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Abstract 
 

Thyroid disease is a fairly common endocrine disorder that requires rapid and 
accurate diagnosis so that patients can receive appropriate treatment. This study 
was conducted to improve the system's ability to classify thyroid disease by 
utilizing data preprocessing techniques with RobustScaler and Random Over 
Sampling (ROS), as well as the Backpropagation Neural Network (BPNN) 
algorithm. The research dataset consisted of 3,771 patient data with 25 clinical 
attributes describing the condition and function of the thyroid. The data 
preprocessing process involved data selection, data cleaning, and data 
transformation using RobustScaler so that each feature had a more stable scale 
and was not affected by extreme values. The class imbalance problem was 
overcome using ROS so that the amount of data increased to 6,834 samples and 
the class distribution became more balanced. The Backpropagation Neural 
Network algorithm was applied in model training by testing various variations 
in the number of neurons in the hidden layer (38 and 49) and learning rate (0.01 
and 0.001). Training was conducted for 5,000 and 10,000 epochs. Evaluation 
was performed using the 10-Fold Cross Validation method to obtain more 
consistent results. The results of the study show that the model is capable of 
achieving very high accuracy, up to 99.85%, on several parameters. The results 
show that proper data processing and appropriate parameter selection greatly 
affect model performance. Overall, the use of RobustScaler and ROS has been 
proven to significantly improve the accuracy of thyroid disease classification. 

 
 

 
I. INTRODUCTION 

The thyroid is a key endocrine organ that regulates metabolism through the hormones thyroxine (T4) and 
triiodothyronine (T3), which are stimulated by TSH from the pituitary gland [1] [2] [3]. Barious diseases that can 
occur due to thyroid gland dysfunction include: Hypothyroidism, Hyperthyroidism, Goiter, Thyroiditis, Graves' 
Disease, Thyroid Nodules, and Thyroid Cancer [4] [5]. In recent years, the incidence of thyroid disorders has 
risen, particularly hypothyroidism, hyperthyroidism, and thyroid nodules. In Australia, thyroid tests covered by 
Medicare increased from 7.37 million in 2014 to 9.89 million in 2023 [6]. Similarly, in Indonesia, around 12.4 
million people have hypothyroidism, with only 1.9% receiving treatment, and 13.2 million have hyperthyroidism, 
with just 6.2% treated [7] indicating that a large proportion of patients remain undiagnosed or untreated despite 
the substantial disease burden. This condition shows that, even though the number of cases is high, the treatment 
rate is still low, so the epidemiological impact of thyroid disease has not been optimally addressed and remains 
an important public health challenge [8]. Symptoms such as fatigue, cold intolerance, and weight gain are common 
but often overlooked, making early detection challenging [9][10]. 
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The main challenge in diagnosing thyroid disease is that symptoms are often mild and nonspecific [11]. They 

are often misinterpreted as common complaints, such as fatigue, weight gain, or intolerance to cold temperatures 
[12]. Consequently, many cases are not detected early, and clinical decisions may rely heavily on subjective 
judgement rather than systematic risk assessment. Laboratory tests using TSH, T3, TT4, and T4U parameters are 
important indicators in determining thyroid function, but interpreting test results often requires complex analysis, 
especially when the data contains extreme or unbalanced values [13]. Under these conditions, traditional manual 
assessment becomes prone to misclassification and bias, so there is a strong need for data-driven decision-support 
models that can assist clinicians in interpreting heterogeneous laboratory and clinical data more objectively. 

Previous studies have explored thyroid disease classification using various datasets and methods. One study 
[14] used a Kaggle thyroid dataset with 3,772 samples and 30 features, including patient characteristics, medical 
conditions, and hormone levels (TSH, T3, TT4, T4U, FTI), for classification. Due to class imbalance and mixed 
data types, encoding and SMOTE resampling were applied to balance the dataset. The Light Gradient Boosting 
Machine (LGBM) achieved the highest accuracy of 96%, demonstrating the effectiveness of preprocessing and 
model selection. However, this performance also indicates that there is still room for improvement, particularly 
in handling imbalance and extracting nonlinear relationships between laboratory parameters and disease status. 
Furthermore, research by [15] compared various machine learning algorithms using the sick-euthyroid dataset 
from UCI, which contains 3,162 thyroid disease data, with a highly imbalanced class distribution, namely 2,870 
negative data and 292 positive data. The study did not use oversampling or other balancing techniques, relying 
solely on metrics such as F1-score to assess the model's ability to recognize minority classes. Testing of several 
machine learning algorithms showed significant variations in performance as follows: Random Forest (RF) 
achieved the highest accuracy of 97.67%, followed by Support Vector Machine (SVM) with an accuracy of 
96.05%, and Decision Tree (DT) with 95.35%. Meanwhile, Naïve Bayes (NB) recorded an accuracy of 92.44%, 
while Logistic Regression (LR) showed the lowest performance with an accuracy of 90.70%. These results 
confirm that advanced models such as RF and SVM can achieve high accuracy, but they also highlight that 
ignoring class imbalance may mask poor detection of rare yet clinically important positive cases. 

Based on previous research, thyroid disease datasets are often imbalanced, where the number of negative 
classes is much greater than positive classes, causing models to be biased towards the majority class[16]. To 
overcome this, Random Over Sampling (ROS) is used, which is a technique that randomly adds samples from the 
minority class to make the proportions more balanced [17]. A study by compared Random Over Sampling (ROS) 
and Random Under Sampling (RUS) using a stroke dataset with 3,889 non-stroke patients (majority class) and 
only 198 stroke patients (minority class) [18]. The results showed that when the data was balanced using (ROS), 
the model achieved 95% accuracy. Conversely, when using RUS, the accuracy dropped to 76%. This proves that 
ROS is more effective than RUS in handling data imbalance. Another study, processed 9,172 unbalanced thyroid 
data and tested several resampling methods [19]. Random Oversampling produced the highest accuracy, namely 
98.5%, thus proving to be effective in balancing data by randomly adding minority class samples through (ROS). 
The model can improve its sensitivity to that class without eliminating the majority class, so that the classification 
performance becomes more balanced [20]. 

In addition to addressing class imbalance in the thyroid disease dataset, another important step in the 
preprocessing process is to make the feature scale consistent across each feature through normalization techniques 
[19]. Normalization is necessary because medical variables such as TSH, T3, TT4, and T4U levels have different 
value ranges and may contain extreme values (outliers) [20]. Outliers can interfere with statistical calculations 
such as mean and standard deviation, thereby significantly affecting data analysis results [21]. To overcome this 
limitation, this study uses the RobustScaler method, which utilizes the median and interquartile range (IQR) so 
that the normalization results are more stable against extreme values compared to other methods such as 
StandardScaler or MinMaxScaler, and better reflect the real distribution of clinical laboratory data. 

Furthermore, compares the performance of the ID3 and Artificial Neural Network (ANN) algorithms in 
classifying thyroid disease [22]. Testing was conducted using a data division scheme based on percentage and the 
5-fold cross validation method. The results show that ANN provides better performance, with an accuracy of 90% 
in data division by percentage and 95% in 5-fold cross validation. Meanwhile, ID3 only achieved an accuracy of 
88% and 93% in the same scheme. Based on these results, it can be concluded that ANN is superior in terms of 
accuracy with 5-fold cross validation, and its performance has the potential to improve further if 10-fold cross 
validation is applied. 

In this study, an Artificial Neural Network (ANN) is implemented using the Backpropagation Neural 
Network (BPNN) method. BPNN uses supervised learning to update weights based on the difference between 
predicted and target outputs through backpropagation [23]. Each output neuron maps data to a specific class, 
allowing the model to learn complex nonlinear patterns. According to [24] BPNN can capture more complex 
patterns than classical algorithms, making it effective for classifying thyroid diseases. The study [25] compared 
Decision Tree C4.5 and BPNN in classifying smartphone prices with 3,000 data points and 21 attributes. C4.5 
achieved 83.75% accuracy, while BPNN with a 12-15-8-1 architecture, 500 epochs, a learning rate of 0.01, and 
momentum of 0.1 achieved 96.65% accuracy, showing BPNN’s superiority. In this research, clinical symptoms 
and medical parameters are used as inputs, with positive and negative diagnosis labels as outputs. Random Over 
Sampling (ROS) is applied to handle class imbalance, and Robust Scaler normalizes features to reduce outlier 
effects. Model performance is evaluated using 10-fold cross-validation to ensure reliable results. This approach 
aims to improve accuracy, support early detection, and enhance thyroid disease prevention and control. 
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II. RELATED WORKS/LITERATURE REVIEW 

Thyroid disease is a disorder of the thyroid gland, a butterfly-shaped endocrine gland located at the front of 
the neck [26]. This gland produces the hormones T4 and T3, which play a role in regulating metabolism, growth, 
and body systems [12]. This study [27] Pegular testing of TSH and FT4 levels is highly recommended to facilitate 
the diagnosis and treatment of thyroid disease. Several factors such as genetics, gender, age, exposure to 
chemicals, stress, and iodine intake also influence the risk of thyroid disorders [10]. In medical data processing, 
the pre-processing stage plays a crucial role in enhancing model accuracy. Previous research [28] shows that the 
application of Robust Scaler can significantly improve model performance, with the F1-Score increasing from 
0.68 (without scaling) to 0.83 (with Robust Scaler), and accuracy increasing from 0.61 to 0.82. Research [19] 
shows that the choice of normalization technique has a major impact on classification performance. Five methods 
were tested: StandardScaler, MinMaxScaler, MaxAbsScaler, RobustScaler, and QuantileTransformer. The results 
show that RobustScaler is the most superior. This method uses the median and interquartile range (IQR) so that it 
is resistant to outliers and maintains the stability of the data distribution.Class imbalance is also a common 
problem in disease diagnosis data. The importance of handling class imbalance (imbalanced data) in disease 
diagnosis. Research conducted by [29] They processed 9,172 imbalanced thyroid records and evaluated several 
resampling methods. Random oversampling produced the highest accuracy, at 98.5%, proving to be the most 
effective in balancing data and improving classification results; this evidence reinforces the importance of explicit 
imbalance handling in medical classification problems. 

Additionally, several studies indicate that Backpropagation Neural Network (BPNN) is a method capable of 
producing high accuracy due to its ability to deeply learn data patterns [30] 's research tested the Backpropagation 
Neural Network method using 500 patient data with learning rates varying from 0.0001, 0.001, 0.01, and 0.1, as 
well as 9–17 hidden neurons. In the 90:10 scheme, the highest accuracy reached an average of 98.42%, with some 
configurations even reaching 100%, particularly with learning rates of 0.001–0.1 and 17 neurons. This study [31] 
Research Classification of stroke using BPNN showed an accuracy of 96.14%, with medical records data covering 
age, hypertension, and blood sugar levels. The BPNN model proved effective in distinguishing between stroke 
and non-stroke patients [32], demonstrating its suitability as a decision-support tool in critical diagnostic contexts. 
Another line of work on Parkinson's disease classification using Backpropagation Neural Network (BPNN) was 
able to achieve an accuracy of up to 99.6%. Research in this area generally uses datasets of 700–1,300 samples, 
such as the UCI or Kaggle datasets, which contain approximately 756 voice recordings and clinical features of 
Parkinson's patients. Research [33] uses BPNN with 9 neurons in the hidden layer, 50 iterations, and a learning 
rate of 0.3. This model achieved an accuracy of 99.49%, with a True Positive Rate (TPR) of 99.5% and a False 
Positive Rate (FPR) of only 0.08%, indicating that BPNN can achieve very high sensitivity while keeping false 
alarms at a minimal level. The study [34] shows that the Backpropagation Neural Network (BPNN) method is 
superior to Case-Based Reasoning (CBR). From 120 data tested using 3-fold, 4-fold, and 5-fold cross validation, 
BPNN obtained an average accuracy of 95.07%, while CBR only reached 94.70%. This difference shows that 
BPNN is more capable of learning complex patterns and producing more stable predictions. 

 
 

III. METHODS 

This study follows a systematic and interconnected workflow in the application of BPNN with Random 
Oversampling and Robust Scaler for thyroid disease classification. All stages, from data processing to model 
evaluation, are shown in Figure 1. 

 
Fig. 1 Research Stages 
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A. Data Collection 

The data used in this study is secondary data sourced from the Kaggle platform, via the link 
https://www.kaggle.com/datasets/yasserhessein/thyroid-disease-data-set. The Thyroid Disease dataset consists of 
3,771 data points with 25 attributes. The attributes used in this study can be seen in Table 1. 

TABLE 1 
DATASET ATTRIBUTES 

 

Attribute Description Attribute Description 
Age  Patient age  Tumor  Having a tumor 
Sex Patient's gender Hypopituitary Pituitary gland disorder 

On_thyroxine Currently taking thyroxine 
hormone medication 

Query_on_thyroxine History of thyroxine 
medication use 

Psych  Psychological disorders 

TSH_measured TSH measurement status 

On_antithyroid_medica 
tion 

Currently taking 
antithyroid medication 

TSH TSH level value 

Sick  Currently ill T3_measured T3 measurement status 
Pregnant Currently pregnant  T3  T3 level value 

Thyroid surgery Has had thyroid surgery TT4_measured TT4 measurement status 
I131 treatment  Have undergone 

radioactive iodine therapy 
TT4 TT4 level value 

Query_hypothyroid Suspected hypothyroidism T4U_measured T4U measurement status 
Query_hyperthyroid Suspected hyperthyroidism T4U T4U level value 

Lithium 
 

Goiter 

Taking lithium 
 

Goiter or thyroid 

FTI Free Thyroxine Index 
Value 

 enlargement   

The original dataset used in this study consists of two classes, namely class 0 for negative patients (without 
thyroid disease) and class 1 for positive patients (with thyroid disease), as shown in Table 2. 

TABLE 2 
 

 

ORIGINAL DATASET        
No Age Sex ... TSH TT4 T4U FTI BINARY CLASS 

1 41 0 ... 1.3 125 1.14 109 0 
2 23 0 ... 4.1 102 0.995 110.4696 0 
3 46 1 ... 0.98 109 0.91 120 0 
... ... ... ... ... ... ... ... ... 

3770 72 1 ... 0.7 82 0.94 87 0 
3771 64 0 ... 1 99 1.07 92 0 

B. Data Preprocessing 
1) Data Selection 

This stage involves selecting the data needed for classification. There are 291 people with thyroid disease and 
3,480 people without thyroid disease. All data and attributes are used for the next modeling stage. 
2) Data Cleaning 

At this stage, data cleaning was performed to ensure data quality before modeling. The steps taken included 
handling missing values, removing 63 duplicate data, and checking outliers on continuous features such as Age, 
TSH, TT4, T4U, and FTI. Descriptive statistical analysis was used to see the data distribution and identify possible 
extreme values that could affect the model results. Outlier detection in the dataset is shown in Table 3. 

TABLE 3 
 DETECTION OF OUTLIERS IN THE DATASET   

Statistics Age TSH TT4 T4U FTI 
count 3708 3708 3708 3708 3708 
mean 51.746962 5.088809 108.325450 0.994954 110.481499 

std 19.007393 23.490882 34.788608 0.186734 31.618426 
min 1.000000 0.005000 2.000000 0.25 2.000000 
25 36.000000 0.580000 88.75 0.89 94.000000 
50 54.0000 1.550000 105.00000 0.99 110,000,000 
75 67,000,000 3,500,000 123,000,000 1,070,000 122,000,000 

max 94,000,000 530,000,000 430,000,000 2,320,000 395,000 

Table 3 shows that the TSH, TT4, and FTI features have maximum values far above the Q3 value, so they 
potentially contain outliers. Conversely, Age and T4U have more stable distributions without extreme deviations. 
This identification is important to prevent bias due to incomplete or inconsistent data, so that data quality improves 
and prediction models can work more accurately. 

http://www.kaggle.com/datasets/yasserhessein/thyroid-disease-data-set
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3) Data Transformation 

At this stage, data transformation is performed to stabilize the scale of features with large ranges and containing 
outliers. Based on Table 2, several features have scale differences and extreme values that can reduce model 
performance. To overcome this, RobustScaler is used, which is a normalization method that reduces the median 
value and then divides it by the Interquartile Range (IQR) so that the influence of outliers can be minimized. The 
normalization process follows the robustscaler formula using equations 1 and 2: 

𝐼𝐼𝐼𝐼𝐼𝐼(𝑋𝑋) = 𝐼𝐼{3} − 𝐼𝐼{1} (1) 
The Interquartile Range (IQR) is the difference between the third quartile (Q3) and the first quartile (Q1), 

representing the middle 50% of the data and reducing the effect of outliers. 

𝑋𝑋′ = 
(𝑋𝑋 − 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑋𝑋)) (2) 

𝐼𝐼𝐼𝐼𝐼𝐼(𝑋𝑋) 
X′ is the transformed value, and 𝑋𝑋 is the original data point. The median is used as a central reference because 

it is resistant to outliers, while the Interquartile Range 𝐼𝐼𝐼𝐼𝐼𝐼(𝑋𝑋) acts as the scaling factor to produce a more uniform 
distribution. 

C. Data Imbalance Handling 
At this stage, class balancing was performed because the number of samples in each class was not proportional, 

namely class 0 had 3,417 data while class 1 only had 291 data. This imbalance had the potential to make the model 
biased towards the majority class. Therefore, the Random Oversampling technique was used, which involved 
adding random samples to the minority class until the number was equal to that of the majority class. The process 
of balancing data between the majority and minority classes in this study is visualized through the Random 
Oversampling (ROS) flow, as shown in Figure 2. 

 
Fig.1Random Oversampling (ROS) process flow 

Calculating the Amount of Data in Each Class : The oversampling process begins to address class imbalance 
in the training data. The first step is to enter the amount of training data with the amount of data from each class. 
Calculate which class has more data and which has less. 
Determining the Difference in Data Amount : Calculate the data difference using the formula (3): 

𝛥𝛥𝛥𝛥 = 𝛥𝛥𝑚𝑚𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚 − 𝛥𝛥𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚(3) 
𝛥𝛥𝛥𝛥 represents the number of new data points that need to be added as a result of oversampling. 𝛥𝛥𝑚𝑚𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚 

refers to the amount of data in the class with the largest number of samples, while 𝛥𝛥𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚 indicates the amount 
of data in the class with the fewest samples. 
Perform Random Minority Data Duplication :The iteration is performed ΔN times. For each iteration i, select one 
data point from the minority class at random (random sampling with replacement). Duplicate that data point. 
Finally, add it to the minority dataset.Iteration formula (4): 

𝑋𝑋𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏(𝑀𝑀) = 𝐼𝐼𝑀𝑀𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚(𝑋𝑋𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚) (4) 
𝑋𝑋𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏(𝑀𝑀)refers to the new data produced during iteration iii through random replication. The 

function 𝐼𝐼𝑀𝑀𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚(𝑋𝑋𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚) generates these values by selecting one sample from the minority set with equal 
probability. Meanwhile, 𝑋𝑋𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚∶ represents the full collection of original data belonging to the minority class 
from which the selections are made. 
Explanation: 
Combine Original Data and Oversampling Results: The new dataset is formed as follows formula (5): 

 
𝐷𝐷𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏 = 𝐷𝐷𝑚𝑚𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚 ∪ 𝐷𝐷𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑎𝑎𝑀𝑀 ∪ 𝐷𝐷𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏(5) 
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𝐷𝐷𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏 is the final dataset after applying ROS. 𝐷𝐷𝑚𝑚𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚 represents the original majority class data, while 

𝐷𝐷𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑎𝑎𝑀𝑀refers to the minority class data before oversampling. 𝐷𝐷𝑚𝑚𝑀𝑀𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏 denotes the minority data 
generated through random oversampling. 

D. Data Division 
K-Fold Cross Validation is a model evaluation technique that divides data into several multiples to obtain 

more objective and stable results[35] . In K-Fold Cross Validation, the dataset is divided into 'k' multiples of 
relatively equal size. Each multiple takes turns acting as test data, while the other multiples are used as training 
data. This process occurs for 'k' iterations so that each part of the data has the opportunity to become test data[36] 
. In research by[35] , it is explained that K-Fold Cross Validation has the advantage of providing more stable and 
accurate model evaluation results through the average of k iterations so that the results are more reliable because 
the model is tested with various data combinations, and the risk of overfitting can be minimized. In this study, the 
k-fold cross-validation technique was used with a data division of 10 k. 

E. Backpropagation Neural Network 
The Backpropagation Neural Network (BPNN) is a learning algorithm commonly used in multi-layer artificial 

neural networks (multi-layer perceptrons)[37]. Learning occurs by updating network weights based on the error 
between the actual output and the target [38]. BPNN has three main layers: input, hidden, and output. The hidden 
layer is crucial because it captures non-linear representations of the data, improving classification accuracy [39] . 
Common activation functions include sigmoid, tansig (tanh sigmoid), and ReLU. During the forward pass, input 
data is processed through the hidden neurons using weights and activation functions to produce outputs[40] In the 
backward pass, errors are calculated and propagated back to adjust the weights, which are then updated to reduce 
the error. This process repeats until the desired accuracy is reached or the iteration limit is met. According to[41] 
BPNN training generally includes initialization, feedforward, backpropagation, and weight updates. The detailed 
stages are as follows: 
1) Parameter Initialization In the initial stage, weights and biases are randomly initialized with small values. In 

addition, the learning rate, maximum number of epochs, and target error are set as training references. 

Phase I: Feedforward Propagation 
2) Each neuron in the input layer receives input data𝑥𝑥𝑀𝑀 (𝑥𝑥1 ,𝑥𝑥2 ,…..𝑥𝑥𝑀𝑀 ) . This input value is then forwarded to the 

hidden layer through the weights that connect it. 
3) Each neuron in the hidden layer is marked as a 𝑧𝑧𝑗𝑗(𝑗𝑗 = 1,2, ...... , 𝑝𝑝) , calculating the linear combination of all 

incoming inputs, plus the bias, using the formula in Equation 6. 
𝑀𝑀 

𝑧𝑧𝑀𝑀𝑀𝑀𝑗𝑗 = 𝑣𝑣0𝑗𝑗 + ∑ 𝑥𝑥𝑀𝑀𝑣𝑣𝑀𝑀𝑗𝑗 (6) 
𝑀𝑀=1 

𝑥𝑥𝑀𝑀 represents the input value to neuron 𝑀𝑀. 𝑣𝑣𝑀𝑀𝑗𝑗 is the weight connecting input 𝑀𝑀 to hidden neuron 𝑗𝑗, and 𝑣𝑣0𝑗𝑗 
denotes the bias of neuron 𝑗𝑗. 

Next, the values of𝑧𝑧𝑀𝑀𝑀𝑀𝑗𝑗 are passed into an activity function, such as sigmoid. Equation 7. 
𝑧𝑧𝑗𝑗= 

1 
−𝑧𝑧𝑀𝑀𝑀𝑀 (7) 

1 + 𝑀𝑀 𝑗𝑗 

4) Each neuron in the output layer𝑚𝑚𝑘𝑘 (𝑘𝑘 = 1,2, . . . , 𝑚𝑚) receives signals from the hidden layer, which are then 
summed after being multiplied by their respective weights. Equation 8. 

𝑧𝑧𝑗𝑗= 
1 

−𝑧𝑧𝑀𝑀𝑀𝑀 (7) 
1 + 𝑀𝑀 𝑗𝑗 

𝑤𝑤𝑗𝑗𝑘𝑘 is the weight connecting hidden neuron𝑗𝑗 to output neuron 𝑘𝑘, and 𝑤𝑤0𝑘𝑘 represents the bias of the k-th 
output neuron. 

The value of𝑚𝑚𝑀𝑀𝑀𝑀𝑘𝑘 is then passed through the activation function. Equation 9. 
𝑚𝑚 1 (9) 

Phase II: Backpropagation 
𝑘𝑘 = 1+𝑀𝑀−𝑚𝑚𝑀𝑀𝑀𝑀𝑘𝑘 

5) Each output unit, marked as𝑚𝑚𝑘𝑘 (𝑘𝑘 = 1,2, . . . , 𝑚𝑚) , where the network output𝑚𝑚𝑘𝑘 will be compared with the 
corresponding target pattern, so that the error can be calculated as the basis for evaluating network 
performance. Equation 10. 

𝛿𝛿𝑘𝑘 = ( 𝑚𝑚𝑘𝑘 − 𝑚𝑚𝑘𝑘) 𝑚𝑚𝑘𝑘 ( 1 − 𝑚𝑚𝑘𝑘)(10) 
The next step is to update the values through the calculation of the weights𝑊𝑊𝑗𝑗𝑘𝑘 and the bias, Equation 11 and 
Equation 12. 

 
α is the learning rate, and 𝑧𝑧𝑗𝑗 is the output of hidden neuron 𝑗𝑗. 

Δ𝑤𝑤𝑗𝑗𝑘𝑘 = 𝛼𝛼 ⋅ 𝛿𝛿𝑘𝑘 ⋅ 𝑧𝑧𝑗𝑗(11) 
Δ𝑤𝑤0𝑘𝑘 = 𝛼𝛼 ⋅ 𝛿𝛿𝑘𝑘(12) 

6) Each neuron in the hidden layer, denoted by(𝑗𝑗 = 1,2,3, 𝑧𝑧𝑗𝑗, . . . , 𝑝𝑝), , calculates the delta input by summing all 
the signals it receives. Equation 13. 
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Then, the delta value for the hidden neuron− 𝑗𝑗 is Equation 14. 

𝑚𝑚 

𝛿𝛿𝑀𝑀𝑀𝑀𝑗𝑗 = ∑ 𝛿𝛿𝑘𝑘𝑤𝑤𝑀𝑀𝑗𝑗 (13) 
𝑘𝑘 =1 

 
 

 

𝛿𝛿𝑗𝑗 = 𝛿𝛿𝑀𝑀𝑀𝑀𝑗𝑗 ⋅ 𝑧𝑧𝑗𝑗(1 − 𝑧𝑧𝑗𝑗)(14) 
After that, the weight and bias changes for the hidden layer are calculated as Equation 15 and Equation 16. 

Δ𝑣𝑣𝑀𝑀𝑗𝑗 = 𝛼𝛼 ⋅ 𝛿𝛿𝑗𝑗 ⋅ 𝑥𝑥𝑀𝑀(15) 
Δ𝑣𝑣0𝑗𝑗 = 𝛼𝛼 ∙ 𝛿𝛿𝑗𝑗(16) 

Phase III: Weight Modification 
7) Each hidden unit 𝑧𝑧𝑗𝑗(𝑗𝑗 = 1,2,3, … , 𝑝𝑝) will also undergo updates to its bias and weights with (𝑀𝑀 =1,2,3,…,𝑀𝑀 ). 

Equation 17 and Equation 18. 
Hidden layer 

𝑣𝑣𝑀𝑀𝑗𝑗(𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏) = 𝑣𝑣𝑀𝑀𝑗𝑗 (𝑎𝑎𝑀𝑀𝑚𝑚𝑀𝑀) + Δ𝑣𝑣𝑀𝑀𝑗𝑗(17) 
𝑣𝑣0𝑗𝑗(𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏) = 𝑣𝑣𝑀𝑀𝑗𝑗 (𝑎𝑎𝑀𝑀𝑚𝑚𝑀𝑀) + Δ𝑣𝑣𝑀𝑀𝑗𝑗(18) 

Each neuron in the output layer𝑚𝑚𝑘𝑘 (𝑘𝑘 = 1,2,3, . . . , 𝑚𝑚) will be updated, both in terms of the bias value yk and 
the weights connected to it(𝑗𝑗 = 1,2,3, . . . , 𝑝𝑝) . Equation 19 and Equation 20. 
Output layer 

𝑤𝑤𝑗𝑗𝑘𝑘(𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏) = 𝑤𝑤𝑗𝑗𝑘𝑘 (𝑎𝑎𝑀𝑀𝑚𝑚𝑀𝑀) + Δ𝑤𝑤𝑗𝑗𝑘𝑘(19) 
𝑤𝑤0𝑘𝑘(𝑏𝑏𝑀𝑀𝑚𝑚𝑏𝑏) = 𝑤𝑤0𝑘𝑘 (𝑎𝑎𝑀𝑀𝑚𝑚𝑀𝑀) + Δ𝑤𝑤0𝑘𝑘(20) 

8) After one training cycle (feedforward → backpropagation → weight modification), calculate the total error. 
If the error is already smaller than the target error or the maximum number of epochs has been reached, then 
training is stopped. If not, the process continues by returning to Step 2. 

F. Testing and Evaluation 
Testing is a crucial stage in research to ensure that the designed system functions correctly both technically 

and structurally. In this study, the implementation focused on applying a Backpropagation Neural Network 
combined with Random Oversampling and Robust Scaler to balance the dataset and enhance classification 
performance. The implementation was carried out using Python on Google Colab, allowing the model to be trained 
and tested effectively and efficiently, resulting in more accurate thyroid disease classification. The evaluation 
stage was conducted to measure the model’s performance. One commonly used method is the Confusion Matrix, 
which compares the model’s predictions with the actual labels to clearly show classification accuracy. Figure 3 
presents the Confusion Matrix used to evaluate the model’s classification performance. 

 

 
Figure2Confusion Matrix 

The equations used to calculate accuracy, precision, and recall are as follows: 
1) Accuracy: Accuracy is a metric used to measure how well the model can classify correctly. 

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝛥𝛥 
𝐴𝐴𝐴𝐴𝐴𝐴𝑏𝑏𝑚𝑚𝑀𝑀𝐴𝐴𝑚𝑚 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝛥𝛥 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝛥𝛥. 

 
 

 
(21) 

2) Precision: Precision is a metric used to measure the proportion of positive predictions that are actually 
included in the positive category. 

𝑇𝑇𝑚𝑚𝑀𝑀𝐴𝐴𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀  = 
𝑇𝑇𝑇𝑇 

 
 

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 (22) 

3) Recall: Recall is a metric used to calculate the proportion of data successfully predicted as positive out 
of all data that actually belongs to the positive category. 

𝐼𝐼𝑀𝑀𝐴𝐴𝑀𝑀𝑎𝑎𝑎𝑎 = 
𝑇𝑇𝑇𝑇 

 
 

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝛥𝛥 (23) 
4) F1 Score: F1 score is a metric that calculates the harmonic mean between precision and recall. 

𝐹𝐹1 = 2 × 𝑇𝑇𝑚𝑚𝑀𝑀𝐴𝐴𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀 × 𝐼𝐼𝑀𝑀𝐴𝐴𝑀𝑀𝑎𝑎𝑎𝑎 (24) 
𝑇𝑇𝑚𝑚𝑀𝑀𝐴𝐴𝑀𝑀𝑚𝑚𝑀𝑀𝑚𝑚𝑀𝑀 + 𝐼𝐼𝑀𝑀𝐴𝐴𝑀𝑀𝑎𝑎𝑎𝑎 
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IV. RESULTS 

A. Data Preprocessing 
Data preprocessing plays a crucial role in machine learning as it can significantly affect model performance. 

This process helps to improve the quality and accuracy of the results produced. In this study, the following steps 
were performed as part of the data preprocessing: 
1) Data Selection 

The first step in the preprocessing phase involved selecting the relevant data for classification. The dataset 
was examined, revealing 291 individuals diagnosed with thyroid disease and 3,480 individuals without thyroid 
disease. This initial selection of data, which included both positive and negative cases, formed the foundation for 
the subsequent modeling stage, ensuring a balanced and comprehensive dataset for analysis. 
2) Data Cleaning 

The data cleaning process involved checking for missing values and duplicate data entries. After performing 
this check, it was found that there were no missing values. However, 63 duplicate records were detected and 
subsequently removed. After the cleaning process, the dataset contained 3,417 records for the non-diseased class 
(class 0) and 291 records for the diseased class (class 1). Following this, an outlier analysis was conducted on 
numerical features such as Age, TSH, TT4, T4U, and FTI, as these features are critical for describing thyroid 
function. Descriptive statistical analysis was performed to assess the data distribution and detect any extreme 
values or outliers that could potentially affect the model’s results. 
3) Data Transformation 

To stabilize the feature scales and reduce the influence of outliers, data transformation was carried out. The 
dataset displayed scale differences and extreme values that could hinder the model's performance, as shown in 
Table 3.2. To address this, the RobustScaler method was applied, which normalizes the data using the median and 
interquartile range (IQR) values, ensuring that outliers have less impact. The transformation results, which reflect 
a more uniform data distribution, are presented in Table 4. 

TABLE 4 
DATA NORMALIZATION RESULTS 

No Age Sex ... TSH TT4 T4U FTI 
1 -0.419355 0 ... -0.085616 0.583942 0.833333 -0.035714 
2 -1 0 ... 0.873288 -0.087591 0.027776 0.016773 
3 -0.258065 1 ... -0.195205 0.116788 -0.444444 0.357143 
... ... ... ... ... ... ... ... 
3705 0.645161 0 ... 1.215753 0.20438 0.44444 -0.178571 
3706 0.580645 1 ... -0.291096 -0.671533 -0.277778 -0.821429 
3707 0.322581 0 ... -0.188356 -0.175182 0.444444 -0.642857 

Table 4 shows the normalization results using RobustScaler, which stabilizes feature scales and reduces the 
influence of outliers. This method is based on the median and IQR, enabling it to handle outliers without removing 
data, making feature scales more uniform. 

B. Handling Data Imbalance 
After preprocessing, Random Oversampling (ROS) is applied to balance the dataset. In this method, minority 

class samples are randomly duplicated to increase their number, as calculated by Equation (3). At each iteration, 
one sample is selected randomly using Equation (4), and the final dataset is formed by combining the majority 
class, original minority class, and the newly generated ROS samples according to Equation (5). After ROS, the 
dataset grows from 3,771 to 6,834 samples, achieving a balanced class distribution, as shown in Figure 4. 

Fig. 4 Implementation of the random oversampling (ROS) method 
C. Data Division 

After the data balancing process, 6,834 data samples were obtained and then divided using the K-Fold 
Cross Validation method. The dataset was divided into 10 folds, with one fold as test data and nine folds as 
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training data in each iteration, so that all data had the opportunity to become test data alternately. The data 
distribution in each fold is shown in Table 5 

TABLE 5 
 DATA DIVISION  

Fold Train Test y_train (0) y_train (1) y_test (0) y_test (1) 
1 6150 684 3057 3093 360 324 
2 6150 684 3082 3068 335 349 
3 6150 684 3071 3079 346 338 
4 6150 684 3067 3083 350 334 
5 6151 683 3079 3072 338 345 
6 6151 683 3097 3054 320 363 
7 6151 683 3096 3055 321 362 
8 6151 683 3054 3097 363 320 
9 6151 683 3072 3079 345 338 

10 6151 683 3078 3073 339 344 

With this division, it can be seen that the amount of training and test data is relatively consistent in each fold, 
and the class distribution between 0 (not affected by thyroid) and 1 (affected by thyroid) remains balanced so that 
model validation can be carried out fairly on the entire dataset. 
D. Backpropagation Neural Network 

Backpropagation Neural Network is widely used because it is capable of effectively training neural networks 
with many layers, and this method has become one of the important foundations in various artificial intelligence 
applications. Structurally, BPNN consists of three main layers: the input layer (x), the hidden layer (z), and the 
output layer (y). The architecture of the Backpropagation Neural Network model can be seen in Figure 8. 

Fig. 5 Backpropagation Neural Network Architecture 
Figure 8 shows the BPNN architecture built using 25 attributes from the dataset. The number of neurons in 

the hidden layer was tested in several variations, namely 26, 38, and 49 neurons. This model uses a sigmoid 
activation function, with experiments conducted for up to 5,000 and 10,000 epochs. In addition, testing was also 
conducted using several learning rate values, namely 0.1, 0.01, and 0.001. The BPNN training process was carried 
out using Equations (6) to (20), while the testing stage applied Equations (6) to (9). 

 
E. Testing and Evaluation 

Testing in this study was conducted by trying a number of variations in the BPNN architecture, learning rate, 
and number of epochs. Each combination of parameters was tested to see how these configuration changes affected 
the model's performance. The results of all testing scenarios, averaged over 3 tests, can be seen in Table 6 below. 

TABLE 6 
AVERAGE RESULTS OF 3 TESTS 

Epoch K-Fold Learning Rate Neuron In 
Hidden Layer 

Accuracy (%) Precision(%) Recall (%) F1 Score 
(%) 

   26 99,71% 100% 100% 100% 
5000 10 0,1 38 99,56% 100% 100% 100% 

   49 99,71% 100% 100% 100% 
   26 99,71% 100% 100% 100% 
  0,01 38 99,85% 100% 100% 100% 
   49 99.71% 100% 100% 100% 
   26 99,71% 100% 100% 100% 
  0,001 38 99.41% 100% 100% 100% 
   49 99,85% 100% 100% 100% 
   26 99,56% 100% 100% 100% 

10000 10 0,1 38 99,56% 100% 100% 100% 
   49 99,71% 100% 100% 100% 
   26 99,56% 100% 100% 100% 
  0,01 38 99,71% 100% 100% 100% 
   49 99,85% 100% 100% 100% 
   26 99,71% 100% 100% 100% 
  0,001 38 99,85% 100% 100% 100% 
   49 99,56 % 100% 100% 100% 
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The testing was conducted using three BPNN architecture scenarios, namely [25:26:1], [25:38:1], and 

[25:49:1], with learning rate variations of 0.1, 0.01, and 0.001. Each scenario was also tested using 5,000 and 
10,000 epochs. 

 
V. DISCUSSION 

Based on the results presented in Table 6, the Backpropagation Neural Network (BPNN) demonstrated 
remarkable performance, achieving a maximum accuracy of 99.85% under various parameter configurations. This 
accuracy was consistent across both 5,000 and 10,000 training epochs, indicating that the model maintained 
stability over extended training periods. Notably, the learning rates of 0.01 and 0.001, along with the hidden layer 
configurations of 38 and 49 neurons, produced optimal results. The stability observed with smaller learning rates 
suggests that these values enable the model to learn more gradually, reducing the risk of overshooting the optimal 
solution and helping the network converge to an optimal state. Thus, fine-tuning the learning rate, number of 
epochs, and neurons in the hidden layer was critical for achieving the high accuracy observed in this study, as 
noted by previous research on the significance of parameter tuning in neural network models for improved 
performance [12]. In a clinical context, this stable optimization behavior is important because it indicates that the 
model can provide reproducible predictions across different training runs, thereby increasing clinicians’ 
confidence when using it as a decision-support component rather than as a black-box tool with unpredictable 
variability. 

Further examination of the model's performance revealed that the BPNN correctly identified 338 data points 
from the negative class (class 0) and 344 data points from the positive class (class 1), demonstrating a high degree 
of classification accuracy. However, there was one instance where a data point from class 0 was misclassified as 
class 1, which was recorded as a false positive. Importantly, no false negatives were detected, meaning that the 
model did not mistakenly classify any positive samples as negative. From the perspective of endocrinologists and 
general practitioners, this pattern is clinically meaningful: the absence of false negatives reduces the risk of 
undiagnosed thyroid disease, while a small number of false positives would generally lead only to additional 
laboratory tests or follow-up examinations rather than direct patient harm. The occurrence of a single false positive 
suggests that while the model performed exceptionally well, there is still a minor possibility for misclassification, 
though it is relatively rare. Hospital administrators and clinicians could use this information to set clear 
protocols—for example, confirming model-positive cases with standard laboratory and clinical assessments—to 
ensure that the impact of occasional false positives is appropriately managed. This indicates the potential for slight 
improvement in addressing class misclassification in future model iterations, which aligns with the findings of 
previous studies that highlight the importance of refining model precision [15]. 

The distribution of correct and incorrect predictions, as shown in the confusion matrix (Figure 6), further 
supports the model's high level of accuracy. The confusion matrix serves as a valuable tool for understanding how 
well the model distinguishes between the two classes. With minimal misclassifications, the model was able to 
effectively learn the underlying patterns in the dataset, which is crucial for tasks such as thyroid disease 
classification. The fact that the model achieved 99.85% accuracy highlights its potential to assist in clinical 
settings, where reliable predictions are essential for patient diagnosis and treatment. This is consistent with other 
studies that have emphasized the importance of high accuracy in medical applications of machine learning [14]. 
At the same time, stakeholders must remain aware that even highly accurate models can generate occasional 
misclassifications, so institutional policies should frame the model as an assistive tool that complements, rather 
than replaces, clinical judgement. 

When comparing the performance of this study's model with prior research, the results demonstrate a 
significant improvement in accuracy. Previous studies, such as the one by [22], reported an accuracy of 90% when 
using a percentage split and 95% with 5-fold cross-validation. In contrast, the current study achieved an impressive 
99.85% accuracy by optimizing key parameters and utilizing 10-fold cross-validation. This improvement 
emphasizes the importance of parameter tuning in enhancing model performance. By experimenting with various 
configurations of learning rates, hidden layer neurons, and epochs, this study was able to achieve superior results, 
underscoring the need for careful optimization in machine learning applications. This approach also demonstrates 
the potential of cross-validation to enhance model robustness, as confirmed by studies advocating for its use in 
improving model evaluation [19]. 
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Fig. 6 Confusion Matrix Results s with the Highest Accuracy in Backpropagation Testing 

In conclusion, the findings of this study underscore the effectiveness of the Backpropagation Neural Network 
(BPNN) in classifying thyroid disease with exceptional accuracy. The use of optimized parameters, such as 
learning rates, the number of epochs, and hidden neurons, contributed significantly to the model's performance. 
The study also demonstrates the potential of 10-fold cross-validation to provide more reliable and consistent 
results, compared to other validation methods. Moving forward, further research could explore even more 
advanced techniques, such as incorporating additional layers or testing with alternative optimization methods like 
Grid Search, to further enhance the model’s classification performance. These directions are supported by 
previous research that emphasizes continuous improvement and optimization for achieving better classification 
outcomes in complex datasets [16]. 

 
VI. CONCLUSIONS 

This study focused on improving thyroid disease classification by applying preprocessing techniques and the 
Backpropagation Neural Network (BPNN). The dataset used comprised 3,771 patient records, each with 25 
clinical and medical attributes. The preprocessing steps included removing duplicates, handling outliers, and 
normalizing features using RobustScaler. To address the issue of class imbalance, Random Over Sampling (ROS) 
was employed, increasing the minority class samples from 3,771 to 6,834, thus creating a more balanced dataset. 
BPNN training was performed with different configurations of hidden neurons (38 and 49), learning rates (0.01 
and 0.001), and epochs (5,000 and 10,000), with model performance evaluated through 10-fold cross-validation. 
The best configuration of the proposed model achieved an accuracy of 99.85%, validating the effectiveness of the 
combined preprocessing pipeline and parameter tuning in optimizing classification performance for thyroid 
disease data. These results indicate that the proposed approach is highly suitable to be developed further as an 
automated decision-support component to assist clinicians in screening and stratifying patients at risk of thyroid 
disorders. 

The use of RobustScaler and ROS contributed significantly to improving model performance by minimizing 
bias caused by uneven feature scales and class imbalance. The confusion matrix results demonstrated that most 
samples were correctly classified, with only minimal errors. This pattern, characterized by the absence of false 
negatives and only a very small number of false positives, is particularly beneficial in clinical practice because it 
reduces the likelihood of missed thyroid disease cases while keeping the additional follow-up burden at a 
manageable level. For future work, further improvements can be explored by experimenting with additional 
hidden layers, varying the number of neurons, testing alternative weight initializations, and employing parameter 
optimization methods such as Grid Search, Random Search, or Genetic Algorithms. Subsequent studies should 
also validate the model on multi-center hospital datasets, incorporate additional clinical and socio-demographic 
variables, and integrate the classifier into hospital information or national health database systems to assess 
scalability, interoperability, and real-world impact on thyroid disease detection workflows. 
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