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ABSTRACT

In recent years, thyroid cancer has become the second most common type of cancer worldwide after breast cancer.
Today, with the widespread use of fast computers and the development of Artificial Intelligence algorithms, early
diagnosis and accurate treatment have improved the quality of life for patients and increased survival rates.
Traditional methods for diagnosing thyroid cancer can have limited accuracy, leading to misdiagnosis. In medical
diagnostics, Machine Learning, a subfield of Artificial Intelligence, is frequently used. This method is widely
applied in the diagnosis of diseases. Machine Learning algorithms help analyze large amounts of data to provide
accurate and precise diagnoses. In this study, a dataset related to thyroid disease was used to predict whether
thyroid nodules are malignant or benign as a classification problem in Machine Learning, without the need for
biopsies of the patients. The available dataset was trained using classification algorithms under Supervised
Learning, and each algorithm was used to predict models with Stratified Train Test Split and Stratified K-Fold
Cross Validation methods. These models were later used to make predictions on the current test dataset. The
classification algorithms employed in the study included Linear Discriminant Analysis, Naive Bayes, K-Nearest
Neighbors, Random Forest, Support Vector Machines, Decision Trees, Artificial Neural Networks, Logistic
Regression, Adaboost, XGboost, Gradient Boost, LightGBM Boost, and Catboost, which were implemented using
Python. When comparing the performance metrics obtained from the results, it was found that Naive Bayes
algorithm achieved the highest accuracy value with 92.31%, while XGboost algorithm had the highest ROC/AUC
value with 92%.

Keywords: Machine Learning, Thyroid Disease, Supervised Learning Algorithms, Naive Bayes
JEL-Classification: C45, C53, 110

1. Introduction

Technological advancements have played a significant role in the healthcare sector in
recent years. Rapid improvements in computational power, the growth of large-scale datasets,
and the development of algorithms capable of learning from data have enabled artificial
intelligence (Al) systems to match and, in some cases, exceed human performance in specific
medical tasks. However, the success of Al applications in healthcare depends not only on the
algorithms employed but also on the proper preparation, integration, and analysis of clinical
data. Maranghi et al. (2022) emphasized that data preparation and data analytics processes play
a critical role in supporting clinical decision-making mechanisms in Al applications based on
real-world patient data. Furthermore, recent studies have highlighted the growing role of

This article is derived from irem Turan's master's thesis, supervised by Cigdem Aricigil Cilan, titled "Thyroid
Cancer Diagnosis Using Machine Learning Algorithms".


mailto:ccilan@istanbul.edu.tr

2 - DIAGNOSIS OF THYROID CANCER WITH MACHINE LEARNING ALGORTIHMS

artificial intelligence in supporting diagnostic and clinical decision-making processes across a
wide range of medical specialties (Zhao et al., 2026).

In the field of thyroid cancer diagnosis, artificial intelligence-based systems have
demonstrated promising results in the assessment of thyroid nodules, cervical lymph nodes, and
cytological specimens, with several ultrasound-based platforms already receiving regulatory
approval for clinical use (Johnson & Tessler, 2026).

According to recent epidemiological reports, thyroid cancer is among the most
frequently diagnosed endocrine malignancies worldwide and represents a growing public health
concern due to its increasing incidence rates (Pizzato et al., 2022). Early diagnosis is
particularly important because timely detection significantly improves treatment outcomes and
patient survival. Thyroid cancer diagnosis is of particular importance because accurate and
timely diagnosis directly influences treatment planning and prognosis.

Conventional diagnostic approaches include ultrasonography, fine-needle aspiration
biopsy, blood tests, and imaging techniques (Chakrabarty et al., 2024; Fei et al., 2024; Osseis
et al., 2023). Although these methods are widely used in clinical practice, they have certain
limitations and may not always provide sufficiently accurate diagnostic results. Recent
advances in imaging-based diagnostic systems and machine learning-assisted ultrasound
interpretation have further improved the diagnostic evaluation of thyroid nodules (Chakrabarty
et al., 2024; Gatta et al., 2025).

Machine learning (ML), a subfield of artificial intelligence, has become an important
tool in medical diagnosis by enabling the analysis of large volumes of data and generating
accurate diagnostic predictions. In recent years, machine learning algorithms have increasingly
been applied to distinguish between benign and malignant thyroid nodules, with the ultimate
goal of improving the early detection of thyroid cancer. Previous studies have demonstrated
that machine learning techniques can provide high diagnostic performance and support clinical
decision-making in thyroid disease diagnosis (Lee et al., 2022; Xi et al., 2022; Kumar et al.,
2023). Recent systematic reviews and meta-analyses have further confirmed the effectiveness
of artificial intelligence and machine learning models for thyroid nodule classification,
reporting high diagnostic accuracy, sensitivity, and specificity across multiple clinical settings
(Gatta et al., 2025; Jassal et al., 2025). In addition, growing evidence suggests that Al-assisted
diagnostic systems can improve ultrasound-based risk stratification and support clinicians in
reducing unnecessary invasive procedures while maintaining diagnostic reliability (Edstrom et
al., 2025; Ni et al., 2025).

By analyzing data derived from imaging studies, ultrasonographic examinations,
laboratory tests, and biopsy findings, machine learning models can assist in identifying
malignant lesions and potentially contribute to disease staging. Furthermore, these algorithms
can classify different thyroid cancer subtypes based on predefined characteristics and support
clinicians in selecting appropriate treatment strategies. The increasing life expectancy of the
global population has also led to a growing burden of chronic disease management on
healthcare systems (Pizzato et al., 2022). Consequently, the identification of high-risk patients,
timely diagnostic evaluation, and effective treatment planning have become essential for
maintaining cost-effective healthcare services. In this context, machine learning-based
decision-support systems offer promising opportunities to improve diagnostic efficiency,
optimize healthcare resource utilization, and support personalized medicine approaches.

Overall, machine learning algorithms represent a valuable tool for enhancing the
accuracy of thyroid cancer diagnosis and supporting improved patient outcomes. Therefore,
this study aims to investigate the application of supervised machine learning algorithms in
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thyroid cancer diagnosis, with particular emphasis on their predictive performance,
effectiveness, and practical applicability in a clinical setting.

2. Literature Review

Machine learning (ML) techniques have been increasingly applied to the diagnosis and
prediction of thyroid diseases. Previous studies have demonstrated that supervised learning
algorithms can achieve high diagnostic performance when combined with appropriate feature
selection and data preprocessing techniques.

Riajulislam et al. (2021) investigated the early detection of hypothyroidism using
machine learning and feature selection methods, including Recursive Feature Elimination
(RFE), Principal Component Analysis (PCA), Support Vector Machines (SVM), Decision
Trees, Random Forest, Logistic Regression, and Naive Bayes. Their results indicated that SVM
combined with RFE achieved the highest accuracy of 99.35%. Similarly, Li et al. (2012)
proposed a computer-aided diagnosis system based on PCA and Extreme Learning Machines
(ELM), reporting an accuracy of 98.1% for thyroid disease classification. Ma et al. (2019)
utilized convolutional neural networks on SPECT images and demonstrated that machine
learning-based approaches outperformed traditional diagnostic methods. More recently, Zhao
et al. (2026) highlighted the growing role of artificial intelligence-based diagnostic systems in
thyroid disease classification and clinical decision support. Yao et al. (2025) developed a
multimodal generative artificial intelligence model (ThyGPT) for thyroid nodule risk
assessment and management, demonstrating the growing potential of transparent and
interpretable Al systems in clinical decision support.

Several studies have focused specifically on thyroid cancer prediction. Xi et al. (2022)
evaluated six machine learning models, including Logistic Regression, Linear Discriminant
Analysis, Support Vector Machines, Random Forest, and Gradient Boosting techniques, for
malignancy prediction in thyroid nodules. Lee et al. (2022) reviewed machine learning
applications in thyroid disease diagnosis and reported accuracy values ranging from 64.3% to
99.5%, depending on the dataset and algorithm used. More recently, Kumar et al. (2023) applied
machine learning and feature selection techniques to thyroid cancer data obtained from the
SEER database, highlighting the importance of data-driven decision support systems in clinical
practice. Alsaadawi (2023) investigated thyroid disease classification using traditional machine
learning algorithms and Recursive Feature Elimination (RFE), reporting accuracy values above
97% for selected models. The study highlighted the importance of feature selection in
improving predictive performance.

Recent systematic reviews and meta-analyses have further confirmed the effectiveness
of machine learning algorithms in thyroid cancer diagnosis. Gatta et al. (2025) reported that
machine learning-based approaches can achieve high diagnostic performance in differentiating
benign and malignant thyroid nodules. Similarly, Jassal et al. (2025) emphasized the growing
importance of artificial intelligence-assisted diagnostic systems and explainable artificial
intelligence techniques for thyroid nodule evaluation. In addition, Edstrom et al. (2025)
demonstrated that human—Al collaboration improved ultrasound-based thyroid nodule
assessment, while Ni et al. (2025) reported that artificial intelligence-assisted management
systems may contribute to reducing unnecessary biopsies and surgical procedures.

Although previous studies have reported promising results, direct comparisons of
multiple supervised learning algorithms on real-world thyroid nodule datasets remain limited.
Furthermore, many studies focus on a small subset of algorithms or rely primarily on imaging
data. Therefore, this study aims to compare thirteen supervised machine learning algorithms
using clinical, laboratory, ultrasonographic, and biopsy-related variables collected from
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patients evaluated at a tertiary healthcare institution. The findings may contribute to the
development of reliable decision-support systems for thyroid cancer diagnosis and help reduce
unnecessary invasive procedures.

3. MATERIAL AND METHODS
3.1. Research Objective and Significance

The primary objective of this study is to investigate whether supervised machine
learning classification algorithms can effectively classify thyroid cancer cases and support the
diagnostic process.

Evaluating the effectiveness of supervised machine learning algorithms in thyroid
cancer diagnosis is of considerable importance for improving early detection and treatment
outcomes. Thyroid cancer is one of the malignancies with a high treatment success rate when
detected at an early stage. However, the interpretation of biopsy findings, ultrasonographic
characteristics, and laboratory test results often requires specialized clinical expertise and may
lead to variations in diagnostic decisions. By learning patterns from historical patient data,
supervised learning algorithms can classify benign and malignant thyroid nodules with high
accuracy, thereby supporting clinicians in their decision-making processes. Such systems may
contribute to reducing diagnostic errors and minimizing unnecessary surgical interventions.

Another important contribution of this research is its potential to support the
development of artificial intelligence-based clinical decision support systems. Comparing the
performance of classification algorithms such as Decision Trees, Support Vector Machines,
Random Forests, Artificial Neural Networks, and ensemble learning methods enables the
identification of the most effective approaches for thyroid cancer diagnosis. The findings of this
study may facilitate the development of rapid, reliable, and cost-effective diagnostic systems
for clinical practice. Furthermore, the integration of machine learning and big data technologies
into healthcare has the potential to advance personalized medicine and improve the overall
quality of patient care.

3.2. Dataset

This study utilized a dataset obtained from Bakirkéy Dr. Sadi Konuk Training and
Research Hospital following approval from the institutional ethics committee (Approval No:
2023/189). The initial dataset consisted of 1,994 patient records, including thyroid
ultrasonography findings, thyroid-stimulating hormone (TSH) measurements, and fine-needle
aspiration biopsy results.

During the data preprocessing stage, clinical reports, laboratory findings,
ultrasonographic evaluations, and biopsy records were reviewed with the assistance of an
endocrinology specialist. Relevant clinical information was extracted and transformed into
numerical and categorical variables suitable for machine learning applications.

After applying the inclusion criteria and performing data preprocessing procedures, a
substantial number of records were excluded due to missing laboratory results, incomplete
ultrasonographic findings, unavailable biopsy information, or inconsistencies across clinical
records. Consequently, 193 complete cases with no missing observations were retained for the
final analysis and model development.

Although this process substantially reduced the sample size, it ensured that all
observations used for model development were complete and clinically reliable, eliminating the
need for missing-data imputation procedures.
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The final dataset consisted of 193 patients and nine variables. Eight variables (age,
gender, halo presence, border characteristics, number of nodules, micro/macrocalcification,
nodule composition, and thyroid-stimulating hormone [TSH] level) were used as predictor
variables, while Bethesda classification served as the target variable. For the purposes of binary
classification, Bethesda Il cases were labeled as benign, whereas Bethesda V and VI cases were
labeled as malignant.

The dataset included 163 benign cases (84.5%) and 30 malignant cases (15.5%),
indicating a substantial class imbalance. To preserve the original class distribution during model
training and evaluation, Stratified Train-Test Split and Stratified K-Fold Cross-Validation
techniques were employed throughout the study.

3.3. Methods

Thirteen supervised machine learning algorithms were evaluated in this study, including
Naive Bayes (NB), Decision Tree (DT), Support Vector Machine (SVM), Logistic Regression
(LR), Linear Discriminant Analysis (LDA), K-Nearest Neighbors (KNN), Artificial Neural
Networks (ANN), Random Forest (RF), AdaBoost, XGBoost, Gradient Boosting (GB),
LightGBM, and CatBoost.

Prior to model development, categorical variables were transformed into machine-
readable formats, and the dataset was reviewed for consistency and completeness. Since the
dataset exhibited class imbalance, stratified sampling techniques were employed to preserve the
distribution of benign and malignant cases during model training and evaluation.

Model performance was assessed using two validation strategies: Stratified Train-Test
Split (80% training, 20% testing) and Stratified K-Fold Cross-Validation. The Stratified Train-
Test Split method was primarily used to evaluate predictive performance on an unseen test
dataset, while Stratified K-Fold Cross-Validation was applied to assess model robustness and
generalizability.

Performance evaluation was conducted using Accuracy, Precision, Recall (Sensitivity),
F1-Score, and the Area Under the Receiver Operating Characteristic Curve (ROC-AUC).
Accuracy was used to measure overall classification performance, whereas ROC-AUC was
used to evaluate the models’ ability to discriminate between benign and malignant thyroid
nodules across different classification thresholds.

All machine learning models were implemented in Python using commonly adopted
machine learning libraries and evaluated under identical experimental conditions to ensure a
fair comparison of predictive performance.

4. RESULTS
The results obtained using different algorithms are given below.

Naive Bayes

Using the Stratified Train-Test Split validation strategy, the Naive Bayes model achieved the
highest classification accuracy among all evaluated algorithms (92.31%). In addition, the model
produced an ROC-AUC value of 86%, demonstrating strong discriminative performance in
distinguishing benign from malignant thyroid nodules. These findings suggest that Naive Bayes
represents an effective and computationally efficient approach for thyroid cancer classification
within the studied dataset.
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Table 1. Performance Evaluation Metrics for the Naive Bayes Classifier
Model Accuracy Precision | Recall F1Score | ROC-AUC
Naive Bayes %92.31 %66.67 %80 %72.73 %86

Nalve Dayes Hata Matrisl |Stratified Train Test Split %80 Cgitim -%20)

Figure 1. Confusion Matrix of the Naive Bayes Classifier Using the Stratified Train-Test Split
Method (80% Training, 20% Testing)
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Figure 2. ROC Curve of the Naive Bayes Classifier

Figure 3. Python Code Used for the Naive Bayes
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Decision Tree Classifier

The Decision Tree classifier was evaluated using the Stratified Train-Test Split
approach, in which 80% of the dataset was used for training and 20% for testing. The model
correctly classified 4 patients with Bethesda V-V findings (suspected thyroid malignancy) and
26 patients with Bethesda Il findings (benign thyroid nodules). Misclassifications occurred for
2 malignant cases and 7 benign cases. The model achieved an ROC-AUC value of 71% and an
overall classification accuracy of 76.92%, indicating moderate classification performance
compared with the other evaluated algorithms.

Table 2. Performance Evaluation Metrics for the Decision Tree Classifier

Model Recall (%)
Decision Tree 36.36

Accuracy (%)
76.92

Precision (%)
66.67

F1-Score (%)
47.06

ROC-AUC (%)
71.00

Karar Agac: Sinflandwmas: Mata Matrisi [Stratified Train Test Spiit %80 Egitim -%20)

Dofruluk Cram: % 7692
asinlik; 06667

Recak: 0.3630

Fl1 Skoma! 0.4706

Figure 4. Confusion Matrix of the Decision Tree Classifier
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Figure 5. ROC Curve of the Decision Tree Classifier
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Figure 6. Python Code Used for the Decision Tree
Support Vector Machine Classifier

The Support Vector Machine (SVM) classifier was evaluated using the Stratified Train-
Test Split approach, in which 80% of the dataset was allocated for training and 20% for testing.
On the test dataset consisting of 39 patients, the model correctly classified 34 benign cases
(Bethesda I1). However, none of the malignant cases (Bethesda V-V 1) were correctly identified,
resulting in five false-negative predictions. No false-positive classifications were observed. The
model achieved an overall classification accuracy of 87.18% and an ROC-AUC value of 85%.
Although the SVM classifier demonstrated relatively high accuracy, its inability to correctly
identify malignant cases suggests limitations in sensitivity for thyroid cancer detection within
the studied dataset.

Table 3. Performance Evaluation Metrics for the Support Vector Machine Classifier

Model Accuracy Precision Recall F1-Score ROC-AUC
(%) (%) (%) (%) (%)
Support Vector Machine 87.18 0.00 0.00 0.00 85.00
(SVM)

Destek Vektor Makineleri - SVM Mata Matrisi (Train Test Spiit %80 EQitim ~%20)

DoQruluk Oram: % B7.18
Kesinlik: 0.0000

Reca®: nan

F1 Skama! 0.0000

Figure 7. Confusion Matrix of the Support Vector Machine Classifier
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Figure 8. ROC Curve of the Support Vector Machine Classifier
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{ Accuracy”: 84.61538461538461, 'Precision’: 8.8, "Recall’: man, 'F1_Score’: 6.8, "Time': 0.0807996}

Figure 9. Python Code Used for the Support Vector Machine

Logistic Regression Model

The Logistic Regression model was evaluated using the Stratified Train-Test Split
approach, with 80% of the dataset allocated for training and 20% for testing. On the test dataset
consisting of 39 patients, the model correctly classified 33 benign cases (Bethesda I1) and 1
malignant case (Bethesda V-VI). No benign cases were incorrectly classified as malignant;
however, 5 malignant cases were misclassified as benign. The model achieved an overall
classification accuracy of 87.18% and an ROC-AUC value of 88%. These results indicate that
Logistic Regression provided strong overall classification performance and excellent
specificity, although its sensitivity for detecting malignant cases remained limited within the
studied dataset.
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Table 4. Performance Evaluation Metrics for the Logistic Regression Model

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | ROC-AUC (%)

Logistic Regression | 87.18 16.67 100.00 28.57 88.00

Lajiatik Regrenyon Hats Matrisi (Soratified Trale Tast Spit %80 Lot -%20)

Figure 10. Confusion Matrix of the Logistic Regression Model
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Figure 11. ROC Curve of the Logistic Regression Model

Figure 12. Python Code Used for the Logistic Regression Model
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Linear Discriminant Analysis (LDA)

The Linear Discriminant Analysis (LDA) classifier was evaluated using the Stratified
Train-Test Split approach, in which 80% of the dataset was used for training and 20% for
testing. On the test dataset consisting of 39 patients, the model correctly classified 33 benign
cases (Bethesda Il) and 2 malignant cases (Bethesda V-VI). No benign cases were incorrectly
classified as malignant, whereas 4 malignant cases were misclassified as benign. The classifier
achieved an overall accuracy of 89.74% and an ROC-AUC value of 89%. These results indicate
that LDA provided strong classification performance and excellent specificity while
maintaining competitive discriminative capability for thyroid cancer diagnosis.

Table 5. Performance Evaluation Metrics for the Linear Discriminant Analysis Classifier

Model Accuracy Precision Recall F1-Score | ROC-AUC
(%) (%) (%) (%) (%)

Linear Discriminant

Analysis (LDA) 89.74 33.33 100.00 | 50.00 89.00

LUneer Diskriminant Analizt Mata Matrisl (Stratified Tram Test Sphit %80 £gitim -%20)

Figure 13. Confusion Matrix of the Linear Discriminant Analysis Classifier
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Figure 14. ROC Curve of the Linear Discriminant Analysis Classifier
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Figure 15. Python Code Used for the Linear Discriminant Analysis

Random Forest Classifier

The Random Forest classifier was evaluated using the Stratified Train-Test Split
approach, in which 80% of the dataset was allocated for training and 20% for testing. On the
test dataset consisting of 39 patients, the model correctly classified 29 benign cases (Bethesda
I1) and 2 malignant cases (Bethesda V-VI). Misclassifications occurred for 4 benign cases and
4 malignant cases. The classifier achieved an overall accuracy of 79.49% and an ROC-AUC
value of 85%. Although the Random Forest model demonstrated moderate classification
performance, its ROC-AUC value suggests a reasonable ability to discriminate between benign
and malignant thyroid nodules.

Table 6. Performance Evaluation Metrics for the Random Forest Classifier

Model

Accuracy (%) | Precision (%) | Recall (%) F1-Score (%) | ROC-AUC (%)

Random Forest

%79.49 %33.33 %33.33 %33.33 %85

Rastgele Orman Hata Matrisl (Stratified Train Test Split %80 Fgitim -%320)

Figure 16. Confusion Matrix of the Random Forest Classifier
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Figure 17. ROC Curve of the Random Forest Classifier

Figure 18. Python Code Used for the Random Forest

K-Nearest Neighbors (KNN) Classifier

The K-Nearest Neighbors (KNN) classifier was evaluated using the Stratified Train-
Test Split approach, in which 80% of the dataset was allocated for training and 20% for testing.
On the test dataset consisting of 39 patients, the model correctly classified 31 benign cases
(Bethesda I1) and 1 malignant case (Bethesda V-VI). Misclassifications occurred for 2 benign
cases and 5 malignant cases. The classifier achieved an overall accuracy of 82.05% and an
ROC-AUC value of 78%. These results indicate that the KNN model demonstrated moderate
classification performance however, its relatively low sensitivity in detecting malignant cases
may limit its effectiveness for thyroid cancer diagnosis within the studied dataset.

Table 7. Performance Evaluation Metrics for the K-Nearest Neighbors Classifier

Model Accuracy Precision Recall F1-Score ROC-AUC
(%) (%) (%) (%) (%)
K-Nearest Neighbors | 82.05 16.67 33.33 22.22 78.00
(KNN)
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K-En Yakin Komsu Algoritmas: Hata Matrisl (Stratified Train Test Split %80 Egitim -%20)

Dogruluk Orani: % 82.05
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F1 Skaru: 02222

Figure 19. Confusion Matrix of the K-Nearest Neighbors Classifier
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Figure 20. ROC Curve of the K-Nearest Neighbors Classifier

Figure 21. Python Code Used for the K-Nearest Neighbors
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Artificial Neural Network (ANN) Classifier

The Artificial Neural Network (ANN) classifier was evaluated using the Stratified
Train-Test Split approach, in which 80% of the dataset was allocated for training and 20% for
testing. On the test dataset consisting of 39 patients, the model correctly classified 33 benign
cases (Bethesda Il). However, none of the malignant cases (Bethesda V-VI) were correctly
identified, resulting in six false-negative predictions. No false-positive classifications were
observed. The classifier achieved an overall accuracy of 84.62% and an ROC-AUC value of
50%. Although the ANN model produced a relatively high accuracy value, its inability to
identify malignant cases and its ROC-AUC value of 50% indicate poor discriminative
performance for thyroid cancer classification within the studied dataset.

Table 8. Performance Evaluation Metrics for the Artificial Neural Network Classifier

Model Accuracy Precision Recall F1-Score ROC-AUC
(%) (%) (%) (%) (%)
Artificial Neural 84.62 0.00 0.00 0.00 50.00
(ANN)

Yapay Sinir AQlan Hata Matrisl (Stratified Train Test Split %80 Egitim -%20)

Figure 22. Confusion Matrix of the Artificial Neural Network Classifier
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Figure 23. ROC Curve of the Artificial Neural Network Classifier
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Figure 24. Python Code Used for the Artificial Neural Network

5. COMPARATIVE PERFORMANCE OF MACHINE LEARNING MODELS

The predictive performance of thirteen supervised machine learning algorithms was
evaluated using Stratified Train-Test Split and Stratified K-Fold Cross-Validation approaches.
Model performance was assessed using accuracy, precision, recall, F1-score, ROC-AUC, and
computational efficiency metrics.

Overall, ensemble learning methods demonstrated the strongest predictive performance.
In particular, XGBoost achieved the highest ROC-AUC value (92%), indicating superior
discrimination capability between benign and malignant thyroid nodules. CatBoost,
LightGBM, AdaBoost, and Gradient Boosting also produced competitive results, with ROC-
AUC values exceeding 90% in several evaluation scenarios.

Among all evaluated models, Naive Bayes achieved the highest classification accuracy
(92.31%), correctly classifying 36 of the 39 observations in the test dataset. Despite its
relatively simple probabilistic structure, the model demonstrated strong predictive capability
and competitive ROC-AUC performance (86%).

Linear Discriminant Analysis (LDA) also produced favorable results, achieving an
accuracy of 89.74% and an ROC-AUC value of 89%. Furthermore, LDA required one of the
shortest prediction times among the highest-performing models, highlighting its potential
suitability for computationally efficient clinical decision-support applications.

In contrast, some algorithms exhibited lower predictive performance. Decision Tree and
K-Nearest Neighbors produced ROC-AUC values of 71% and 78%, respectively. Similarly, the
Acrtificial Neural Network model achieved limited discrimination capability, with an ROC-
AUC value close to random classification performance. This outcome may be attributed to the
relatively small sample size available for model training, which can limit the effectiveness of
neural network-based approaches.

The comparative results indicate that while traditional statistical learning approaches
remain effective for thyroid cancer classification, ensemble learning methods provide superior
discrimination performance and appear better suited for capturing complex nonlinear
relationships among clinical variables.
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L
Table 9. Comparison of Classification Performance Across Machine Learning Models
Model Accuracy (%) | ROC-AUC (%) Prediction Time (s)

Artificial Neural Network 84.62 50.00 0.010003
Logistic Regression 87.18 88.00 0.009521
XGBoost 89.74 92.00 0.049512
AdaBoost 87.18 91.00 0.074549
LightGBM 87.18 91.00 0.020999
CatBoost 87.18 91.00 0.052616
Gradient Boosting 84.62 81.00 0.054029
Random Forest 79.49 85.00 0.018518
Decision Tree 76.92 71.00 0.004000
Support Vector Machine 84.62 85.00 0.005031
Naive Bayes 92.31 86.00 0.004003
K-Nearest Neighbors 82.05 78.00 0.009998
Linear Discriminant Analysis 89.74 89.00 0.003000

Table 9 summarizes the predictive performance of the evaluated machine learning
algorithms. Overall, ensemble learning methods demonstrated the strongest discrimination
capability, whereas probabilistic approaches achieved the highest classification accuracy.

Among all evaluated models, Naive Bayes achieved the highest accuracy (92.31%). In
the test dataset consisting of 39 patients, the model correctly classified 36 cases, including four
malignant and thirty-two benign nodules. The model achieved an ROC-AUC value of 86%,
indicating strong diagnostic performance despite its relatively simple probabilistic structure.

XGBoost achieved the highest ROC-AUC value (92%), demonstrating superior
discrimination capability between benign and malignant thyroid nodules. Other ensemble
learning approaches, including LightGBM, CatBoost, AdaBoost, and Gradient Boosting, also
produced competitive results and consistently ranked among the highest-performing models.

Linear Discriminant Analysis (LDA) achieved comparable performance, with an
accuracy of 89.74% and an ROC-AUC value of 89%, while requiring relatively low
computational resources. In contrast, Decision Tree, K-Nearest Neighbors, and Artificial
Neural Networks exhibited lower discrimination performance, suggesting that more complex
nonlinear models did not necessarily benefit from the relatively limited dataset size.

6. DISCUSSION

The findings of this study demonstrate that supervised machine learning algorithms can
effectively support thyroid cancer diagnosis using clinical, laboratory, ultrasonographic, and
biopsy-related variables. Among the evaluated models, Naive Bayes achieved the highest
classification accuracy (92.31%), while XGBoost obtained the highest ROC-AUC value (92%),
indicating superior discrimination capability between benign and malignant thyroid nodules.
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Interestingly, although ensemble learning algorithms such as XGBoost, AdaBoost,
LightGBM, and CatBoost consistently produced the highest ROC-AUC values, Naive Bayes
outperformed all other models in terms of overall classification accuracy. This finding may
suggest that the relationships present within the dataset are sufficiently structured for
probabilistic learning approaches to capture effectively, despite the relatively limited sample
size. Ensemble learning methods, however, appear to provide stronger discrimination
performance by capturing more complex nonlinear interactions among clinical variables.

The results obtained in this study are generally consistent with previous findings
reported in the literature. Xi Miles et al. (2022) reported accuracy values of approximately 77%
and 78% for Gradient Boosting and Logistic Regression models, respectively. In comparison,
the corresponding models in the present study achieved accuracy values of 84.61% and 87.18%.
Similarly, Support Vector Machines and Linear Discriminant Analysis demonstrated
competitive performance, further supporting the applicability of machine learning techniques
for thyroid cancer prediction. Differences across studies may be explained by variations in
dataset characteristics, feature selection procedures, preprocessing strategies, and patient
populations.

The performance of ensemble learning approaches observed in this study is also
consistent with previous research emphasizing the effectiveness of tree-based ensemble models
in classification tasks (Tolomei et al., 2017). In particular, XGBoost, AdaBoost, LightGBM,
and CatBoost achieved some of the highest ROC-AUC values among all evaluated models,
suggesting that ensemble methods may be especially effective in capturing complex
relationships associated with thyroid malignancy. These findings support the growing evidence
that ensemble learning approaches can provide robust predictive performance in medical
decision-support applications.

An important strength of the present study is the rigorous data preparation process.
Although the original dataset contained 1,994 patient records, extensive quality-control
procedures and strict inclusion criteria were applied to identify complete and clinically reliable
observations. As a result, only 193 complete cases were retained for analysis. While this
substantially reduced the sample size, it eliminated the need for missing-data imputation
procedures and increased the reliability of the final dataset. Previous studies have highlighted
the critical role of data preparation and data quality in achieving reliable artificial intelligence-
based clinical decision support systems, particularly when using real-world healthcare data
(Maranghi et al., 2022).

Another contribution of this study is the comprehensive comparison of thirteen
supervised machine learning algorithms within a single experimental framework. Unlike many
previous studies that focused on a limited number of models, the present research
simultaneously evaluated traditional statistical classifiers, machine learning algorithms, neural
networks, and multiple ensemble learning techniques. This broad comparison provides a more
complete understanding of the strengths and limitations of different approaches for thyroid
cancer diagnosis.

Several limitations should be acknowledged. First, the final dataset consisted of only
193 patients, which may limit the generalizability of the findings. Second, class imbalance was
present, with substantially fewer malignant cases than benign cases. Although stratified
sampling methods were employed to preserve class distributions during model evaluation,
model performance may still have been influenced by this imbalance. Third, data were obtained
from a single healthcare institution, limiting external validity and reducing the ability to
generalize findings to broader patient populations.
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Future research should evaluate these algorithms using larger multicenter datasets and
external validation cohorts. Furthermore, integrating explainable artificial intelligence (XAIl)
techniques may improve the transparency and clinical interpretability of machine learning
predictions. The incorporation of multimodal learning approaches that combine imaging data
with structured clinical information may further enhance predictive performance. Finally,
future studies may benefit from moving beyond purely correlation-based predictive models
toward causally informed machine learning frameworks capable of supporting more
trustworthy and clinically meaningful decision-making processes.

In conclusion, the findings indicate that supervised machine learning algorithms can
provide accurate and clinically relevant predictions for thyroid cancer diagnosis. While Naive
Bayes achieved the highest classification accuracy, XGBoost demonstrated the strongest
discrimination capability. Overall, the results support the potential of machine learning
techniques as decision-support tools in thyroid cancer diagnosis and provide a foundation for
future research on explainable, multimodal, and causally informed artificial intelligence
systems in healthcare.
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