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Abstract: Thyroid disease poses an important public health risk, reducing the quality of life and increasing healthcare
expenditures. In recent years, Artificial Intelligence (Al) algorithms have become essential tools for diagnosing and
predicting thyroid disease. Although various Al-based algorithms have been applied to this task, their performance is
often hindered by imbalanced data. This research proposes a hybrid approach that combines robust techniques and Deep
Neural Networks (DNN) to address this challenge in thyroid disease prediction. The present paper employs the publicly
available thyroid disease dataset, obtained from the University of California, Irvine machine learning repository. To
manage the data imbalance, Random Under (RU) and Random Over (RO) sampling techniques are applied. A
comparative analysis reveals that the hybrid approach, combining robust and DNN with RO sampling, significantly
outperforms the RU sampling method on the imbalanced dataset. To assess the effectiveness of the proposed technique,
the variant criteria are employed such as accuracy, F1-score, recall, precision, Area Under Curve (AUC), confusion
matrix, and Receiver Operating Characteristic (ROC) curve. The hybrid approach achieves superior results, with a
testing accuracy of 98.71%, recall of 100%, precision of 97.45%, and an F1-score of 98.71%. These findings demonstrate
the robustness and effectiveness of the approach, underscoring its potential for real-time disease prediction.
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1. INTRODUCTION Several data-driven algorithms for the prediction and

diagnosis of thyroid disease have been discussed in the

The thyroid gland is one of the main glands of the body,
which indirectly affects all the organisms of the body, such as
the heart and kidneys. Thyroid disorders can slow or speed up
metabolism. When hormone levels are too low or too high,
the signs of this disorder can be seen in hyperactivity and
hypoactivity. The most common thyroid diseases include
hypothyroidism, hyperthyroidism, thyroid gland enlargement
(goiter), thyroid masses, thyroid cancer, and thyroid
inflammation (thyroiditis) [1, 2]. Recently, techniques based
on data mining and artificial intelligence algorithms such as
machine learning, deep learning, and reinforcement learning
have attracted the attention of many researchers in the
diagnosis of diseases [3, 4]. These algorithms can discover
patterns in medical data and thereby improve the decision-
making process. Therefore, they can influence treatment costs
and increase the quality of medical care [5-8].

literature. In [9], the authors presented five machine learning
algorithms including Support Vector Machine (SVM), K-
Nearest Neighbor (KNN), Random Forest (RF), Logistic
Regression (LR), and Multilayer Perceptron (MLP) for
diagnosis thyroid disease. The results displayed SVM had the
best effect of diagnosing this disease with an accuracy rate of
92%. The authors of [10] studied seven Al models including
Decision Tree (DT), SVM, KNN, MLP, RF, Gaussian
Process, and XGBoost. Among them, RF algorithm
performed the best with the accuracy 81.30%. In [11], two
different classifiers including Naive Bayes (NB), and KNN
were analyzed for thyroid disease detection and the results
exhibited that KNN was the most accurate classifier with
93.44% accuracy. In [12], the authors employed eleven Al
algorithms to normalize which one achieved the best accuracy
for diagnosing thyroid disease and the artificial neural
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network classifier obtained the highest accuracy with a value
of 95.87%. In [13], the authors compared two machine
learning methods, decision tree and random forest, to enhance
the accuracy of thyroid disease detection. A thyroid dataset
from the UCI machine learning repository was utilized in the
study, with the random forest model achieving an accuracy of
85%.

In [14], the authors classified thyroid disease into four
categories: hyperthyroid, hypothyroid, euthyroid patient and
euthyroid. They did this by using a multi-class support vector
machine. A high accuracy of 83.37% in a high-dimensional
feature space was displayed in the results of training the
proposed approach with a dataset from the UCI repository. To
do a comparative analysis for improved thyroid disease
prediction, several machines learning techniques, including
decision trees, random forests, KNN, and artificial neural
networks, were applied to the dataset in [15]. For a more
comparison, classification was done on both the sample and
non-sample datasets. Following the dataset's preprocessing,
the random forest technique produced the best results, with an
accuracy rate of 94.8%. The three machine learning methods
for thyroid texture segmentation and classification that the
authors compared in [16] were support vector machine,
artificial neural network, and random forest classifier.
Employing a feature extraction technique, they extracted
features to train the classifiers. The technique achieved an
accuracy of about 90% across all three approaches. The
authors of [17] explored the potential predictive value of
thyroid hormones in clinical outcomes using a retrospective
analysis of 2,086 inpatients. They employed supervised
learning techniques to create a prediction model that included
sensitivity and specificity of 91%, 79%, and 0.86 on the ROC-
AUC. In [18], the authors evaluated a proposed feature
technique using ten machine learning classifiers. The dataset
consisted of 2,211 instances from 247 patients treated at a
Naples hospital. Due to class imbalance, the Synthetic
Minority Oversampling Technique (SMOTE) was applied to
oversample the minority class. Among the tested models, the
EXTC model demonstrated the best performance with an F-
score of 84%.

In [19], the authors developed diagnostic models for the
thyroid disease via multilayer perceptron technique. The
study found that the genetic algorithm with multilayer
perceptron model achieved a classification accuracy of 95%,
outperforming the particle swarm optimization with
multilayer perceptron model, which reached 85.5%. In [20],
the authors investigated a deep learning model using a
modified ResNet-based Convolutional Neural Network
(CNN) to detect five types of thyroid diseases. The training
process was optimized using dual optimizers, Adam and
Stochastic Gradient Descent (SGD), to enhance accuracy.
The proposed model achieved 97% accuracy after retraining
with SGD, compared to 94% with the standard ResNet. In
[21], a sequential Convolutional Neural Network (CNN)
method was assessed for detecting thyroid abnormalities,
leveraging its ability to automate feature extraction and focus
on regions-of-Interest. The proposed technique achieved an
accuracy of 81.5%, with a precision of 97.4% and a sensitivity
of 83.1%, demonstrating its effectiveness in classifying.
Enhanced data segmentation employing K-means clustering
improved scalability and efficiency with large medical
datasets. The hybrid technique displayed an improvement in

diagnostic accuracy and precision, with performance gains of
approximately 15-20% over traditional methods.

In [22], a deep neural network (DNN) model was
developed to predict thyroid disease using demographic data
from an imbalanced dataset. The model incorporated various
sampling techniques and activation functions, achieving a
classification accuracy of 93.90% and outperforming the
Random Forest (RF) baseline by 36.63% in lift performance.
In [23], thyroid disease prediction was performed using both
machine learning and deep learning methods. Among the
evaluated models, Random Forest and Recurrent Neural
Networks (RNN), combined with SMOTE for data balancing,
achieved the highest classification performance with
accuracies of 98.16% and 97%, respectively. In [24], the
authors employed the synthetic minority oversampling
technique (SMOTE-NC) technique to address data imbalance
and applied a deep learning model based on Long Short-Term
Memory (LSTM) for thyroid disease prediction, achieving an
accuracy of 93%. Furthermore, the study reported that the
Light Gradient Boosting Machine (LGBM) outperformed the
LSTM model, demonstrating higher predictive accuracy in
the same experimental setting. In [25], a novel hybrid model
named TDIP, integrating Long Short-Term Memory (LSTM)
and Support Vector Machine (SVM), was proposed for
thyroid disease classification. To address class imbalance, the
study applied SMOTE and employed Bidirectional Feature
Elimination for optimal feature selection. The combined
approach effectively enhanced model performance, achieving
a classification accuracy of 97%.

Existing research shows that predictive accuracy requires
further improvement when conventional techniques are
applied, as prediction accuracy plays a critical role in the
application of Al algorithms in medicine. Furthermore, the
features of thyroid disease datasets exhibit wide ranges and
the presence of outliers. Previous works have commonly
utilized normalization and standardization techniques.
Therefore, it is essential to explore algorithms that can ensure
robustness in the presence of outliers. Additionally,
considering the imbalanced nature of the dataset, appropriate
balancing techniques are essential. In many previous studies,
synthetic minority oversampling technique has been
predominantly used.

The main objectives of this research can be summarized
as follows:

e Tackling the challenges of imbalanced data: The focus
is on addressing the limitations posed by imbalanced
datasets, a frequent challenge in disease prediction. In
this study, both random over (RO) sampling and random
under (RU) sampling are used to generate synthetic
samples, and balance the dataset, leading to a more
robust predictive algorithm.

e Employing Robust technique in dataset preprocessing:
The application of this technique on the thyroid disease
dataset, in the presence of outliers, leads to improved
performance and enhanced accuracy of the proposed
algorithm.

e Developing an improved prediction method for thyroid
disease: This research introduces a hybrid technique
combining robust and deep neural networks with RO
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sampling to improve thyroid disease prediction and
diagnosis.

This study is structured as follows: Section 2 provides an
overview of the dataset for thyroid disease and explores the
application of hybrid deep neural network techniques
combined with data balancing methods to enhance
performance. Section 3 presents the results and discusses the
efficacy of the proposed methods. Finally, Section 4
concludes the research.

2. THYROID DISEASE DATASET AND PROPOSED
TECHNIQUES

In this section, the thyroid disease dataset and the
techniques applied in the present paper are presented.

2.1. Thyroid Disease Dataset

This study utilizes the thyroid dataset from the
University of California, Irvine (UCI) Machine Learning
repository [26]. The dataset includes 3772 instances with 29
attributes as input features, supports binary classification. In
the thyroid disease dataset, the target variable was
categorical, where 'P' denoted the presence of hypothyroidism
and 'N'" indicated its absence. The attributes included factors
such as age, sex, thyroxine medication, query on thyroxine,
sick, thyroid surgery, antithyroid medications, query
hyperthyroid, treatment, pregnant, query hypothyroid, TSH
measured, TSH (actual TSH value), T3, referral source, TT4
measured, T4U, T3 measured, TBG, TT4, FTI measured,
TBG measured, T4U measured, FTI, lithium, tumor, goiter,
psych, and hypopituitary, all assessed based on their
corresponding blood levels. Hypothyroidism served as the
target variable [12, 26]. The thyroid dataset consists of 3772
instances, with 92.29% (3481 samples) are classified as 'P',
and only 7.71% (291 samples) are classified as ‘N, indicating
a significant class imbalance in the dataset. Fig. 1 depicts the
distribution of the imbalanced dataset for each class in this
binary classification. Fig. 2 illustrates the flowchart of the
hybrid DNN techniques proposed for thyroid disease
prediction. This diagram presents the overall workflow,
including data preprocessing, class balancing, model training,
and performance evaluation steps designed to improve
predictive accuracy on an imbalanced dataset.

81

Samples

N

P N

Fig. 1: Distribution of imbalanced thyroid dataset.

Thyroid Dataset

']
| Feature Scaling: S5 and RS Methods
v

Class Binary Balancing using RU
and RO Sampling Techniques

Data Split

Training Validation Testing
Set Set Set

DNN Algorithm by Leveraging RU and RO
Sampling Techniques and SS and RS Methods
v v

| Evaluation the Proposed Techniques |

v
Select the Best Classifier for
Thyroid Disease Prediction

Fig. 2: Flowchart of the hybrid DNN techniques for Thyroid
disease prediction.

2.2. Proposed Techniques

Outliers present in the thyroid dataset adversely
influence the classifier's training, leading to longer training
times and diminishing performance. Furthermore, some
features have large values and a wide range, which further
exacerbates the increase in training durations. As a result, the
implementation of a robust feature scaling technique is
required.

e Feature Scaling

In previous research, common feature scaling techniques
such as normalization scaling and standard scaling (SS) were
applied to the thyroid disease dataset. In this study, due to the
presence of outliers in the public dataset, the robust scaling
(RS) method is proposed, which demonstrates superior
performance compared to the two conventional scaling
techniques. Robust scaling approach addresses the problem
of outliers by using the median and quartiles. This technique
scales data based on the interquartile range (IQR), which is
the difference between the third quartile (Q;) and the first
quartile (Q,), rather than relying on the mean. The
mathematical formulation of the robust scaling equation is as
follows:

X —Qq
Ral R @

Here, x denotes the main value, and x, is the scaled
value [27, 28]. This paper will compare two scaling
techniques, standardization and robust scaling, along with
dataset balancing methods applied to the thyroid disease
dataset in Section 3.

e RU and RO Sampling Techniques

The imbalance refers to the unequal distribution of data
across classes, which can significantly impair the
performance of the classifiers, often biasing them toward the
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class with more data. Therefore, balancing the dataset is
crucial for improving the predictive performance in thyroid
disease diagnosis. In this paper, random over and random
under sampling techniques have been applied to balance the
dataset.

Under sampling is a popular method for addressing class
imbalance issues. It selects a subset of the majority class,
resulting in high efficiency. The major limitation is that many
majority class samples are discarded. By decreasing the size
of the dominant class, under sampling achieves dataset
balance. Retaining all instances from the minority class while
randomly selecting an equal number of instances from the
majority class creates a balanced dataset, suitable for further
analysis [29]. Over sampling approach seeks to balance the
dataset by increasing the representation of minority class
samples. Instead of eliminating the abundant instances, new
unique data points are generated through techniques such as
resampling, bootstrapping, or the synthetic minority over-
sampling [30].

The algorithms below formalize the implementation
details of both class - balancing strategies employed in this
study. Algorithm 1 specifies the RU Sampling procedure,
which systematically reduces majority - class instances to
equalize class proportions. Algorithm 2 outlines the RO
Sampling procedure, which incrementally replicates
minority - class instances until parity with the majority class
is achieved.

Algorithm 1: Random Under (RU) Sampling Technique for Balancing
Thyroid Dataset
Input:
- Original dataset D = {(x;,y;)} where x; € R™ represents
feature vector, and y; € {0, 1} represents class label.

Output:
- Balanced dataset Dy, with equal representation of minority
and majority classes.
1. Identify minority and majority classes:
. Let D, = {(x;,¥;) € D|y; = minority class}.
. Let Dpe; = {(x1,y:) € D|y; = majority class}.
2. Determine target sample count:
Nnin = |Dpmin| (Number of minority samples).
®  Npgj = |Dmg,| (number of majority samples).
. Set target_count =n,,,;,,.
3. Randomly under sample the majority class:
e Shuffle D,
. Select the first target_count samples from shuffled D,,,; -

DmujSub-
4. Construct the balanced dataset:
° Dry = Dmin U DmujSub-
5. Return Dgy.

Algorithm 2: Random Over (RO) Sampling Technique for Balancing
Thyroid Dataset

Input:
- Original dataset D = {(x;,y;)} where x; € R™ represents
feature vector, and y; € {0, 1} represents class label.

Output:
- Balanced dataset Dy, with equal representation of minority
and majority classes.

1. Identify minority and majority classes:
. Let D, = {(x;,¥;) € D|y; = minority class}.
o LetDy,; = {(x;,y;) € D|y; = majority class}.
2. Determine target sample count:
o Ny = |Dynl (number of minority samples).
®  TNyaj = |Ding;| (number of majority samples).

. Set targetcount = Minaj-
3. Randomly oversample the minority class:
. Initialize Dy,irep = Dmin-
e  While |DminRep | < target_count :
—  Shuffle Dy -
—  For each sample (x, ) in shuffled D,,,;,,:
o Append acopy of (x,y) 10 Dpingep -
o |If |DminRep | = target_count, break.
4. Construct the balanced dataset:
° DRO = Dmuj U DminRep'
5. Return Dg,.

Table 1 presents the number of samples in the original
(imbalanced) and balanced datasets through the RU and RO
sampling techniques. Figs. 3 and 4 demonstration the
balanced distribution of the thyroid dataset achieved through
the RU sampling method and the RO sampling method.

o Dataset Splitting for Thyroid Disease Prediction

After applying standard scaling and robust scaling
methods, as well as random under (RU) and random over
(RO) sampling techniques to the thyroid dataset, the data was
split into testing and training sets with an 80:20 ratio.

Table 1: Imbalanced and balanced instances of thyroid

disease.
Total Minority ~ Majority Ratio of
number of of of majority to
instances instances  instances minority
instances
Imbalanced 3772 291 3481 11.96
samples
RU sampling 582 291 291 1.00
method
RO sampling 6962 3481 3481 1.00
method
° UK L) N E% s 291 261

P N

Fig. 3: Distribution of balanced thyroid dataset using RU
sampling method.

H
P 50.00%. 50.00% N OE
@

P N

Fig. 4: Distribution of balanced thyroid dataset using RO
sampling method.
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The training set was further divided into training and
validation subsets in an 85:15 ratio. All experiments, aimed
at comparing deep neural network algorithms, were
conducted using Jupyter Notebook and the Python
programming language. Pre-processing was carried out using
Python libraries, such as NumPy, Pandas, Matplotlib, and
Seaborn. The Scikit-learn library, along with Keras and
TensorFlow, was used for training of the DNN algorithm.

e Deep Neural Network algorithm

Most prior studies on thyroid disease prediction have
predominantly utilized classical machine learning algorithms.
This paper, leverages deep neural networks (DNN), a subset
of deep learning, to classify the dataset and detect thyroid
disease. Fig. 5 illustrates the overall architecture of the DNN
used in this study, consists of one input layer, two hidden
layers, and one output layer. A sequential approach was used
to initialize the model and build the layers. In the proposed
algorithm, the number of neurons in the input layer was
aligned with the features of the dataset. The first hidden layer
comprised 256 neurons, the second hidden layer contained 64
neurons, and the output layer, designed for the classification
of the thyroid dataset, featured a single neuron. The activation
of the input and hidden layers was facilitated by a Rectified
Linear Unit (ReLU) function, which processes inputs by
converting any negative values to zero. The ReLU function is
mathematically defined as:

ReLu(x) = max (0, x) 2

The output layer utilized a sigmoid activation function,
defined as follows:

sigmoid(x) = e (3)
Here, x is equal value of the sum of weighted, and e is
equal Euler's number [16].

To prevent overfitting, a dropout layer was added after
each layer. For optimization, the Adam optimizer was applied
for training the deep learning algorithm. The loss was
calculated using binary cross-entropy, while accuracy served
as the metric for evaluating the algorithm. The model was
trained for 300 epochs, with a batch size of 32, a learning rate
of 0.001, and a validation split of 0.15. Deep neural network
classification was performed by Python 3.9.12, leveraging
libraries such as Scikit-learn, Keras, and TensorFlow for
algorithm development and evaluation. To provide a concise
overview of the experimental setup, all key parameters used
in the proposed deep neural network algorithm are
summarized in Table 2.

e Performance Assessment Metrics

This study utilizes various measures, including accuracy,
precision, F1-score, recall, receiver operating characteristic
(ROC) curve, and area under the curve (AUC) to assess the
performance of robust artificial intelligence methods applied
to the thyroid dataset. Also, the performance of the proposed
algorithms is evaluated using the confusion matrix, as shown
in Table 3. To define the metric formulas, it is essential to first
outline the main components of the confusion matrix. TP, TN,
FP, and FN indicate true positive, true negative, false
positive, and false negative, respectively.

Table 2: Parameters for the proposed deep neural network

algorithm.
No. Parameter Value / Description
1 Activation Function RelLU
(Hidden)
2 Activation Function Sigmoid
(Output)
3 Optimizer Adam
4 Loss Function Binary Cross-Entropy
5 Learning Rate 0.001
6 Batch Size 32
7 Epochs 300
8 Hidden Layer 1 Neurons 256
9 Hidden Layer 2 Neurons 64
10 Output Layer Neurons 1

Input Hidden Hidden Output
Layer Layer Layer Layer

Fig. 5: Deep neural network for thyroid disease prediction.

e Performance Assessment Metrics

This study utilizes various measures, including accuracy,
precision, F1-score, recall, receiver operating characteristic
(ROC) curve, and area under the curve (AUC) to assess the
performance of robust artificial intelligence methods applied
to the thyroid dataset. Also, the performance of the proposed
algorithms is evaluated using the confusion matrix, as shown
in Table 3. To define the metric formulas, it is essential to first
outline the main components of the confusion matrix. TP, TN,
FP, and FN indicate true positive, true negative, false
positive, and false negative, respectively.

Accuracy serves as a measure of the model's overall
proficiency, signifying the percentage of the test dataset that
the model accurately classifies. Correctly identified instances
are termed TP and TN, whereas misclassified instances are
FP and FN. Accuracy is determined as follows:

TP+ TN
100 4)

X
TP+ FP+TN +FN
Table 3: The confusion matrix.

Accuracy (%) =

Actual Class
+ -
+ TP FP
©
g 2
= ©
-O —
0O
a - FN TN
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Conversely, precision and recall seek to capture the
proportion of TP and TN. Precision, in particular, assesses the
classifier’s ability to refrain from incorrectly labeling
negative instances as positive, and it is defined as follows:

Precision (%) %X 100 (5)

T TP+ FP
Alternatively, recall quantifies the sensitivity of the
model. It represents the proportion of correctly predicted
instances for a given class relative to the total occurrences of
that class, and is expressed as follows:
Recall (%) = ———=x 100 6
ecall %) = 757N ©)
The Fl-score, primarily used for comparing classifier
models rather than global precision, reflects the weighted
harmonic average of the Precision and Recall metrics. By
giving more importance to lower values, the F1-score ensures
that a classifier achieves a high score only when both
precision and recall are strong. The formula is defined as
follows [18, 20]:

1
F1 — measure (%) = 2 X

(1/Precision) + (1/Recall) X

100 (7)

Furthermore, a thorough evaluation of the hybrid
algorithms is conducted using the AUC and ROC curve,
providing a comprehensive analysis of their performance.

3. RESULTS AND DISCUSSION

After preprocessing the thyroid disease dataset, which
includes examining missing values and outliers, feature
scaling is performed using both standard scaling and robust
scaling methods. Due to the imbalance in the binary classes,
the dataset is balanced utilizing the RU and RO sampling
techniques. Subsequently, the data is partitioned into three
segments including training, validation, and testing,
employing the train-test split function from the Scikit-learn
framework in Python. Finally, the deep neural network
algorithm is applied in four scenarios to evaluate the
prediction of thyroid disease using various classifier metrics.
The following are the four hybrid approaches used for the
classification of thyroid disease in this study:

e  Hybrid technique deep neural network and RU

sampling, by leveraging standard scaling,

e Hybrid technique deep neural network and RU

sampling, by leveraging robust scaling,

e Hybrid technique deep neural network and RO

sampling, by leveraging standard scaling,

e Hybrid technique deep neural network and RO

sampling, by leveraging robust scaling.

Table 4 presents a comparison and evaluation of the deep
neural network algorithm across the four specified scenarios,
utilizing metrics including accuracy, recall, F1-score, and
precision. In Table 5, the performance of the hybrid deep
neural network techniques is assessed using two criteria:
AUC and computational time, providing a more
comprehensive comparison. Figs. 6 and 7 illustrate the
comparison and evaluation of the performance of four hybrid
deep neural network techniques based on classifier metrics. It
is evident that the hybrid deep neural network approach
utilizing RO sampling and robust scaling achieves superior
performance among the proposed hybrid techniques.

Table 4: Assessment of the proposed techniques.

Assessment criteria (%)

Techniques

Accuracy Precision Recall ~ Fl-score
RU_SS 94.87 96.23 92.73 94.44
RU_RS 95.73 94.64 96.36 95.50
RO_SS 98.64 97.31 100.00 98.64
RO RS 98.71 97.45 100.00 98.71

Table 5: Comparison of AUC and computational time for
the proposed techniques.

Lo Technigques
Criteria RUS SS _RUS RS ROS SS _ROS RS
AUC (%) 97.62 98.21 99.08 99.31
Computational Time (s) 21.11 22.42 143.18 141.72

Performance (%)

05 55 AUS RS
Proposed Techniques

7 Accuracy B Precision B Recall [ Fl-Score

Fig. 6: Performance evaluation of the proposed techniques
on thyroid dataset.

19172 1218

9951 ga0a 98.21 a7.62

Performance (%)

" Proposed Techniques

S5 AUC (%) EEE Computational Time (s}

Fig. 7: Comparison AUC (%), and computational time of
the proposed techniques on thyroid dataset.

It is also worth mentioning that the two hybrid deep
neural network techniques employing RO sampling, in
conjunction with both standard scaling and robust scaling
methods, outperform the hybrid techniques using RU
sampling in classifying the thyroid disease dataset.
Nevertheless, the RU sampling hybrid models show
computational times approximately one-seventh of their RO
sampling counterparts. For a more comprehensive evaluation,
Figs. 8, 9, 10, and 11 present the ROC curves and confusion
matrices of the proposed techniques, demonstrating the
advantage of the hybrid deep neural network technique
utilizing RO sampling and robust scaling.
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Fig. 8: ROC curve and confusion matrix of hybrid DNN
technique utilizing RU sampling and SS.

Fig. 9: ROC curve and confusion matrix of hybrid DNN
technique utilizing RU sampling and RS.

fusion Matrix (Percent)

Fig. 10: ROC curve and confusion matrix of hybrid DNN
technique utilizing RO sampling and SS.

Fig. 11: ROC curve and confusion matrix of hybrid DNN
technique utilizing RO sampling and RS.

Figs. 12, 13, 14, and 15 illustrate the accuracy curves for
the training and testing techniques of deep neural networks
utilizing RU sampling with standard scaling (SS), RU
sampling with robust scaling (RS), RO sampling with
standard scaling (SS), and RO sampling with robust scaling
(RS), respectively. These findings indicate that the deep
neural networks using RO sampling with RS achieve the best
performance after 300 epochs.

Model Accuracy

Accuracy

3 200
Epoch

Fig. 12: The training and testing accuracy for the DNN
employing RU sampling with SS.

Accuracy
)
»
n

0804

1] 50 100 150 200 250 300
Epoch

Fig. 13: The training and testing accuracy for the DNN
employing RU sampling with RS.

0.98 p

0.96

Accuracy

0.94

0 50 100 150 200 250 300
Epoch

Fig. 14: The training and testing accuracy for the DNN
employing RO sampling with SS.

0.92 4

Fig. 15: The training and testing accuracy for the DNN
employing RO sampling with RS.

In Table 6, the accuracy and loss values of the proposed
techniques are compared. The hybrid deep neural network
technique with RO sampling and robust scaling outperforms
the other techniques. Figs. 16, 17, 18, and 19 depict the loss
curves for the training and testing techniques of hybrid DNN
employing RU sampling with SS, RU sampling with RS, RO
sampling with SS, and RO sampling with RS, respectively.
These results illustration that the hybrid DNN using RO
sampling with RS achieve the best performance after 300

epochs.
Table 6: Accuracy and loss comparison of the proposed
techniques.
T Technigues
Criteria RUS SS__RUS RS C?aos SS__ROS RS
Accuracy (%) 94.87 95.73 98.64 98.71
Loss 0.52 0.44 0.09 0.07




E. Moradi

Journal of Applied Research in Electrical Engineering, Vol. 4, No. 1, pp. 1-10, 2025

Model Loss

Loss

0.2

0.1

0.0 4

o 50 100 150 200 250 300
Epoch

Fig. 16: The training and testing loss for the DNN
employing RU sampling with SS.

[ 50 100 150 200 250 300
Epoch

Fig. 17: The training and testing loss for the DNN
employing RU sampling with RS.

Test

0.15

Loss

0.05

o
o
o
o
e

150 200 250 300
Epoch

Fig. 18: The training and testing loss for the DNN
employing RO sampling with SS.

0.05

Fig. 19: The training and testing loss for the DNN
employing RO sampling with RS.

The figures depicting the accuracy and loss curves for the
training and testing sets of the hybrid deep neural network
techniques with class balancing methods reveal that random
over sampling exhibits higher accuracy and reduced loss
compared to random under sampling, thereby delivering

enhanced performance in the diagnosis and prediction of
thyroid disorders.

To highlight the effectiveness of the proposed hybrid
deep learning approach, a comparative analysis was
conducted against recent deep learning methods applied to
thyroid disease prediction on imbalanced datasets. Table 7
presents a side-by-side comparison of the proposed model
with four relevant studies using key performance metrics:
accuracy, precision, and recall. Additionally, Fig. 20 visually
illustrates these comparisons to provide a clearer
understanding of relative performance across models.

4., CONCLUSION

The identification of thyroid disorders has gained
significant importance in the medical field, particularly due
to the necessity of early diagnosis and appropriate treatment
to prevent complications and reduce mortality rates. One of
the significant techniques for disease prediction in recent
years has been the application of artificial intelligence
methods, such as machine learning and deep learning. These
methods have attracted considerable attention from
researchers due to their ability to enhance predictive
accuracy. This study utilized a publicly available thyroid
dataset comprising 3772 imbalanced samples from the UCI
Machine Learning Repository. A hybrid robust neural
network technique was employed to predict thyroid disease,
incorporating class-balancing algorithms such as Random
Over (RO) sampling and Random Under (RU) sampling. To
address the presence of outliers in the thyroid dataset, the
Robust Scaling method was applied to enhance the
algorithm’s performance. Four hybrid deep neural network
techniques were evaluated on this dataset. Upon evaluating
and comparing the performance of these hybrid techniques
using standard classification metrics, it was observed that the
deep neural network combined with RO sampling
outperformed the model employing RU sampling in terms of
classification accuracy, although at the expense of higher
computational time. The findings highlight the superiority of
the hybrid deep neural network technique by leveraging
random over sampling combined with robust scaling,
achieving an accuracy of 98.71%, recall of 100%, precision
of 97.45%, F1-score of 98.71%, AUC of 99.31%, and a loss
function value of 0.07.
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Fig. 20: Performance comparison of the proposed technique
with recent deep learning methods on the imbalanced
thyroid datasets
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Table 7: Comparison of the proposed technique with recent
deep learning methods for Thyroid disease prediction on the
imbalanced dataset.

Deep

X Balancing Accuracy Precision Recall

Ref. Learnin .
Metho dg Technique (%) (%) (%)
[22] RF, DNN SMOTE 93.90 - 98.20
[23] RNN SMOTE 97.67 87.00 86.00
[24] LSTM SMOTE-NC 93.00 95.00 96.00
SVM,

[25] LSTM SMOTE 97.00 96.00 98.00
This DNN RO Sampling 98.71 97.45 100.00
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