linear PCA analysis and provide deeper
insights into the feature space structure. The enhanced two-dimensional projection demonstrates well-
defined spatial groupings with preterm cases (orange points) and non-preterm cases (green points) forming
distinct clusters across the embedding space. The t-SNE analysis uncovers multiple sub-clusters within each
class, suggesting potential phenotypic variations in EHG signal patterns that may correspond to different
underlying pathophysiological mechanisms. Despite these sub-groupings, clear inter-class boundaries are
maintained, with minimal overlap between preterm and non-preterm regions, confirming the discriminative
power of the extracted features in a non-linear context.

Fig. 12 presents a comprehensive correlation analysis focusing on feature pairs that exceed the 0.5
correlation threshold, identifying significant linear relationships between extracted EHG signal character-
istics. The analysis reveals that Entropy and Contraction times exhibit an exceptionally strong correlation
(r ~ 1.0), indicating that signal complexity measures are fundamentally linked to temporal contraction
patterns in EHG recordings. Count Contraction demonstrates strong positive correlations with both Entropy
(r ~ 0.9) and Contraction times, suggesting that contraction frequency is closely associated with both signal
complexity and temporal characteristics. These correlation patterns provide valuable insights into potential
feature redundancy while maintaining clinical interpretability, as the relationships align with established
obstetric knowledge about uterine activity dynamics and support evidence-based dimensionality reduction
strategies if needed for model optimization.
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Enhanced t-SNE Projection by Pre-term Label
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Figure 11: t-SNE clustering visualization revealing non-linear patterns and distinct class groupings
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Figure 12: Top correlated feature pairs analysis identifying relationships between EHG signal characteristics (r < 0.5)

4.2 Machine Learning Models Results

The performance of the best model, the Long Short-Term Memory (LSTM) model, is an accuracy
of (0.94118), and the sensitivity True Positive Rate (TRP) of (0.93243) is depicted in Table 3 below. It was
found that the LSTM model outperformed the rest and could classify positive instances effectively with high
sensitivity. Further, evidence of high True Negative Rate (TNR) and Positive Predictive Value (PPV) holds
good specificity and less chance of having false positives in the result. It seems that the proposed LSTM model
is very useful in situations where classification is critical, and the model needs to be stable and reliable. This
optimal performance across several evaluation measures indicates that it has a good generalization ability.
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Table 3: Machine learning models performance evaluation

Models Accuracy  Sensitivity Specificity PPV NPV F-Score
(TPR) (TNR)
LSTM 0.94118 0.93243 0.94937 0.94521 0.93750 0.93878
Gated recurrent units ~ 0.92037 0.90909 0.93052 0.92179 0.91912 0.91540
(GRUgs)
CNN 0.91640 0.90210 0.92857 0.91489 0.91765 0.90845
ANN 0.90938 0.89235 0.92334 0.90517 0.91274 0.89872

Fig. 13 provides the heatmap of model metrics with proper annotations as can be observed LSTM model
has higher scores than others in all evaluation criteria. It is the one that recognizes the highest accuracy,
which makes it the best in the classification and the most reliable. In this work, LSTM appears most sensitive,
measured by TPR, showing its effectiveness in pinpointing positive cases and specific or with high TNR in
discerning negative cases. Furthermore, a high PPV means a very low chance of misdiagnosis, while a high
NPV means a very low chance of confined false negatives. The F-Score provides one more piece of evidence
for the skillful balance of the metrics as the model maintains high equalized values for precision and recall,
indicating its superiority over other models being examined.

Detailed Heatmap of Model Metrics with Annotations
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Figure 13: Heatmap of model performance metrics with annotations

According to the evaluation of the machine learning models, it is observed that the LSTM model
represents immense reliability and has performed better in most of the evaluation parameters. This figure
shows that it is effective in classifying instances correctly, as can be seen by its high accuracy. The sensitivity
(TPR) part determines how effectively the model is able to find true positive instances. The robust specificity
(TNR) aspect of the proposed model can effectively account for the strong negative predictive accuracy, thus
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minimizing false positives. In addition, an increased value for PPV and NPV highlights higher accuracy in
terms of predictions; all positive cases and, at the same time, all negatives are well distinguished. The F-Score
further equalizes the LSTM model for the normal distribution of performance concerning precision and
recall, especially with relation to data variance.

4.3 Optimization Results

In Table 4 below, the results of the best model, GGPSO + LSTM, are represented in terms of Accuracy
(0.97341) and Sensitivity (True Positive Rate) (0.96910). This model was better in all aspects because it gave
better Area Under the Curve (AUC), better kappa value, less standard error, fewer false positives, and better
sensitivity. The model also tested high reliability in terms of specificity (TNR) and positive predictive value
(PPV) which strengthens the elimination of true positives and negatives among the study. These outcomes
show that the proposed GGPSO optimization successfully improved the LSTM model performance. Due to
its generalize performance and high efficiency, it is very suitable for classification/Input/Output problems.

Table 4: Optimization results with LSTM models

Models Accuracy Sensitivity (TPR)  Specificity (TNR) PPV NPV  F-Score
GGPSO + LSTM 0.97341 0.96910 0.97741 0.97549 0.97150 0.97229
GA + LSTM 0.96311 0.95745 0.96816 0.96397 0.96236 0.96070
PSO + LSTM 0.96131 0.95459 0.96694 0.96028 0.96217 0.95743
GWO + LSTM 0.95744 0.94880 0.96440 0.95551 0.95897 0.95214

Fig. 14 provides the detailed heatmap of model metrics with annotations as follows: the best overall
output is generated from the GGPSO + LSTM model. This decreases variability while at the same time
increasing the precision, thus making this model achieve the highest accuracy hence thus being in a position
to classify instances the most. The first, TPR (True Positives Rate), communicates how well it is doing
in correctly identifying cases that are positive. While the second, TNR (True Negative Rate), shows how
accurately it is in identifying negative cases. Further, the PPV and NPV validate the model’s accuracy for
managing affirmative and negative prognoses.

Fig. 15 presents the accuracy performance comparison of LSTM models optimized by different algo-
rithms for preterm birth prediction. The results demonstrate the superiority of GGPSO optimization,
achieving 97.34% accuracy compared to GA+LSTM (96.31%), PSO+LSTM (96.13%), and GWO+LSTM
(95.74%). This consistent performance advantage validates the effectiveness of the hybrid GGPSO approach
in enhancing LSTM model capabilities for clinical applications.

The optimization results focus on the great success of the integration between GGPSO and the LSTM
model. This has acted as proof of better accuracy since it has exhibited high instance classification credentials.
It gives a clear picture of the true positive rate (TPR) model efficiency to detect true cases, and the non-
overlapping false positive rate (FPR) indicates negative instances with high specificity (TNR). Also, the rise
of the PPV and NPV value goes on to show the effectiveness of the model towards the outcome that was
predicted in the positive and negative hypothesis. Thus, as the F-Score values are balanced, it indicates this
approach is well-prepared to maintain both precision and recall constantly. These outcomes confirm the
efficiency of the proposed strategy of employing GGPSO to improve LSTM, which undoubtedly identifies
LSTM as one of the most effective techniques suited for classification problems with high precision, for which
acceptable complex level may cause.
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Detailed Heatmap of Model Metrics with Annotations
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Figure 14: Heatmap of optimized LSTM model metrics with annotations
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Figure 15: Accuracy performance comparison of LSTM models with different optimization algorithms

5 Discussion

The findings of this study highlight the considerable potential of hybrid metaheuristic optimization in
enhancing deep learning models for biomedical prediction tasks, specifically preterm birth classification.
The proposed GGPSO-optimized LSTM model achieved a notably high accuracy of 97.34%, outperforming
both traditional machine learning methods and existing optimized deep learning models reported in the
literature. Previous studies on similar Electrohysterogram (EHG) datasets typically report accuracy values in
the range of 0.78 to 0.90 [13,16,22], indicating a substantial improvement attributable to our hybrid approach.
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This increased performance can be explained by the fact that the GGPSO algorithm successfully strikes
the balance between exploration and exploitation in the hyperparameter search space. Whereas traditional
optimizers such as GA and PSO have been known to either early converge or become unable to get out of
local optima, the GGPSO algorithm has been able to couple the benefits of the social dynamics of Greylag
Goose Optimization with the adaptiveness of Particle Swarm Optimization in search. The result is more
effective training of LSTM networks and better convergence of models, which can be achieved by this hybrid
architecture that enables strong global search with fine-tuned local adjustment.

In addition to raw performance, one of the most critical contributions of this study is model
interpretability. By employing clinically relevant feature extraction from EHG signals—including entropy;,
contraction count, and contraction duration—we ensured that the input space reflects meaningful physio-
logical information. Our SHAP and Random Forest analyses confirmed that entropy and contraction-related
variables were the most influential features, findings that are consistent with obstetric literature describing
uterine behavior in preterm labor [15,17]. This strengthens the clinical validity of our model and promotes
transparency, addressing one of the common shortcomings of deep learning systems in healthcare.

From a data perspective, this study successfully overcame the challenge of dataset imbalance, a common
issue in medical machine learning. The use of SMOTE to balance the minority class expanded the original
dataset from 58 to 312 samples, enabling the model to learn equally from both preterm and non-preterm
cases. This approach, coupled with repeated cross-validation, demonstrates how even small, imbalanced
datasets can be leveraged effectively with proper preprocessing and evaluation strategies.

The clinical implications of these results are significant. High sensitivity (96.91%) ensures that most at-
risk pregnancies are correctly flagged, enabling timely interventions such as corticosteroid administration or
NICU preparation. Simultaneously, the high specificity (97.74%) minimizes false alarms, thereby reducing
unnecessary interventions in low-risk cases. These performance metrics are well-balanced, enhancing the
model’s practical utility in real-world clinical decision-making where both false positives and false negatives
carry substantial consequences.

However, several limitations need to be mentioned. The small sample size is a drawback, despite the
SMOTE technique’s ability to reduce it. However, external validation of the suggested model on broader and
more heterogeneous information is necessary to demonstrate the model’s generalizability. The EHG signal
features employed in this work were good but restricted to only a few statistical and temporal descriptors;
turther predictive accuracy could be achieved by the inclusion of other signal modalities (e.g., maternal vitals,
biochemical markers). Additionally, we have introduced SHAP to achieve explanations. Still, one should
continue the study using more advanced explainable Al methods (e.g., integrated gradients or counterfactual
analysis) to have a more insightful view of the logic behind model decisions.

This work addresses gaps in the literature compared to previous studies. The majority of current research
above is either non-complex optimizing or compromised in terms of interpretation, with generated output.
Our hybrid model has been constructed, proving that both objectives can be fulfilled simultaneously. It
also points to the little-studied opportunity of nature-inspired algorithms in a time-series classification
problem, such as in medicine, in which more traditional optimizers have dominated. This contribution is a
methodological novelty that can serve not only to the area of understanding prediction of preterm birth but
also to a more general area of intelligent clinical decision support.

To conclude, the given research provides a structurally integrated methodology that strikes the balance
of predictive performance, transparency of the model, and clinically relevant conclusions. It establishes
a precedent for new future studies into the implementation of hybrid metaheuristic-deep learning based
models in the maternal-fetal medium as well as in other fields. The following steps to practical application
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in obstetric care will be the validation of the model in the real-time monitoring settings, as well as in a
diverse population.

6 Conclusion and Future Directions

The study focuses on how advanced machine learning techniques, which include the LSTM model,
can result in high classification performance as seen on the various evaluation standards. LSTM-optimized
networks using the GGPSO optimization provided a boost to the model, thereby corresponding to higher
accuracy, sensitivity, and specificity. These enhancements argue the role of the optimization process in
enhancing the quality of the models to provide accurate and precise results when working with compli-
cated classification problems. The results obtained prove the possibilities of integrating machine learning
models with optimization algorithms to solve issues in various fields of application when accurate and
stable classification is crucial. Because of the high precision and reliability of the proposed algorithm, the
GGPSO-optimized LSTM is suitable for implementation on actual sites.

In further studies, various avenues can be taken to expand and build on the already existing frame-
work. One potential avenue involves an investigation of any alternative or higher-order metaheuristic
optimization algorithms, including differential evolution, ant colony optimization, or novel hybrid swarm
intelligence models, to determine whether they provide better convergence speed or predictive performance
than GGPSO. In addition, heterogeneous hybrid optimization methods that can take advantage of many
algorithms can be applied to improve the robustness and flexibility of the hyperparameter tuning process.
The next significant direction is verifying the proposed model on the extended, multi-center data, which has
diverse demographic and clinical features, as it is necessary to check its generality and stability factors in real-
world conditions of the healthcare setting. Moreover, although preliminary interpretability has been fulfilled,
further research should utilize more elaborate explainable AI methods, like SHapley Additive Explanations
(SHAP), LIME, or integrated gradients, to ensure more transparency on the decision paths used by the model
and enable the acceptance of the model by clinicians. Lastly, the actual performance of the model in real-life
applications—such as continuous fetal monitoring systems/mobile health platforms development—will be
essential to assess its performance in a dynamic environment, as well as ensure that the model is successful
in adoption to practical, time-sensitive clinical applications.

Although the outcomes of the study are encouraging, it cannot be said that there are no limitations that
should be considered. Whereas the proposed GGPSO-optimized LSTM model demonstrates a high level of
predictive potential, its present assessment is limited to a relatively small pool of data and an experimental
environment. In this regard, additional verification in multifaceted clinical settings, patient populations, as
well as health care systems is needed to evaluate the robustness and generalizability of the model. Besides,
although attempts to address interpretability were made earlier, a detailed analysis of the decision-making
process in the model by applying the more sophisticated explainable AI methodologies of the second
generation could also enhance clinical trust and transparency. Lastly, testing the model’s performance in
real-time, dynamic clinical pathways remains a research priority to achieve practical relevance within the
clinical context.
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