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! Department of CSE, BRAC University, Dhaka, Bangladesh
2 Department of ECE, North South University, Dhaka, Bangladesh

ABSTRACT

Fetal health assessment is crucial for ensuring the well-being of both mother and fetus during pregnancy. Accurate
monitoring can reduce child and maternal mortality rates, particularly in low- and middle-income countries where these
rates are higher. This research aims to enhance fetal health classification using advanced machine learning techniques
and Explainable Artificial Intelligence (XAI) to address the gaps in predictive accuracy and model transparency. A
dataset of 2,126 records with 22 features from Cardiotocography (CTG) readings. The dataset was balanced using
Synthetic Minority Over-sampling Technique (SMOTE) to handle class imbalances. Various machine learning algorithms,
including LightGBM, XGBoost, and Random Forest, and employed Pearson’s Correlation for feature selection were
implemented. Shapley values were used to ensure model interpretability. LightGBM achieved the highest accuracy
at 95.9%, followed by XGBoost at 95.5%. Feature importance and SHAP analysis revealed features that are critical
for accurate predictions. Our study also demonstrates that combining machine learning with XAI can drastically
improve fetal health monitoring by providing interpretable models. Ultimately, this contributes to more informed
decision-making in fetal health monitoring and supports global efforts to reduce maternal and neonatal mortality in

line with the Sustainable Development Goals.
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Introduction

Fetal health assessment is a key part of prenatal
care, helping ensure both the mother and baby stay
healthy throughout pregnancy. As the baby grows
and develops over the nine months, regular check-ups
become crucial to catch any potential issues early.
One of the most trusted tools for monitoring the
baby’s well-being is Cardiotocography (CTG), often
known as electronic fetal monitoring. It works by us-
ing a small ultrasound sensor placed on the mother’s
belly to keep track of the baby’s heartbeat and the
mother’s contractions in real time. CTG is especially
useful during the final stages of pregnancy and dur-
ing labor, giving doctors important insights to make
timely and informed decisions.

The primary goal of using CTG is to classify fe-
tal health and prevent child and maternal mortality,
aligning with the United Nations’ Sustainable Devel-
opment Goals (SDGs)' to reduce preventable deaths
of newborns and children under the age of five and
to lower maternal mortality rates. As of 2017, mater-
nal mortality accounted for approximately 295,000
deaths. According to UNICEF, in 2018, maternal and
fetal mortality rates were significantly higher in low-
and middle-income countries, with seven deaths per
1000 live births, compared to three in higher-income
countries.

The dataset includes 2,126 records, each containing
22 features that capture different aspects of the CTG
readings. The analysis found that certain features
like heart rate accelerations, prolonged slowdowns
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(decelerations), unusual short-term variability, a high
percentage of abnormal long-term variability, and the
average value of long-term variability are strongly
linked to fetal health. Many factors can affect a
baby’s development before birth, including genetic
conditions, illnesses in the mother, environmental ex-
posures, or complications during pregnancy.

To boost the accuracy of predicting fetal health, we
tested a wide range of machine learning models. We
also explored other techniques like AdaBoost, Logistic
Regression, Stochastic Gradient Descent (SGD), Per-
ceptron, Linear Discriminant Analysis (LDA), Naive
Bayes, and Quadratic Discriminant Analysis (QDA).
Before implementing these algorithms, the dataset
was balanced using SMOTE to address class imbal-
ances. Pearson’s Correlation was utilized to identify
and remove highly correlated features (correlation
coefficient > 0.8) to prevent duplication and improve
model performance.

This study aims at leveraging advanced machine
learning techniques to classify fetal health accurately.
By providing actionable insights into fetal well-being,
the work supports the broader goal of achieving
the SDGs by 2030.! Ensuring that all births are at-
tended by skilled health professionals, coupled with
the use of effective monitoring tools and predictive
algorithms, can make the difference between life and
death for both the mother and the newborn.

This study introduces several novel aspects to the
field of fetal health monitoring:

* Firstly, it involves a comprehensive analysis of
key features correlated with fetal health. By iden-
tifying and analyzing these features, the study
provides deeper insights into which parameters
are most indicative of potential complications.
Secondly, it systematically compares a wide range
of ML algorithms, including traditional models
and advanced techniques like neural networks and
ensemble methods. Unlike many earlier studies
that only explored a few algorithms, our work
takes a more comprehensive approach by evalu-
ating a wider range of models.

Thirdly, it integrates XAl into the ML models. By
ensuring that the models are not only accurate
but also transparent and explainable, the research
addresses a critical gap in the current application
of ML in healthcare, where interpretability is often
overlooked.

The primary technical gap this study addresses is
the lack of transparent, accurate, and reliable ML
models for fetal health monitoring. While many stud-
ies have explored the use of ML in this field, few
have effectively combined high accuracy with inter-
pretability. This study bridges this gap by using XAI
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techniques to create models that are both accurate
and explainable.

Another key challenge is the imbalance in fetal
health data, where abnormal cases are much rarer
than normal ones, and this study addresses it by
using SMOTE to create a more balanced dataset. In
summary, this study leverages the power of machine
learning to improve fetal health monitoring by ad-
dressing key technical gaps and ensuring that the
models are both accurate and explainable.

Related works

Abubaker et al.? demonstrate that employing the
extra tree feature selection method significantly en-
hances the accuracy of heart disease prediction
models. By prioritizing key features, their research
streamlines computational complexity which resulted
in an improved accuracy with the extra tree classifier.
Jassim et al.®> concentrate on refining lung cancer
prediction through the utilization of deep learning
and ensemble techniques. Afridi et al.* tackled the
important issue of fetal distress during childbirth
by analyzing fetal heart rate (FHR) data collected
through cardiotocography (CTG). Mandala’s® study
presents a new machine-learning method for clas-
sifying fetal health using a LightGBM classifier.
Kannan et al.® evaluate the calibration of classifiers
based on rules, trees, and functions to explore un-
certain information in the Cardiotocography (CTG)
dataset.

Ramla’ highlights the importance of Cardiotocog-
raphy (CTG) as a crucial tool for monitoring fetal
health during both pregnancy and after birth. Krupa
et al.® introduced a new method for analyzing FHR
using CTG, a common tool for fetal monitoring.
Mendis et al.,° showcases the importance of CTG
in monitoring fetal distress during labor by ana-
lyzing FHR and UC. Warmerdam et al.'° discusses
how analyzing the variability in fetal heart rate
through spectral analysis can indicate the baby’s
health. Zhao et al.,'' proposes a computer-aided
diagnostic tool called Hybrid-FHR to address this
issue. Spairani et al.,'? addresses the challenge of
interpreting Cardiotocography (CTG) signals for as-
sessing fetal well-being, a practice prone to significant
variability among observers. Esteban et al.!® stud-
ied predicting acidemia in newborns by examining
specific fetal heart signal features in a 30-minute
window, especially focusing on the last deceleration
before birth. Das et al.'* introduce a soft computing-
based method for classifying fetal health using
cardiotocograph (CTG) data during labor. Their pro-
posed approach involves preprocessing CTG signals,
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extracting relevant features, and utilizing soft com-
puting algorithms for classification. The study pro-
vided in Ayres-de-Campos et al.,'®> aims to offer
assistance in utilizing and interpreting intrapartum
cardiotocography (CTG) while managing specific
CTG patterns in clinical settings. The study detailed
by Sharma et al.,'® dives into the evaluation of car-
diotocography (CTG) in high-risk pregnancies and its
association with both maternal and fetal outcomes.
Conducted on 200 antenatal patients with high-risk
pregnancies, the study correlates CTG analyses, as
per RCOG guidelines, with various outcomes. Results
indicate that patients with non-reactive CTG faced
significantly higher risks of premature rupture of
membranes and prolonged labor.

Salini et al.'” developed machine learning models
to improve fetal health classification using car-
diotocography data. Their models achieved a high
accuracy of 93%. The researchers explored vari-
ous ML models, including Random Forests, Logistic
Regression, Decision Trees, Support Vector Classi-
fiers, Voting Classes, and K-Nearest Neighbors. In
Petrozziello et al.,'® the authors focused to improve
how fetal heart rate (FHR) monitoring during child-
birth is assessed. The study found that their models
performed better than traditional methods in predict-
ing cord acidemia.

Nafea et al.'” introduce an ensemble model com-
bining decision trees, support vector machines, ran-
dom forests, and ADA-boost for detecting adverse
drug reactions (ADRs). Omotunde and Mouhamed *°
provide a comprehensive overview of how artificial
intelligence (AI) systems are revolutionizing health-
care, particularly in the management and analysis
of electronic medical records (EMRs). Mohammed
et al.?! address the challenge of skin cancer detection
using a hybrid model that combines DenseNet201
and an auto-encoder for feature extraction with a
support vector machine (SVM) classifier. Kadhim
et al. % explored the application of ensemble machine
learning algorithms, including SVM, and several en-
semble models to detect for prostate cancer using MRI
scans.

Unlike earlier studies, this research fills an im-
portant gap by combining high prediction accuracy
with model interpretability in fetal health monitor-
ing. While many previous works focused on testing
different machine learning algorithms, few have suc-
cessfully included Explainable AI (XAI) to make the
models more transparent and trustworthy for clinical
use. We also addressed the issue of data imbalance
by applying the Synthetic Minority Over-sampling
Technique (SMOTE) to ensure fair representation of
all health conditions.
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Fig. 1. Flowchart of the methodology.

Materials and methods

The methodology of this study follows a clear, step-
by-step approach, as shown in Fig. 1. It begins with
data collection and preprocessing, followed by bal-
ancing the dataset using SMOTE, selecting the most
important features, training various models, evalu-
ating their performance, and finally using XAI to
showecase interpretability.

The dataset comprises 2126 records with 22
features capturing various parameters from CTG
readings. The features include numerical attributes
such as ‘mean value of short-term variability’ and
‘percentage of time with abnormal long-term variabil-
ity,” and categorical attributes such as ‘fetal health
class.’

The important steps of the methodologies are de-
scribed in detail below:

1. Data Preprocessing The initial step involves
cleaning and preparing the data to ensure its
quality and suitability for analysis. This includes
handling missing values, normalizing numerical
features, and encoding categorical variables into
numerical formats compatible with machine
learning algorithms. In the data preprocessing
step, missing values were handled using mul-
tiple imputation methods. Numerical features
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Fig. 2. Correlation map of the features.

were normalized using Min-Max scaling and

Z-score normalization to standardize the data.

Categorical variables were encoded using one-

hot encoding for nominal categories and label

encoding for ordinal categories.

Data Balancing: To handle class imbalances in

the dataset SMOTE was applied: The following

steps are involved:

+ For each minority class sample (x;), find its
(k)-nearest neighbors.

» Randomly select one of the (k)-nearest neigh-
bors (x;x).

* Generate a new synthetic sample (X, ) along
the line segment joining (x;) and (x;x) as de-
fined in Eq. (1)

[Xnew = X + A (%; 1 — X;) ] (1)
where (1) is a random number between 0 and
1.

Feature Selection using Pearson Correlation Co-

efficient To reduce dimensionality and remove

redundant features; Pearson’s correlation coef-
ficient is calculated between pairs of features.

Features with a high correlation coefficient
(+0.8 and 0.8 in this research) are con-
sidered redundant and removed to prevent
multicollinearity, thereby enhancing model per-
formance. In total, 4 features were removed
based on this threshold Fig. 2 contains the cor-
relation matrix of the features in the dataset.
Pearson correlation coefficient is defined in
Eq. (2).

YL E-R (%7
I -2/, (4 - 7)

(2)

where (X) and (Y) are the means of (X) and

(Y), respectively.

Application of Machine Learning and Deep

Learning Methods: A range of ML and DL algo-

rithms to classify fetal health was applied. The

description of the best performing algorithm is

provided below:

+ XGBoost is based on the gradient boosting
framework, which builds an ensemble of de-
cision trees in a sequential manner. Each
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tree is constructed to correct the errors of
the previous tree, thus improving the overall
model accuracy. XGBoost includes regulariza-
tion terms in its objective function to prevent
overfitting. It employs both L1 (Lasso) and L2
(Ridge) regularization to control the complex-
ity of the model, making it more robust and
generalizable.

Unlike traditional gradient boosting methods
that use first-order gradients, XGBoost in-
corporates both first-order and second-order
gradients in its optimization process. The ob-
jective function is shown in Eq. (3).

K

LO =) 10uy)+ Y 2(fi) (3)

i=1 k=1

where:

- (I(y1,¥)) is the loss function (e.g., mean
squared error for regression).

— (Q(fx)) is the regularization term.

LightGBM also uses a gradient boosting frame-
work but optimizes the training process by
growing trees leaf-wise (best-first) instead of
level-wise.

Random Forest is an ensemble method which
builds on multiple models (decision trees) and
combines their outputs.

For classification, the final prediction (¥) as in
Eq. (4) is the mode of the predictions from all
trees ({hy (x), h2(x), hp(x)}):

¥ =mode (hy (x), ha (x) , by (X)) C))

For regression, the final prediction (y) is the
average of the predictions as shown in Eq. (5).

.
F=—2 (5)

5. Integration of Explainable Artificial Intelligence

(XAI): To make the model more transparent and
easier to understand, we used Shapley values
to see how much each feature contributes to
the model’s predictions. Eq. (6) shows how the
Shapley values are calculated:

ISI! (INT —|S] — 1)!

bi = Z N1

[V Ui —v(S)]

(6)

Here, (v(S)) is the value of the coalition (S).
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Table 1. Model accuracy comparison.

ML Algorithm Accuracy
XGBoost 95.6%
LightGBM 94.8%
Random Forest 94.4%
Gradient Boosting 94.4%
Extra Trees 93.9%
Decision Tree 90.1%
Neural Network 89.5%
SVM 88.7%
K-Nearest Neighbors 88.4%
Adaboost 87.9%
SGD 87.5%
Logistic Regression 86.7%
Perceptron 85.3%
LDA 81.7%
Naive Bayes 70.4%
QDA 56.6%

Table 2. Precision, recall and F1 score of the ensemble algorithms.

ML Algorithm Precision Recall F1 Score
Random Forest 0.920 0.903 0.910
Decision Tree 0.888 0.913 0.900
Extra Trees 0.900 0.853 0.875
XGBoost 0.928 0.938 0.933
LightGBM 0.950 0.940 0.945

Results and discussion

The results of our analysis on fetal health, using a
range of machine learning models, are summarized
below. Accuracy of various models is compared, fea-
ture importance is evaluated, and SHAP analysis is
used to comprehend the influence of individual fea-
tures on predictions.

Model accuracy comparison

The comparison of accuracies of various machine
learning model is shown in Table 1. The precision,
recall and the F1-Score of the ensemble algorithms
are provided in Table 2. The models are listed on the
y-axis, and their accuracy scores are on the x-axis. The
models are ranked from highest to lowest accuracy.
Here are some key observations:

+ LightGBM has the highest accuracy at 0.959.

* XGBoost follows closely with an accuracy of
0.955.

 Gradient Boosting, Random Forest, and Extra
Trees also show high accuracies of 0.945, 0.939,
and 0.937, respectively.

+ Traditional models like Logistic Regression, SGD,
Perceptron, and LDA have lower accuracies, rang-
ing from 0.851 to 0.815.

+ Naive Bayes and QDA have the lowest accuracies,
0.737 and 0.643, respectively.
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Fig. 3. Confusion matrix for RF, decision tree, extra trees, XGBoost, LightGBM.
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Feature Importance - Random Forest
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Fig. 6. Important features for XGBoost.

Table 3. Comparison with previous works.

ML Algorithm ML Model Accuracy
This Research XGBoost 95.6%
Chamidah N, et al. %3 SVM 90.64%
Piri J, et al. >4 XGBoost 94%

This indicates that ensemble methods and tree-
based algorithms generally perform better in this
particular context. Table 3 also contains comparison
with previous state-of-the-art works.

Confusion matrices

The confusion matrices for the top-performing
models, including Random Forest, Decision Tree, Ex-
tra Trees, XGBoost, and LightGBM, provide a detailed
view of the classification performance in Fig. 3. These
matrices illustrate the true positives, false positives,
true negatives, and false negatives, which give insight
into the models’ accuracy.

Feature importance analysis

Feature importance analysis for LightGBM shown in
Fig. 4, Random Forest shown in Fig. 5, and XGBoost
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Fig. 7. SHAP analysis on LightGBM.
shown in Fig. 6, models was conducted to identify

the key features impacting model predictions. The top
features included:
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+ Percentage of time with abnormal long-term vari-
ability

» Mean value of short-term variability

+ Accelerations

+ Abnormal short-term variability

SHAP analysis

The SHAP analysis for LightGBM provided a deeper
understanding of feature impacts on model predic-
tions as shown in Fig. 7, The SHAP value plot
highlighted additional features, such as accelerations
and abnormal short-term variability, which were not
as prominently featured in traditional feature impor-
tance plots. This suggests that SHAP values offer a
more nuanced understanding of feature impacts on
model predictions. The SHAP plots for the best fea-
tures of the LightGBM model, as shown in in Fig. 8,
demonstrated the contribution of each feature to the
model’s predictions.

Conclusion

Machine learning has shown significant potential in
improving the accuracy and reliability of fetal health
monitoring. Integrating these models into clinical

practice requires creating user-friendly interfaces,
validating the models in clinical settings, and address-
ing challenges like data privacy, user acceptance, and
system compatibility. Ensemble methods, particularly
LightGBM and XGBoost, have proven highly effective
in classifying fetal health states.To make the mod-
els more understandable and transparent, we used
SHAP values, which help explain how specific fea-
tures influence predictions. The model’s performance
was improved by addressing class imbalance with
SMOTE and applying a careful feature selection pro-
cess. Future work will explore feature engineering
techniques, such as polynomial features, interaction
terms, and domain-specific transformations, to enrich
the feature set and boost model performance.
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