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Classifying fetal cardiotocography data is essential in the efficient prenatal risk assessment due to its po-
tential for identifying errors or abnormalities during pregnancy. Traditional fetal heart rate (FHR) analysis
frameworks, which unfortunately still rely on manual interpretation of results, subsequently lead to the in-
efficient use of human resources and sometimes require more time for abnormality detection. With the im-
plementation of Machine Learning (ML) algorithms, automatic analysis and early detection of abnormal-
ities are now possible. The model’s performance is directly influenced by the retrieval of features and the
optimal management of class imbalance in the dataset. In this regard, we introduce a feature-based innova-
tive strategy for multi-class classification in fetal cardiograph datasets based on feature importance anal-
ysis. The proposed model utilizes Random Forest (RF) for feature extraction, which employs two distinct
target importance analyses: 1. class imbalance, and 2. class weights. In Phase 1, an artificial neural network
and an improved TabNet model were utilised for classifying three classes: Normal, Suspect, and Patholo-
gy (NSP), with SMOTE balancing. In Phase 2, we identify the features of classes that contribute to NSP
classification, and we consider nine additional features based on class weight for various cardiotography
features, such as baseline, ASTV, ALTYV, etc. In Phase 2, NSP classification is performed by including class
1-9 features (A, B, C, D, E, AD, DE...) and assigning class weights. Using our proposed ensemble deep learn-
ing model, the accuracy of prediction is improved. The RF model retrieves primary features from the fetal
cardiograph, and complex relationships among these features enhance the representation of information.
The next step is the classification stage, which applies an attention-based deep learning model, TabNet. Due
to the nature of the TABNET model in handling tabular data, it can selectively focus on relevant features
while ensuring explainability. The proposed model is evaluated using different performance metrics for
two novel feature importance analyses. The RF+TabNet+LSTM achieves a maximum accuracy of 97% with
SMOTE in NSP target classification (phase 1), while including Class weight in class1-9 features, the model
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achieves classification accuracy of 92% (phase II) and proves the importance of features contributing to
prediction and classification. All code and the curated dataset for Multiclass Fetal Abnormality Detection
are available at https://github.com/rrramyaresea/Multiclass-Fetal-Abnormality-Detection, enabling the

reproducibility of our findings.

KEYWORDS: Fetal health assessment, ECG signals, Cardiotography, Multiple multi-class classification,

TABNET model.

1. Introduction

Cardiotocography (CTQG) refers to the visual repre-
sentation of fetal heart rate (FHR) [15] and uterine
contractions, which is monitored by the principle of
the fetal neurologic system through its afferent and
efferent networks [16]. The cardiotocograph shows
a continuous electronic record of the fetal heart rate
obtained, which is indicated by an ultrasound trans-
ducer placed on the mother’s abdomen, and where
the second transducer is placed on the mother’s ab-
domen over the uterus and fundus to record [1]. CTG
monitoring should never be observed as a substitute
for clinical observation or as an excuse for leaving
the mother unattended during labour, where Unex-
pected complications may occur during labour, even
in patients with prior signs of risk [23]. Over one-
third of maternal deaths and severe life conditions,
approximately half of them stillbirths, and a quarter
of neonatal deaths result from complications during
labour. According to an InterAgency group report, an
estimated 340600 stillbirths occurred in the Indian
population of 1.4 billion in 2019 [24].

The CTG machine, also known as an Electronic
Fetal Monitor, is shown in Figure 1. Two Trans-
ducers (either External or Internal) are Capable of
performing an ultrasound recording of fetal heart
rate. A Tocodynamometer (Toco) is used to measure
uterine contractions. The results are either printed
or displayed digitally, with the upper portion indi-
cating Fetal Heart Rate (FHR) and the lower, indi-
cating Uterine Contraction (UC). Transducers are
placed around the patient’s midsection with elastic
bands, which help maintain the position. The ultra-
sound probe is placed on the mother’s belly, on the
child’s back, or chest to record the child’s heartbeats
via Doppler ultrasound. The Toco Sensor is placed
on the top of the uterus to measure pressure changes
during contractions. Modification or adaptation of
these procedures can allow monitoring for the dura-

tion of labour. CTG monitors the extended time be-
tween 20 and 40 minutes and identifies the cause for
suspicion of being outside the normal range.

In fetal ECG analysis, the use of cardiotocography
combined with deep learning is an advanced tech-
nique that enhances the accuracy and efficiency of
fetal health assessments. Itis a prevalent method for
monitoring fetal well-being by analysing FHR and
uterine contraction signals [28]. Deep learning of-
fers a promising solution by automating the analysis
and providing more reliable results, where those re-
sponses explore various deep learning approaches in
fetal ECG analysis. It introduces a hybrid neural net-
work that combines a multilayer perceptron (MLP)
and a Convolutional Neural Network (CNN) to clas-
sify healthy and pathological features. This model
processes both quantitative and image representa-
tions of FHR signals. AlexNet with Support Vector
Machine (SVM), which classifies CTG recordings
into standard and suspected categories, emphasises
reducing computational time and making it suitable
for clinical settings. CTG is widely used in obstetrics

Figure 1
Sample feat heart rate, uterine contractions measured in CTG.
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for assessing fetal health, but its interpretation can
be challenging due to the complexity of FHR signals.

Feature importance in clinical data is a challenging
issue to address. Features such as uterine contrac-
tions, accelerations, long-term variability, short-
term variability, fetal movements, and rhythm
changes over time are recorded by a gynaecologist
to detect abnormalities. In this research, based on
these feature patterns, standard, suspect, and patho-
logical cases are reported. Additionally, based on
these feature patterns, classes 1-9 are reported in
categorical form. Traditional research [19] using the
CTG dataset utilises the target variable of NSP (class
10) and evaluates its performance within a machine
learning environment. Additionally, a significant
limitation of machine learning models is discussed,
including the issues of overfitting and the need for
complex models to process features efficiently. This
limitation is overcome by using a lightweight Tab-
Net model with attention functions to handle tabu-
lar data and predict fetal health accurately.

To mitigate the class imbalance issue in the dataset,
steps like feature scaling and other resampling meth-
ods are applied to promote the equitable training of
the model. Overfitting is mitigated by integrating
early stopping during training to improve generalisa-
tion. The model is tested using a dataset consisting of
fetal cardiography signals, and the classification ac-
curacy shows significant improvement compared to
the previous approaches. The model’s performance
highlights the effectiveness of using this system in
monitoring fetal health, considering its potential as
an efficient clinical device. This method has the po-
tential to improve the automated classification of
fetal heart rates. It could be adapted to other classi-
fication fields in medical data where efficient feature
extraction and imbalanced classes are present.

Challenges and Limitations

- Despite the advancements, challenges such as data
imbalance and the need for large, diverse datasets
remain. Techniques like SMOTE for oversampling
have been used to address these issues, improving
model sensitivity and specificity

— The complexity of CTG signals and the variability
in clinical interpretations necessitate continuous
refinement of deep learning models to ensure their
reliability and generalizability across different
clinical settings [15].
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The contribution of the research is as follows,

1 The feature importance learned from the RF mod-
el. The RF model is implemented after SMOTE
balancing and the assignment of minority class
weights.

2 Further deep learning models, RF, TABNET+L-
STM, are designed for the efficient classification
outcome.

3 Multiclass is classified based on the efficiency of
deep learning models with 10 10-fold cross-valida-
tion approach. Fold 6 gives the best results as dis-
cussed in the results section.

2. Related Works

This section explores previous work on fetal health
classification. The potential of deep learning mod-
els [23] to improve fetal health classification from
Cardiotocography (CTG) data reaches an accuracy
of 93%. However, data quality presents challenges,
including issues with overfitting and underfitting
models. Lack of transparency and ethical issues,
such as bias and data privacy, also indicate difficul-
ties in integrating and accepting ML models in clin-
ical processes. It identifies the possibility of improv-
ing CTG classification for fetal hypoxia prediction
and supports the clinical decision. The requirement
of interpretable ML models is limited to class imbal-
ance. The Mixed-Data Type Approach [16] proposes
a hybrid neural architecture that integrates quanti-
tative parameters with feature representations ob-
tained from images of FHR signals. A Multi-Layer
Perceptron (MLP) and a Convolutional Neural Net-
work (CNN) were employed on the image data to dis-
tinguish between healthy and pathological fetuses
with an accuracy of 80.1% on 14,000 CTG tracings.

LW-FHRNet, a lightweight model [6] employing a
cross-channel interactive attention mechanism,
Model 3: Cross-channel interaction. The warm em-
brace of comprehension beckons as we note that this
model transforms one-dimensional FHR signalsinto
two-dimensional wavelet packet coefficient matri-
ces, achieving an overwhelming classification gain
0f 95.24% while minimising model shards to 0.33 M.
This approach utilises the time-frequency represen-
tation [29] of FHR signals with Morse wavelets and
aResNet 50 model, which is already trained on other
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datasets. This yielded highly accurate classification
results of 98.7% and 96.1% for FHR data occurring at
different stages of labour.

Models such as Random Forest (RF), Support Vec-
tor Machine (SVM), and K-Nearest Neighbours (K-
NN) [28] demonstrate good accuracy in identifying
pathological states, although their effectiveness
may vary in other classes. Further research employs
more diverse datasets to enhance model robustness
and clinical relevance. Convolutional neural net-
works (CNN) are utilised in real-time classification
of fetal status via a computer server and mobile ap-
plication, achieving high sensitivity and specificity.
The mobile application using 1D CNN reports a 93%
harmonic mean, while the computer server employ-
ing 2D CNN achieves 98.7%. However, the limita-
tions are contingent on the hospital’s dataset, which
restricts the dataset size to mitigate the risk of over-
fitting. This limitation emphasises fetal heart rate
and uterine contractions as predictive factors. Sub-
sequent validation against a multivariable dataset
and other clinical factors enhances generalisability.
A recent study introduces a 1D Cycle GAN-based
model for reconstructing non-invasive fetal ECG
(fetal ECG, or fecg) signals from maternal ECG (ma-
ternal ECG, or mecg), demonstrating high accuracy
in diagnosing fetal heart abnormalities.

An Al-driven decision support system [7] that anal-
yses two-dimensional videos from fetal echocardio-
grams conducted in the first trimester to identify
critical cardiac structures. This system is designed
to provide remote second opinions to sonographers
and can be integrated into ultrasound machines for
live evaluation during procedures. Siamese CNNs
(SCNNS) [22] are best suited for tasks such as ECG
classification with limited datasets because they
can learn to distinguish pairs of input samples. The
SCNN model achieved an accuracy of up to 95% on
publicly available datasets, utilising the hold-out
validation technique and a mean AUC score of 89%
over 7-fold cross-validation in classifying heart-
beats from 12-lead ECGs, surpassing several previ-
ous benchmarks and demonstrating its robustness.

Machine learning workflow [14] for FHR decelera-
tion classification using four techniques: MLP, RF,
NB, and SLR. The work highlights feature selection
as acritical step, leveraging anewly introduced fuzzy
logic mechanism that achieved the highest classifi-
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cation accuracy of 97.94% with MLP, significantly
outperforming 63.92% with RF using clinician-an-
notated data. A hybrid method of classification of fe-
tal electrocardiogram (fECG) [24] using multimod-
al data fusion with deep learning techniques. This
method aims to enhance the accuracy and efficiency
of detecting heart-related issues in fetuses, which is
crucial for effective prenatal care. The application
of multimodal data integration with deep learning
models addresses the limitations of older techniques
that heavily rely on manual feature extraction and
single-modality data. This novel approach is backed
by several studies, which underscore the impact of
deep learning and multimodal fusion on ECG clas-
sification.

The framework developed a Machine Learn-
ing-based Congenital Heart Disease Prediction
Method (ML-CHDPM) [11] for this study, aimed at
detecting and identifying R-peaks of the fetal ECG
signal directlyfroma12-channel abdominal compos-
ite signal recorded noninvasively from 70 pregnant
women, both healthy and with health conditions, en-
suring no records of fetal abnormalities were pres-
ent. R-peak detection of fetal ECG was performed
using the proposed model based on a recurrent neu-
ral network architecture. The framework’s perfor-
mance was evaluated through subject-dependent
(5-fold cross-validation) and independent (leave-
one-subject-out) tests, achieving average accuracies
0f 94.2% and 88.8%, respectively. Machine Learning
(ML) and Deep Learning (DL) techniques [3] are
transforming fetal health diagnosis and monitoring
through a new wave of research focused on fECG
classification. The application of ML and DL [4] ad-
dresses the challenges associated with the noisy and
intricate nature of FCG signals, while enhancing the
reliability and accuracy of health evaluations related
to the fetus. The intention is to mitigate fetal mortal-
ity rates and enhance outcomes for neonates.

3. Proposed Methodology

This study sensitively concentrates on the correla-
tion between all features and multiple techniques to
evaluate the multi-class classification. We focus on
both the classes 1-9 and NSP for improving model
generalizability by different feature balancing tech-
niques like SMOTE and Class weight assignment.
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Figure 2
Overall architecture of the proposed research.
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Fetal ECG data-based health classification using
machine learning and deep learning models empow-
ers medical services for gynaecologists. Though fe-
tal heart rate is viable for monitoring, we need an Al
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model to examine the heartbeat condition. Figure 2
illustrates the overall architecture of the research.
Initially, data is preprocessed with scaling, label
encoders, and SMOTE to balance the dataset. Now,
balanced datasets are processes that select the best
feature engineering. Finally, 21 features are selected
to process with deep learning models. ANN and Tab-
net with LSTM are trained and tested for efficient
outcomes. This model gives multiple outcomes by
classifying two types of multi-class targets.

3.1. Dataset Description

The Cardiotocography dataset from the UCI Ma-
chine Learning Repository contains data related to
fetal heart rate (FHR) and uterine contraction (UC)
measurements, which are used in obstetrics to moni-
tor fetal health. The dataset can be downloaded from
https://archive.ics.uci.edu/dataset/193/cardioto-
cography. For fetal health analysis, this dataset was
prepared by S. M. Guven Kaya, Department of Ob-
stetrics and Gynaecology, Medical School of Dokuz
Eylul University, Turkey. This multivariate dataset
comprises 2,126 fetal cardiotocograms with 23 fea-
ture attributes. There are three health classification
reports: Normal (N), Suspect (S) and Pathological

Table 1
Feature Description.
Fefeatures Dedescription Fefeatures Dedescription
FileName CTG examination ASTV Percentage of tl.me. Wlth abnormal short-term
variability (SisPorto)
Date of the examination mSTV mean value of short-term variability (SisPorto)
B start instant ALTV Percentage of t.lm? Wlth a.bnormal
long-term variability (SisPorto)
E end instant mLTV mean value of long-term variability (SisPorto)
LBE Baseline value (medical expert) DL light decelerations
LB baseline value (SisPorto) DS severe decelerations
AC accelerations (SisPorto) DP prolongued decelerations
FM fetal movement (SisPorto) DR repetitive decelerations
ucC uterine contractions (SisPorto) Width histogram width
Min low freq. of the histogram
Nmax number of histogram peaks
Max high freq. of the histogram
CLASS | Classcode (1to 10) for classes A to SUSP NSP Normal=1; Suspect=2; Pathologic=3
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(P). In addition, they have ten classes on predicting
waveform-based fetal activity as shown in table 1.

3.2. Data Preprocessing

Feature selection is the most critical parts of the pre-
processing steps. The CTG dataset, values of LB, AC,
FM, UC, DL, DS, and DP are chosen since they direct-
ly relate to the output variable. In addition, mean, me-
dian (middle value after sorting the data), variance,
mode (most frequently repeated value) and tendency
of the histogram are deemed necessary. Mean and
Variance are defined using Equations (3)-(4).

Mean p = % PN €)

2 _1

Variance ¢ (- >, ®)
Other features, such as file names and timestamps,
are irrelevant and therefore omitted to enhance
model performance by reducing dimensionality.

3.2.1. Categorical Feature Encoding

Categorical features like neonatal state prediction
(NSP) require encoding into numbers for modelling,
which can be done using one-hot encoding based on
the variable and model. Let

x=NSP € {1,2,3} — One —

(1,0,0),if x=1 3)
hot encoded vector 0,1,0),if x=2 '
0,0,1),if x=3

3.4. Handling Class Imbalance
3.4.1.SMOTE

Handling and managing feature imbalance and
scaling is essential, especially while constructing a
machine learning model. To overcome this, this re-
search deployed the Synthetic Minority Over-Sam-
pling Technique (SMOTE) to build artificial samples
for the minority class. SMOTE works by interpolat-
ing between a sample and its nearest neighbours us-
ing Equation (6).

Xpew = X;- A. (xnn - X,-), Ae[0,1]. @
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Figure 4 shows the before-and-after results of the
SMOTE operation. With features having different
scales, standardisation and normalization become
vital. The above is achieved by applying Standard-
Scaler(), which sets the mean to zero and the stan-
dard deviation to one. The dataset is then split using
train_test_split(), achieving the desired 80/20 split
for the training and testing datasets. Most datasets
have class imbalance, which is often exacerbated
in classification tasks. To address this, the research
employed the Synthetic Minority Over-sampling
Technique (SMOTE) to generate artificial samples
for the minority class, thereby improving class bal-
ance. Executing these preprocessing methods step-
wise resulted in a dataset of higher quality and accu-
racy for training a machine learning model.

3.4.2. Class Weights

we train the model with class 1-9 classification with
class weights. The model predicts fetal health under
classes 1-10, where every class coincides to distinct
ECG signal characteristics. Class 3 has a weight of
3.85, depicting it is less frequent but more essen-
tial, while Class 1 has a minimum weight of 0.43, as
shown in Figure 5 for describing it is more frequent.
The model utilizes these weights to handle class im-
balance efficiently. After classifying the 1-10 class-
es, the model completes into NSP classes such as
Normal, Suspect, and Pathological. The class weight
assigned features are processed with proposed im-
proved TABNET+LSTM model.

3.3. Feature Selection Phase I and I1

Initially, phase I extraction SMOTE balanced data is
used by RF. The RF selected features are processed
using proposed TabNet+LSTM to predict fetal ab-
normalities. In feature extraction, the Random For-
est can be employed to determine the significance
of every feature by predicting the target variable.
This is an impurity in holding decision trees. In our
research, the Random Forest algorithm will use 100
decision trees while retaining all other parameters.
This way, the model can be trained without needing
any extra tuning. To control for the model’s perfor-
mance not being overly dependent on a particular
data split, and to check for generalisation to truly un-
seen data, Stratified K-Fold Cross-Validation is em-
ployed. This form of cross-validation also splits the
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dataset into five folds, known as a five-fold cross-val-
idation, but each fold must have an equal class dis-
tribution as the entire dataset. Stratified sampling
enhances performance estimation by reinforcing
the proportion of classes present in each fold, which
leads to more reliable performance estimates.

Then, based on feature importance and correlation
analysis, classes 1-9 are utilised for exact abnormal-
ity prediction. Class 1-9 is categorical data used to
determine the fetal state in the uterus. By including
classes 1-9 with the target class NSP, the model per-
formance is evaluated in phase II.

Addressing outliers is crucial to maintaining data
credibility. An extreme value that’s too far beyond
the accepted range is something that the Interquar-
tile Range (IQR) method is designed to detect using
masking so that the model can work reliably within
defined boundaries, as defined by Equation (5).

IOR=03-01
Lower bound = Q1 — 1.5 X IQOR ®)
Upper bound = Q3 — 1.5 X IQR.

Any value outside this range is marked as an outlier
and tends to be masked or removed.

Phase II extarction uses class weights. Based on
class weights the proposed model learns the feature
correlation and learns the abnormalities.

Figure 3
Tabnet architecture.
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3.5. Proposed-TabNet Architecture

The architecture of the TabNet model is adeep learn-
ing framework tailored for handling tabular data.
The TabNet architecture works with CTG tabular
data, which can be processed and predictions made
by examining complex features. It accomplishes this
by learning a differentiable decision tree-like struc-
ture that is optimal for CTG datasets with numerous
numerical and categorical features.

Embedding Generator (TabNetEmbeddings)

The input is first passed through embedding gen-
erators, which convert categorical features into
dense vectors. Let x.€ R/ be a nominal feature and let
E € R be the embedding matrix where |V| refers
to the vocabulary size and e is the embedding dimen-
sion. The embedded feature is defined as X, = E [x,].
The CTG dataset consists of both numerical and
categorical features, like the fetal heart rate, along-
side the neonatal state prediction; hence, embedding
generators will utilise the categorical features. Batch
Normalization BN is performed on embeddings to
impose form on the data defined by Equation (6).

x—p

BN(X)zy\/O._2+6+ ﬁ’ 6)

where u and o® refers to the batch mean and vari-
ance, and y, §§ are learnable parameters. A data split
is done in this step into suitable components which

Input —I- Feature transformer

— Altentive transformer

h

Feature transformer

—y Altentive transformer

Y

Feature transformer
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can be treated separately. This guarantees the tab-
ular data is split in an orderly manner before being
sent to more advanced processing layers. Figure 3
shows the TABNET architecture.

Tabnet Encoder

The feature transformer takes care of the raw data.
A feature transformer consists of the following
sub-parts:

a Gated Linear Unit (GLU) Layers: Each GLU layer
transforms the input as mentioned in Equation (7).

GLU(x) = (Wx + b).c(W,x + b,), )

where W, b are learnable parameters for the lin-
ear path, W, and b, are for the gate, o is the sig-
moid function and - is the element-wise multipli-
cation. In our CTG data, it is essential to capture
complex interactions between features, as this
involves modelling interactions between fetal
heart rate-related features like LB, AC, FM, etc.
Thus, GLU non-linear activation functions were
added to the design.

b Shared Layers: A set of layers shared across all
features to ensure that the model captures a gen-
eral representation of the data before specific
transformations. Let /f represent the output from
the shared layers for feature i, defined using Equa-
tion (8).

h? = fshured(xi)' ®

These layers ensure a general representation
across all features.

¢ Specific Layers: 7’ =f, ,..(h{)These layers enable
the model to capture relationships between fea-
tures. In the CTG dataset, this could be the learn-
ing patterns for different fetal health states.

d Attentive Transformer: Like transformers, the
attentive transformer helps focus on relevant fea-
tures for a particular decision. This is particularly
useful for CTG data, where certain features are
more predictive or informative of the neonatal
state. The attention scores are calculated using
Equation (9).

M®D = Sparsemax(P®. h(=D), ©
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e Linear Layers: After attention is applied to the fea-
ture set, linear layers are applied using Equation (10).

z=Wx+b. (10)

In this context, a transformation like R® — R* is
done, z= W, ,,x+b.

f Softmax: The softmax function is used to get a
probability distribution over the output classes
defined using Equation (11).

y = Software(W;z). 1)

Forthe CTG dataset, this would mean predicting the
neonatal state as normal, suspect, or pathological.

g Final Mapping: After the attention process, the
features undergo a final mapping with a linear
projection of (8 — 3), which is described using
Equation (12).

8 x3 .,
Z finat = WiXatiendea + by, Wy € R°™ (12)

Here, the data’s dimensionality is aligned to the
number of output classes, which for the CTG
datasetis 3.

h The model mainly focuses on the most rele-
vant features for every decision. The attention
mechanism is sparse, focusing only on a subset
of features at every step, which aids in handling
high-dimensional datasets, such as CTG data.
The attention mechanism can be expressed using
Equation (18).

a, = Attention(x;, h;), (13)

where q, is the attention vector at step t, which
shows the relevanc e of each feature in the input.
x,1is the input feature vector at step t. /, is the hid-
den state vector from the above layer.

As shown in Figure 4, the input features and CTG
dataset components LB, AC, FM, UC, etc. undergo
processing by the embedding generator. This phase
is vital for the CTG dataset’s continuous and cat-
egorical features. Initially, input features undergo
processing at the Feature Transformer, where the
output will be 4 = GLU (BN(W *)), where the model
simultaneously encodes shared and specific repre-
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Figure 4
Layers of Feature transformer in TABNET.

Feature-Based Transformer
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sentations. The GLU layers capture the non-linear
patterns, while the shared and specific layers ensure
that the model adopts general and domain-specific
patterns, such as recognizing FHR patterns, which
are abnormal for health. The attention mechanism
enables the model to concentrate on relevant fea-
tures for classification. Some features within the
CTG dataset, such as FM, UC, fetal heart rate, and
long-term variability, are more closely associated
with neonatal health; therefore, attention prioritiz-
es these traits when making decisions. Following the
attention layers, the output undergoes a last linear
mapping step, which shrinks the dimensionality to
three, the number of classes in the CTG dataset [25-
27]. These are normal, suspect, and pathological.

A softmax function then translates these outputs
into probability distributions, which prevail in clas-
sification. The final decision of the model can be ex-
pressed using Equation (14).

¥y = Software(W5, DecisionLayerOutput), (14)

where W, is the weight matrix in the final decision
layer.The Softmax maps the output of the decision
layer to probabilities suitable for classification. In
binary classification predicting fetal health, wheth-
er regular or abnormal, the output y will be a single
probability value with 0 and 1. Typically, 0.5 is used
to determine the class:

2026/1/55
(05
BM GLY
5= { lif P(class=1)>0.5 } 15)
0 otherwise |’ (

where P(class=1) is the probability of the fetus be-
ing in distress and abnormal health. The backbone
model can operate on raw tabular data, which is
simpler than other models that may require heavy
text preprocessing, feature extraction, or encoding
work. The attention-based interpretability included
in TabNet helps explain the feature focus for each
output, which assists in fetal monitoring features
associated with expectant mother healthcare. The
model processes numerical and categorical data
proficiently, which is beneficial because CTG data-
sets encompass FHR, LB, and UC features that differ
significantly in type and scale.

The TabNet architecture is highly optimised for tab-
ular datasets, such as the CTG dataset. It efficiently
manages the data and prioritises essential features,
making it ideal for neonatal state prognosis in cardio-
tocography. Finally, LSTM is used for temporal fea-
ture processing with a wide advantage for classifying
the multi classes. It can be expressed as /,,c=LSTM(x,,
h,,,c,,) This ensures the model captures temporal dy-
namics from time-series signals like FHR traces. Fig-
ure 5 shows the TABNET attention architecture, and
Table 2 describes the hyperparameter values of the
TABNET model.



Information Technology and Control

Figure 5
Layers of Attention mechanism in TABNET.
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Table 2
Hyperparameter values of the TABNET model.
Hyperparameter Pl;(;:l?lseed
n_d (decision step number) 8
n_a (attention head number) 8
n_steps (attention steps) 3
Gamma (sparsity coefficient) 1.3
lambda_sparse(L1 regularization coefficient) le-5
Optimizer Adam
learning_rate 0.02
batch_size 128
max_epoch 50
early_stopping True
Patience 5
dropout_rate 0.5
feature_mask_type "sparsemax”
virtual batch_size 128
num_virtual _batches 2
activation_fn "relu”
LSTM LAYERS Basic model
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4. Experiments and Results
4.1. System Requirements

The experiments utilised a machine equipped with a
Ryzen 5 5600H processor and 16GB of RAM, thereby
enhancing the dataset’s computational capabilities
and facilitating model training. The RAM and pro-
cessor are further beneficial for training multiple
machine learning models, as they require high RAM
and memory simultaneously. The experiment was
run on Scikit-learn on Windows, along with Python
3.8, described as one of the best languages to use
with machine learning and its associated libraries.
Scikit-learn is used for complex machine learning
operations, particularly model building, data par-
titioning, and feature extraction. TensorFlow and
PyTorch methods were used to compute and train
it with TabNet models. These frameworks allowed
excellent robustness and flexibility in scaling both
models. Table 3 below presents various performance
metrics for different classification modes. Results
were recorded using multiple classification models
for reproducibility, which was confirmed by fixing
random seeds (torch.manual_seed(42)).

4.3. Phase 1 Result Analysis

Among the classifiers analyzed, Random Forest per-
formed best at 93% accuracy because of its strong
non-linear relation handling, and overfitting reduc-
tion from ensemble averaging. Logistic Regression
and K-Nearest Neighbor (KNN) followed closely
with 89% and 90% accuracy respectively, demon-
strating their effectiveness albeit with simplistic ap-
proaches to feature interactions.

Gradient Boosting, an ensemble method, also
reached 90% accuracy, showcasing the iterative im-
provement offered by boosting in refining predic-
tions. In contrast, Decision Tree and Support Vector
Classifier (SVC) suffered with 85% and 81% accu-
racy respectively, due to over-sensitivity to feature
scaling, class imbalance, and overfitting. Further-
more, combining SMOTE (Synthetic Minority Over-
sampling Technique) with Random Forest brought
accuracy to 95.5%, demonstrating the impact class
imbalance has on medical datasets. This table 3 il-
lustrates that while model selection is essential,
preprocessing like resampling is just as crucial in
improving accuracy.
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Table 3
Multi-class classification labels.
A: Class1 calm sleep DE:
B: Class 2 REM sleep LD:
C: Class 3 calm vigilance FS:
D: Class 4 active vigilance SUSP:
SH: | Class5 S;iztpp;ti’;;r;h(ﬁg 10 CLASSES
accelerative/de-

AD: Class 6 celerative pattern | NSP (3 classes)

(stress situation)

Table 4

State of art [19] comparison of machine learning models and
importance of class imbalance handling.

Classifiers Accuracy
Random Forest [19] 93%
Logistic regression [19] 89%
KNN [19] 90%
Gradient boosting [19] 90%
Decision Tree [19] 85%
Support vector classifier [19] 81%

SMOTE+TABNET+RF 95.5%

Even though Random Forest (RF) classifier func-
tions independently, it boasts 95.53% accuracy and
95% precision boasting an Fl-score of 93% which
indicates that the model is conteh with the data after

3 classes=NSP
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Class 7 decelerative pattern (vagal stimulation)
Class 8 largely decelerative pattern
Class9 flat-sinusoidal pattern (pathological state)
Class 10 suspect pattern

(class1-10) Class code (1to 10) for classes A to SUSP

Normal=1; Suspect=2; Pathologic=3

being processed by SMOTE, suggesting the model’s
conti. It is worth noting these figures demonstrate
an SPF in the RESULTS SECTION, implying it is
in the lowest tier of accuracy graduates with solid
views on the goals they aim. However, combining
RF with advanced architectures like Artificial Neu-
ral Networks (RF+ANN) and TabNet (RF+TabNet)
poses substantial challenges.

An even more preferable result comes with RF+L-
STM which increases accuracy to 91.76% while also
achieving a reasonably good balance between preci-
sion and recall (93% and 92%) which indicates that
conducting classification using LSTM after tempo-
ral sequence modeling is advantageous. Importantly,
the best performance is attributed to the ensemble of
RF+TabNet+LSTM, which attains an astounding 97%
accuracy and 96% F1 score, outperforming all other
methods by a noticeable margin. This demonstrates
that the combination of feature-aware learning Tab-
Net and sequence modeling LSTM, integrated with a

Table 5
Phase 1 Outcome after smote processing and classification
Criteria Random Forest RF+ ANN RF+ TabNet RF+LSTM RFE;;};\I/[\I(EH
Accuracy 95.53% 86.85% 86.85% 91.76% 97%
Precision 95% 90% 89% 93% 95%
Recall 91% 87% 89% 92% 94%
F1-score 93% 88% 88% 92% 96%
Computation cost (param) 01M 15M 5M 3M 3M
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Figure 6
Confusion matrix of the proposed model.
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Figure 7
Classification report heatmap for RE+TABNET.
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baseline random forest, provides significant improve-
ments in generalization and sensitivity to minority
class patterns after applying SMOTE.

As noted, Table 5 clearly demonstrates the impor-
tance of leveraging complementary learning ap-
proaches. RF+TabNet+LSTM emerged as the op-
timal model, owing to the best reported results of
balanced precision and recall, alongside high predic-
tive accuracy and resilience to commonly encoun-
tered challenges in classification scenarios with un-
equal class distributions.
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Performance metrics of RE+TABNET+LSTM.
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The confusion matrix presented in Figure 6 demon-
strates Random forests with ANN and Random
forests with TabNet+LSTM. The performance of
Figure 6(b) shows high accurate prediction of NSP
using ensemble model technique.

The classification report of the TabNet model, shown
in Figures 7-8 above, gives precision, recall, F1-score,
support, and sensitivity for each of the three classes
(NSP):1, 2, and 3. Furthermore, the matrix contains the
macro average and model accuracy, thus enabling more
informed value judgment concerning performance.
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For Class 1 (True Label 1), the RF+TABNET+LSTM
model achieved optimal effectiveness, as shown by the
measurements of precision (0.99), recall (0.99), F1-
score (0.98), and support 333, which reflects a large
sample size in the dataset for this category. Sensitivity
was 0.95. These scores mean that the model has a high
probability of successfully identifying Class 1—effec-
tively classifying most instances with a slight chance
of error. The model performs well for Class 2 (True
Label 2), although its accuracy is slightly lower, with a
precision and recall of 0.85 and 0.95, respectively. Sup-
port sits at 64, significantly lower than Class 1, while
the F1-score here is 0.90. Sensitivity is 0.93, meaning
that while being competent in identifying Class 2, the
model mistakenly associates some Class 2 instances
with other classes, especially with Class 1.

For Class 3 (True Label 3), the model exhibits an
even stronger performance with perfect precision
(1.00) and a recall of 0.93, yielding an Fl-score of
0.96. The support for this class is 29, and the sen-
sitivity value is 0.96, which reflects the model’s
excellent ability to identify captures Class 3 with
small misclassifications. The macro average pre-
cision, recall, and F1 score are uniformly at 0.94,
0.95, and 0.95, respectively. These values represent
strong performance across all classes. The model's
accuracy, at 0.96, demonstrates the model’s depend-
ability in classifying the classes correctly. The Tab-

Figure 9
RF+TABNET+LSTM accuracy and loss curve.
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Net model achieves remarkable results in all three
classes, with the highest performance reserved for
Class 3 and strong performance for Classes 1 and 2.
The model robustly distinguishes the classes with
minimal misclassification and balanced sensitivity
across all classes. The macro-average values indi-
cate the overall effectiveness of the model.

4.5. Analysis of Accuracy and Loss

The accuracy andloss curve for the RF+TABNET+L-
STM model in Figure 9 initially shows overfitting
issues. However, we employed patience and regular-
isation to reduce this problem. The validation accu-
racy reaches 90% after 35 epochs, which is higher. At
this 30th to 35th epoch, we can find that overfitting
is wholly reduced. This shows that our model per-
forms well after the 35th epoch. Loss curves tend to
be reduced and stagnant after the 30th epoch

4.6. Classification Phase II Report of the NSP
with 10 CLASSES with Class Weights

In this section, we train the model with class 1-9
classification with weights. The model predicts fetal
health under classes 1-10, where every class corre-
sponds to distinct ECG signal characteristics. For
example, Class 3 weights 3.85, indicating that it is
less frequent but more essential, while Class 1 has a
minimum weight of 0.43, as shown in Figure 10, in-
dicating that it is more frequent. The model utilises

Loss Curve

— aring Loss

04

Epochs
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Figure 10
Class weight assignment in histogram.
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Figure 11

Classification report in heatmap for RF+; TABNET with class
weight on NSP.

Figure 12

Confusion matrix of RF+TABNET with class weights and
target NSP.
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these weights to handle class imbalance efficiently.
After classifying the 1-10 classes, the model is com-
pleted into NSP classes such as Normal, Suspect,
and Pathological.

Figure 11 shows the classification report of the pro-
posed RF+TABNET with class weights and target
NSP. Precision for class 1 (normal) is 97% which is
higher and class 3 (pathology) which is 90%. The
suspect class 2 have more deviation is classification
task. The accuracy of model achieves 90% is classi-
fying the fetal condition. Figure 12 shows the con-
fusion matrix with the proposed classification task
performing better.

4.7. Evaluation of 10-class Classification with
NSP Feature

After merging the ‘NSP’ feature with other existing fea-
tures in CTG and classifying the CLASS, class weights
were utilised to handle imbalance. Minority class Class
3 acquired the highest weight of 4.25, showing its rari-
ty and higher significance. Conversely, Class 2 had the
lowest weight of 0.37, indicating a superior frequency
and minimal impact. Other eminent weights comprise
Class 5 with 3.09, Class 9 with 2.98, and Class 1 with
0.55. These weights directed the model to prioritise
less frequent but crucial fetal conditions precisely.
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Figure 13
Confusion matrix with 10 classes using RF+TABNET in
classification.
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Figure 13 shows the confusion matrix for 10 class-
es. Prediction is 100% for 4th class and 98.4% for
6th class, which has better prediction results. The
minimum prediction accuracy is achieved in the 9th
class and should be considered for class balancing in
future research.

According to the performance metrics, the TABNET
model achieves 95% accuracy with both LSTM and
RF, as illustrated in Figure 17. Other performance
metrics also work better than the existing model.
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Figure 15
LIME for CLASS 1 classification.
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The training decreases rapidly in the beginning ep-
ochs and continues improving gradually throughout
the model training process, as shown in Figure 14.
The loss begins to stabilise during the later stages of
training. It achieves a value of around 0.4 to 0.5, indi-
cating the model has most likely converged in mini-
mizing the error for the training data. Training ac-
curacy is initially low but improves sharply with the
data, reaching approximately 0.9 (90%) by the end of
training. This indicates that the model performs rea-
sonably well on the training data as true positives.
Validation accuracy also improves to 0.8 (80%).

Explainable AT helps to understand the transparen-
cy of backbox decision-making, as given in Figure 15.

LOSS and ACCURACY Curve for predicting fetal health using RF+ TABNET+LSTM with various class weights.

Figure 14
Training Loss
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Table 6
Existing state-of-the-art works based on performance.
Model Accuracy
Random forest [19] 93%
Gradient boosting [19] 90%
Discriminant Analysis [8] 83%
Decision tree [8] 86%
SVM [5] 84%
NavieBayes 83.7%
Proposed RF+TABNET+LSTM 97%

LIME shows that ASTV and MLTYV are the strongest
positive drivers for this classification, while other
features like Variance, ALTYV, and LB pull the pre-
diction away from Class 1. Likewise, every class has
certain features to consider for its true value. Table
6 shows a state-of-the-art comparison.

5. Conclusion

The study evaluates different machine learning
techniques, including the principles of Random
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