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Abstract: Proper examination of the well-being of the fetus is quite significant in preventing issues throughout the
course of pregnancy and ensuring that the mother and the baby achieve optimal outcomes. The data of CTG that is
mostly utilized to monitor the health of the fetus provides valuable data regarding the health of the fetus. Manual
analysis is however time consuming and may give various interpretations. In this study the UCI Fetal Health Dataset is
utilized in testing various predictive modeling techniques. These are PCA, LDA and KPCA. This is aimed at enhancing
the accuracy of the diagnosis through a decrease in the number of dimensions. The class mismatch was overcome using
both the SMOTE and SMOTEENN resampling techniques. Some of the machine learning models that were
experimented on their performance included LR, XGBoost, RF, KNN, Support Vector Machine SVM, and Voting
Classifier which is a combination of KNN and XGBoost. With SMOTE, PCA-XGBoost and PCA-Voting Classifier
were able to get 98% accuracy, LDA-Voting Classifier got 98.1%, and KPCA-XGBoost got 96.6%. With the use of
SMOTEENN, PCA-Voting Classifier scored 98.9%, LDA-KNN scored 98.9% and KPCA-Voting Classifier scored
97.9%. Also, the model was improved with LIME and SHAP to enhance the interpretability of the model by showing
characteristics of CTGs that are important contributors. This ensured that there was clarity in clinical decision-making.
A Flask-based framework was also developed in such a way that the end predictive system would be able to monitor
the health of a fetus in real-time. These results indicate that the number of dimensions reduced and sophisticated
resampling, explainable Al, and explainable machine learning significantly enhance the capacity to predict the health

of a fetus, which is strong and accurate and offers automatic diagnostic assistance.

“Index Terms - Fetal health, cardiotocography (CTG), dimensionality reduction, PCA, LDA, KPCA, SMOTE,
ensemble learning.”
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1. INTRODUCTION

Pregnancy complications remain to be among the primary causes of mother and babies contracting diseases and
dying, and fast diagnosis to ensure a proper diagnosis to enhance the health outcomes should be considered an
important step. CTG is another diagnostic instrument that is mostly utilized to monitor the well-being of an unborn
baby, by monitoring its heart rate and uteral motions. Although CTG is quite effective in the detection of fetal
distress, it is difficult to agree on the interpretation of the CTG as various doctors have varied views. This may
give rise to unnecessary procedures such as cesarean deliveries which do not have an advantage to the baby [1,
2]. Consequently, computer diagnostic techniques are receiving an increasing amount of consideration as a means
of enhancing the accuracy and reducing errors in CTG analysis [3, 4].

Application of ML to detect fetal health has proved to be rather promising in transforming raw CTG data into
usable information. Previous studies have indicated that the ML models outperform the conventional diagnostic
tools in the prediction of fetal health issues. This is particularly in the case where it is applied with data
preprocessing and resampling schemes to correct class mismatch [5, 6]. The high dimension and complexity of
CTG datasets, however, complicate the provision of useful features and increase the performance of the model.
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Some of the dimensionality reduction algorithms that can be utilized to simplify complicated datasets and yet
significant data include PCA, LDA, and Kernel Principal Component Analysis (KPCA) [7, 8]. These techniques
do not only reduce the price of a calculation, but they also enhance the representation of the features, which allows
us to categorize fetal health outcomes more suitably.
Recent studies have demonstrated that PCA has the capability of reducing duplication of information, LDA has
the ability to segregate classes more effectively and KPCA is able to discover nonlinear trends in medical
information [9, 10]. This paper is based on these developments and the UCI Fetal Health Dataset is utilized in the
comparison of the ability of PCA, LDA, and KPCA to predict fetal health. The core objective of the project is to
develop a system, which will be automated and which will integrate dimensionality reduction with sophisticated
machine learning systems to provide more accurate diagnoses, less interpretive variability, and provide obstetric
care professionals with high-quality decision-support.

2. RELATED WORK
Follow up of the health of a baby has been a major area of concern since it directly influences the health of the
mother and the baby. Historically, traditional CTG has been a clinical standard and its manual interpretation has
been associated with a reduced specificity and inter-observer variability. This is the reason why better diagnostic
support is made through ML and statistical approaches. Researchers are increasingly concerned with the
dimensionality reduction and classification techniques in order to make predictions of fetal health more precise,
efficient and comprehensible.
LDA is one of the methods that have been researched extensively and have been used to cluster fetal health issues
using CTG data. LDA simplifies the distinction between classes and provides medical applications with a context
to be comprehended. Mukherjee [10] discussed the extent to which it can correctly detect patterns in the health of
a fetus and Gupta [11] discussed the predictive capability of discriminant methods and highlighted the usefulness
of the predictive methods in making better predictions as to what will occur to a newborn. LDA is effective in
linear cases, and nonlinear cases are poor with nonlinear data distributions, as present with CTG datasets.
More and more, KPCA is being applied to nonlinearity. Singh and Sharma [12] demonstrated that KPCA had the
ability to extract nonlinear features and this feature simplified the classification of data related to the health of the
fetus. In the same way, Das [13] used KPCA with ML models to improve the classification of fetal health by
extracting more useful features. These studies claim that KPCA is capable of detecting latent patterns in CTG data
that may not be available in more conventional linear techniques. PCA on the other hand has been applied
frequently in the medical field to minimize the dimensions. Nguyen [14] applied PCA to categorize fetal health
revealing that it is able to eliminate noise, redundancy of data yet retains the significant features to classify it
correctly.
Al techniques to analyze CTG, not based on dimensionality reduction, have received a large amount of research.
Chavez et al. [15] conducted an extensive review of the Al use in fetal tracking by highlighting the potential
application of deep learning and hybrid solutions in reducing the number of errors that humans commit. In the
same way, Tang and Liu [16] looked into how ML can be used to identify early labor and fetal distress. They
demonstrated that feature selection and ML algorithms might significantly increase results. The papers provide
the foundations of applying more sophisticated machine learning models to clinical data, including CTG.
Another significant field of study is the study of physiological markers and autonomic processes that are related
to the development of fetuses. Hoyer [17] had an interest in monitoring the progress of a developing fetus and
gave attention to indicators of the condition of the autonomic nervous system. Such novel conceptions of assessing
body parameters provide a sufficient plausible reason to apply multimodal characteristics in multimodal learning
CTG. Karboulut and Ibrikci also proposed to use decision trees and adaptive boosting to determine whether a
fetus is in trouble or not [18]. This indicates that ensemble approaches have a potential to enhance individual
classifiers to be more dependable and precise. Their work demonstrated the way of enhancing methods to process
noisy CTG data.
Neural networks have also played an important role in ensuring that it is easier to predict the health of a fetus.
Johnson et al. [19] tested CTG with neural networks and demonstrated that they are able to identify complex
patterns that are not noticeable by older statistical procedures. This paper demonstrated that deep learning is able
to be trained on large sets of CTG in a dataset-specific manner. This makes way to more advanced architectures.
Meanwhile, Homer et al. [20] provided a more clinical perspective of the use of CTG in the fetus monitoring.
They underlined the importance and also indicated the issues with false positives and that interpretation may be
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subjective. Their results render the shift towards machine learning-based automated diagnostic systems even more
reasonable.
3. MATERIALS AND METHODS

The proposed system will also entail the construction of an automated fetal health prediction pipeline. It will
combine dimensionality reduction techniques (PCA, LDA, KPCA) with advanced classifiers to make CTG-based
diagnosis better. First, characteristics borrowed off the UCI CTG dataset will be pruned and made smaller with
the help of PCA to eliminate redundancies, LDA to project data to distinguish classes, and KPCA to note nonlinear
structure [22]. This will enable the representation of compact and useful ones. Secondly, SMOTE and the
additional SMOTEENN sample technique will be resampled to eliminate class imbalance to prevent biased
learning. Then, the Logistic Regression, the Random Forest, SVM, the XGBoost, and a Voting ensemble, which
includes KNN and XGBoost, will be trained to stabilize the predictions and make them more accurate. Stratified
cross-validation and class-wise measures (accuracy, recall, F1, AUC) will be used to evaluate the performance of
the model. To demonstrate the contribution of features in making the data easier to comprehend by clinicians,
explainable Al techniques like LIME and SHAP will be applied. Real-time input and results display of the CTG
will be possible by a lightweight Flask-based user interface. The aim is to produce a fetal health decision-support
tool, which is dependable, simple to comprehend, and apply, and has been validated by existing CTG research
[25].

S|

S
Fig.1 Proposed Architecture
Figure 1 depicts that the ML process of predicting the health of a fetus follows seven steps. Data Collection (1) is
the beginning of the process. Preprocessing (2) follows where it involves normalization, standardization, and
SMOTE to handle data that is not balanced. Then, Feature Selection is performed with the help of approaches
such as PCA and LDA to reduce the number of dimensions (3). The correct methods have been selected in Model
Selection (4), such as LR and XGBoost. Training is then done using the model that has been selected. This is a
trained program that makes predictions (6) regarding the health of fetuses. Finally, but certainly not the least is
Model Evaluations which evaluate the performance of the model (7).
i) Dataset Collection:
The UCI Fetal Health Dataset was used in this study. It contains 2,126 CTG records having 21 features and a
target variable that indicates the health condition of the fetus. The characteristics are the fetal heart rate at the time
of birth, rate changes, short-term variability and measures correlated with histograms. All these are valuable
obstetric monitoring signs. Each instance has three groups, namely, normal (1,655 samples), suspect (295
samples) and pathological (176 samples). This demonstrates that the figures are inherently skewed towards a
single category as compared to the other. This lack of balance is similar to the operation in real life medicine
where bad outcomes are not as prevalent as usual ones [23]. The dataset provides a full dataset to train machine
learning models and dimensionality reduction algorithms that are supposed to make predictions more precise and
assist doctors make their decisions.

comtractiors light deceorations severe deceleratiors  prolongeed decslerstions  sbmormal sheet e varabilly mae va

Fig.2 Dataset Collection

ii) Pre-Processing:

Another stage of predicting the health of a fetus is pre-processing. It involves handling missing values, encoding
or categorical variables, standardizing numerical features and repairing class mismatch. Right pre-processing
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ensures that machine learning models receive clean, normalized and useful data in order to make accurate
predictions.

a) Data Processing: The raw CTG collection requires a lot of work before it can be used on machine learning. In
order to ensure that the data is accurate, missing numbers are located and either replaced or disposed. In case of
the existence of categorical variables, they are label-encoded to convert them into numbers which can be included
in the modeling. Using z-score normalization to make sure equal scaling and less bias caused by different
magnitudes is how numerical features are standardized. The input characteristics are split into the goal variable
that displays the health classes of fetus. These measures create a strong, quality data that assists algorithms such
as XGBoost, SVM, and KNN to find patterns and relationships quickly that are able to accurately predict the
health of a fetus.

b) Data Visualization: The depiction of data assists us in knowing distribution of features and their relations with
one another in the CTG dataset. First, there exist count plots where the distribution of results is studied. That
demonstrates the imbalance of the classes and prevalence of normal, suspect, and pathological cases. The pair
plots and histograms display the distribution of the individual characteristics such as the fetal heart rate at birth,
the change in speed, and time. It is through correlation matrices that the features that are multicollinear are
discovered and this assists in the techniques of selecting the features as well as reducing the quantity of the
features. Such images give you an idea of the dataset and this allows you to make more intelligent preprocessing
decisions, identify any potential duplicates and select the most suitable model that will allow you to make more
accurate and interpretable predictions about the health of babies.

¢) Data Sampling: The mismatch of classes in the CTG dataset may enable most of the classes to easily train the
model, thus this may lead to less accurate predictions made by the minority classes such as suspect and
pathological cases. This is fixed by using oversampling methods such as SMOTE (Synthetic Minority Over-
sampling Technique) and SMOTEENN (a combination of SMOTE and Edited Nearest Neighbors) [24]. SMOTE
fakes samples of minority groups by linking existing points and SMOTEENN further refines the data set by
removing samples which are too loud. In so doing, we obtain a more balanced dataset where the fair picture of all
fetal health classes is reflected. This is because machine learning models are more precise in predicting normal
and abnormal outcomes.

d) Feature Selection: The selection of appropriate features reduces the dimensions and removes overfitting, as
well as simplifies the model. To carry out this work, we take PCA, LDA, and KPCA in order to extract the most
valuable features of the CTG dataset. PCA identifies the linear combinations of the features that capture the most
variation whereas LDA aims at the separation of classes by maximizing the ratio of between-class scatter to
within-class scatter. KPCA applies PCA to nonlinear spaces and discovers elaborate relationships in data on fetal
health. Such dimensionality reduction techniques cause faster work of computers as they eliminate redundant or
noise-y features and retain the valuable ones. This allows machine learning models to be more robust in predicting
the health of the fetus.

iii) Train & Test:

The data are divided into the training and the testing categories such that the performance of the model can be
tested using data that the model has never experienced before. Testing set is used to determine the ability of the
model to adapt to new conditions and training set is used to learn patterns and relationships in the features. In
order to maintain the original distribution of classes in both subsets, stratified splitting technique is employed to
ensure that the minority classes are well represented. This prevents the bias against the majority group and allows
the validity of predictions to be put to test in a dependable manner. Before splitting, random mixing is done to get
rid of effects caused by ordering and make the model training process more stable.

iv) Algorithms:

Logistic regression is a statistical and machine learning technique that approximates the likelihood of a
categorical dependent variable, given some input data. It is applicable to binary as well as multicast classification.
It provides values as a logistic and therefore it is easy to interpret and is good at determining the influence of the
features. The Logistic Regression classifies CTG data as normal, suspicious or abnormal, and this assists the
doctors in determining the impact of various factors on the health of a fetus.

Ply=11X) =m €]
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XGBoost is an advanced ensemble learning method, which generates the successive decision trees to reduce the
amount of incorrect predictions. It can deal with nonlinear relationships of CTG data, which are complicated and
makes classification more credible and reduces overfitting. The results of XGBoost are quite accurate on clinical
datasets on predicting fetal health due to its high scalability and stability.

9 = a(ka(xi))fk €F @
k=1

Random Forest creates numerous decision trees and sums up their outcomes to be able to make the system more
precise and stable. It takes into account the features of CTG to forecast fetal health, including complicated
interactions between factors and minimizing overfitting. This technique is applicable in the process of handling
medical data that is very dimensional and is noisy.

C
Gini=1-— Z(Pi)2 3)

K-Nearest Neighbors (KNN) is a method of predicting the classification of a sample based on the most frequent
value of the immediate neighbors. It does not make any assumptions about a particular data distribution and finds
local trends. It is applied to categorize the CTG data and predict concerning the health of a fetus. The findings are

understandable.
d 2
distance(x,X;) = Z (xj - X,-j) 4)
j=1

Support Vector Machine (SVM) identifies the optimal hyperplane to separate classes that have the largest
distance between them. It is also good with large CTG data and nonlinear associations since it compares estimates
with high accuracy with reduced wrong classifications in the assessment of fetal health using kernel functions
[21].

n
1
minimize > [IW]|? + CZ{L- (5)
i=1
Voting Classifier To become more stable and applicable in more cases, Voting Classifier employs more than one
model, such as KNN and XGBoost. It also increases the reliability of the system and reduces the chances of
mistakes in making decisions in regard to a fetal state being normal, suspicious, or abnormal by integrating various

algorithms.
n
9 = argmax, (Z 13, = c)) 6)

i=1

4. RESULTS AND DISCUSSIONS
Accuracy: The ability of a test to distinguish between unhealthy and healthy individuals is referred to as its
accuracy. To obtain a conception of the accuracy of a test, we ought to determine the proportion of the cases which
is true positives and true negatives. This would be expressed mathematically as.

TP + TN

Accuracy = o T TN+ PN )

Precision: Precision is the percentage of correctly classified cases or samples in relation to the cases or samples

that were correctly classified as positives. Hence, this is the way to calculate the accuracy:
Precisi True Positive 8
recision =
True Positive + False Positive ®
Recall: Recall is a measure used in ML to reveal the ability of a model to locate all the significant cases of a

particular category. It indicates the degree of an example of a given classification by a model. Calculation is done

by taking a ratio between the number of correctly predicted positives and total number of actual positives.

Recall = —F (9
ecall =357 @

F1-Score: F1 score is a method of assessing the accuracy of ML model. It sums up the accuracy and the recall
scores of a model. The accuracy measure is the number of times that a model was able to make the correct guess
in the entire dataset.

F1s ) Recall X Precision 100(10
= E3 *
core Recall + Precision (10)
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Table.1 Performance Evaluation — Using SMOTE with PCA

ML Accuracy | Precision | Recall | F1-
Model Score
PCA- 0.859 0.860 0.859 | 0.858
Logistic
Regression
PCA- 0.980 0.980 0.980 | 0.980
XGBoost
PCA- 0.821 0.829 0.821 | 0.820
Random
Forest
PCA-KNN 0.953 0.956 0.953 | 0.954
PCA- 0.929 0.932 0.929 | 0.930
SVM
PCA- 0.980 0.980 0.980 | 0.980
Voting
Classifier

Table.1 indicates that predicting fetal health becomes much improved with the use of PCA and SMOTE. XGBoost
and Voting Classifier had the best results across all metrics.
Table.2 Performance Evaluation — Using SMOTE with LDA

ML Accuracy | Precision | Recall | F1-
Model Score
LDA- 0.880 0.880 0.880 | 0.880
Logistic
Regression
LDA- 0.976 0.976 0.976 | 0.976
XGBoost
LDA- 0.821 0.832 0.821 | 0.818
Random
Forest
LDA- 0.966 0.968 0.966 | 0.966
KNN
LDA- 0.936 0.939 0.936 | 0.936
SVM
LDA- 0.981 0.981 0.981 | 0.981
Voting
Classifier

Table.2 presents the result of classification of fetal health using LDA with SMOTE, Voting Classifier, has the
highest accuracy, precision, recall, and F1-Score.
Table.3 Performance Evaluation — Using SMOTE with KPCA

ML Accuracy | Precision | Recall | F1-
Model Score
KPCA- 0.872 0.872 0.872 | 0.871
Logistic
Regression
KPCA- 0.966 0.966 0.966 | 0.966
XGBoost
KPCA- 0.800 0.818 0.800 | 0.797
Random
Forest
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KPCA- 0.950 0.951 0.950 | 0.950
KNN
KPCA- 0912 0.915 0912 | 0912
SVM
KPCA- 0.960 0.960 0.960 | 0.960
Voting
Classifier

Table.3 indicates that KPCA with SMOTE is easier to use in guessing the health of a fetus and XGBoost and
Voting Classifier are the most accurate and reliable.
Table.4 Performance Evaluation — Using SMOTEENN with PCA

ML Accuracy | Precision | Recall | F1-
Model Score
PCA- 0.889 0.890 0.889 | 0.888
Logistic
Regression
PCA- 0.982 0.982 0.982 | 0.982
XGBoost
PCA- 0.828 0.855 0.828 | 0.829
Random
Forest
PCA-KNN 0.981 0.981 0.981 | 0.981
PCA- 0.959 0.960 0.959 | 0.959
SVM
PCA- 0.989 0.989 0.989 | 0.989
Voting
Classifier

Table.4 indicates that PCA with SMOTEENN is better at predicting the health of the fetus, and Voting Classifier
possesses the highest accuracy, precision, recall, and F1-Score.
Table.5 Performance Evaluation — Using SMOTEENN with LDA

ML Accuracy | Precision | Recall | F1-
Model Score
LDA- 0.901 0.903 0.901 | 0.901
Logistic
Regression
LDA- 0.982 0.982 0.982 | 0.982
XGBoost
LDA- 0.871 0.888 0.871 | 0.870
Random
Forest
LDA- 0.989 0.989 0.989 | 0.989
KNN
LDA- 0.960 0.961 0.960 | 0.960
SVM
LDA- 0.985 0.985 0.985 | 0.985
Voting
Classifier

As Table.5 demonstrates, the best overall performance metrics are obtained with the use of LDA with
SMOTEENN, though KNN and Voting Classifier have the highest fetal health classification.
Table.6 Performance Evaluation — Using SMOTEENN with KPCA
ML Accuracy | Precision | Recall | F1-
Model Score
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KPCA- 0.867 0.869 0.867 | 0.866
Logistic
Regression

KPCA- 0.981 0.981 0.981 | 0.981
XGBoost
KPCA- 0.813 0.831 0.813 | 0.813
Random
Forest
KPCA- 0.972 0.973 0.972 | 0.973
KNN
KPCA- 0.915 0.917 0.915 | 0915
SVM
KPCA- 0.979 0.979 0.979 | 0.979
Voting
Classifier
Table.6 indicates that KPCA in combination with SMOTEENN enhances predicting the health of a fetus, and
XGBoost and Voting Classifier have the most accurate and consistent results.
Fig.3 Comparison Graph — Using SMOTE with PCA
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Figure 3 is a bar chart which applies the PCA in order to compare the performance of the various machine learning
models.

Fig.4 Comparison Graph — Using SMOTE with LDA

1
0.95
0.9
0.85
0.8

l
0.7

4
\

Q,

@% <2> S S
A S & 0“ <
Q?' \od b A% A% S
AUERNY @ &
o \ad
A \/Q

B Accuracy M Precision ®Recall =FI-Score

The figure 4 reveals the effectiveness of the model with LDA. It indicates that F1-Score is yellow, Accuracy is
blue, Precision is orange and Recall is gray.

Fig.5 Comparison Graph - Using SMOTE with KPCA
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Figure 5 indicates the effectiveness of the model using KPCA and SMOTE. The color of the measurements is the
following: Accuracy (blue), Precision (orange), Recall (gray), and F1-Score (yellow).
Fig.6 Comparison Graph — Using SMOTEENN with PCA
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Figure 6 indicates the effectiveness of the model with the use of PCA and SMOTEENN. The measurements are

F1-Score (yellow), Accuracy (blue) and Precision (orange).
Fig.7 Comparison Graph — Using SMOTEENN with LDA
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The results of the model using LDA and SMOTEENN are shown in figure 7. The measures are indicated by the

colors: F1-Score- yellow, Accuracy- blue, Precision- orange, Recall- gray.
Fig.8 Comparison Graph — Using SMOTEENN with KPCA
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Figure 8 shows the effectiveness of the model when using KPCA and SMOTEENN. The measures are indicated

by the colors: F1-Score- yellow, Accuracy- blue, Precision- orange, Recall- gray.
Output

Fetal Health Status: Normal / Suspect / Pathological

125

125

}Abnormal Short Term Variability

Fig.9 Upload Input Data
Fig. 9: The system takes numbers which are provided by the user to use in making predictions; the system
processes these numbers and informs the user of the health state of the fetus.

Prediction: Normal

The fetal health is predicted to be Normal. No
immediate concems detected

Recommendation: Maintain regular check-ups and a
healthy lifestyle.

Try Another Prediction

Fig.10 Predict Result
The prediction result, as indicated in figure 10 is that of normal, and a health suggestion.

44
146

53

Severe Decelerations

Fig.11 Upload Another Input Data
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Figure 11 represents the input port of the system. Individuals are asked to enter figures and then press the button
of Predict.

Prediction: Suspect

Recommendation: Schedule 3 follow-up with your doct

Fig.12 Final Outcome
Figure 12 indicates that the forecast of this system is to suspect and it informs the users that they need to discuss
with a doctor to get more information.

5. CONCLUSION
It is demonstrated that with the help of dimensionality reduction techniques applied to CTG data, it becomes
significantly easier to make a guess about the health condition that the baby will have. To identify the most
effective predictive models, we have tested the PCA, LDA, and KPCA and the more advanced machine learning
techniques. The model was also made more robust and applicable in more scenarios by using SMOTE and
additional SMOTEENN technique to rectify the imbalance in the classes. PCA-XGBoost and PCA-Voting
Classifier achieved 98 percent accuracy with SMOTE, PCA-KNN achieved 96.6 percent, LDA-Voting Classifier
achieved 98.1 percent, LDA-KNN achieved 96.6 percent and KPCA-XGBoost achieved 96.6 per cent. This
demonstrates that they are not very bad at forecasting the future. The PCA-Voting Classifier obtained 98.9%, the
PCA-KNN obtained 98.1%, the LDA-KNN obtained 98.9%, the LDA-Voting Classifier obtained 98.5% and the
KPCA-Voting Classifier obtained 97.9% when using SMOTEENN. This demonstrates that ensemble and
individual models can be improved with the help of hybrid resampling techniques. These findings indicate that
diagnostic accuracy and memory are significantly improved when dimensionality reduction, resampling, and
ensemble learning are all used. It also reduces false positives and negatives and ensures that fetal health assessment
is not erroneous. In addition, both LIME and SHAP have been implemented to enhance the interpretability to aid
in clearing clinical decision-making and a Flask-based interface provided to allow real-time distribution. The
findings provide the foundation of high-accuracy automated decision support of clinical fetal monitoring. This
will enable prompt action that will enhance the health of a mother and the baby.
Researchers may consider in the future applying more sophisticated deep learning models, such as CNNs and
recurrent ones, such as LSTM or BiLSTM, to obtain more accurate information about the health of a fetus. These
models have the ability to detect complicated temporal variations in CTG signals. Assembling various types of
data such as the medical history of the mother and ultrasound measurements may allow making predictions more
precise and allow you to conduct a complete risk assessment. A Bayesian optimization or genetic optimization of
hyperparameters can also be used to improve model accuracy and generalization. The inclusion of multicenter
CTG records in the data will strengthen the dataset in a broader spectrum of groups. In the clinical cases, it may
be easier to observe the fetus throughout the time by use of real-time deployment frameworks and lightweight
models of edge devices. This allows the physicians to work promptly and enhances the well being of the baby and
the mother.
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