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Thyroid cancer causes tens of thousands of deaths every year in the world. Treatment
of this disease is possible with today's medical conditions. However, as in other types
of cancer, recurrence is possible. The Differentiated Thyroid Cancer Recurrence
dataset, which includes data from 383 patients and was obtained from the UCI
platform, was used in the study. The aim of this study is to compare the classification
performances of machine learning algorithms according to various parameters and
Kernel functions in order to predict recurrence in thyroid cancer patients. For this
purpose, three machine learning algorithms were used to predict differentiated thyroid
cancer recurrence. In the K-Nearest Neighbors (K-NN) algorithm, the most appropriate
k parameter was determined by trying different neighbor number (k) values. The
Support Vector Machines (SVM) algorithm examined various kernel functions and
hyperparameter settings. In addition, model performance was compared by optimizing
different tree numbers and depth parameters with the Random Forest algorithm. These
methods aimed to determine the model with the highest accuracy and generalization

capacity.
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Anahtar Kelimeler

Kanser tekrarlama tahmini
Makine Ogrenimi
Tiroid kanseri

Tiroid kanseri, diinyada her yil on binlerce kisinin 6limiine neden olmaktadir.
Gilinlimiizlin tibbi imkanlariyla bu hastaligin tedavisi miimkiindiir. Ancak, diger kanser
tirlerinde oldugu gibi, niiksetme olasiligi da mevcuttur. Calismada, UCI
platformundan elde edilen ve 383 hastanin verilerini igeren “Farklilasmis Tiroid
Kanseri Niiksii” veri seti kullanilmistir. Bu calismanin amaci, tiroid kanseri
hastalarinda niiksii tahmin etmek igin ¢esitli parametrelere ve ¢ekirdek fonksiyonlarina
gore makine  Ogrenimi  algoritmalarinin  siiflandirma  performanslarini
karsilagtirmaktir. Bu amagla, farklilagmis tiroid kanseri niiksiinii tahmin etmek tizere
tic makine Ogrenimi algoritmast kullanilmistir. K-En Yakin Komsu (K-NN)
algoritmasinda, farkli komsu sayis1 (k) degerleri denenerek en uygun k parametresi
belirlenmistir. Destek Vektor Makineleri (SVM) algoritmasinda cesitli ¢ekirdek
fonksiyonlar1 ve hiperparametre ayarlar1 incelenmistir. Ayrica, Rastgele Orman
algoritmasiyla farkli agag¢ sayisi ve derinlik parametreleri optimize edilerek model
performanst karsilastirilmigtir. Bu yontemler, en yiiksek dogruluk ve genelleme
kapasitesine sahip modeli belirlemeyi amaglamistir.
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1. Introduction

In recent years, the incidence of thyroid cancer has been rapidly increasing. The advancements
in imaging technologies have enabled the early diagnosis of this disease. The survival rate is quite high
compared to other types of cancer. Thyroid cancer is a cancerous tumor that starts in the thyroid gland
in the front of the neck [1]. It happens when cells in this gland, which are vital for making thyroid
hormones, grow out of control. Papillary thyroid carcinoma is the most frequent type of thyroid cancer.
It makes up around 80% of all cases and usually has a decent prognosis [2]. Follicular thyroid cancer is
not as frequent as papillary thyroid cancer, but it can be treated in the same way. The C cells in the
thyroid give rise to medullary thyroid carcinoma, which may be linked to genetics [3, 4].

In the last few years, a growing number of people have been getting thyroid cancer. By
modelling the stages of thyroid cancer spreading to the body, the risk of death for the patient can be
lowered. When the main risk factors for the disease are known, early diagnosis and treatment planning
can help steer the disease in the right direction.

Differentiated Thyroid Carcinoma (DTC), notably the papillary and follicular subtypes, is a kind
of cancer that usually has a good prognosis and a five-year survival rate of over 95%. But even if this is
a benign course, the rate of recurrence (reappearance) is still quite high [5, 6].

Machine learning is changing a lot of things in health care, such how doctors diagnose, treat,
and follow up with patients. It works well for finding diseases early and figuring out risk factors,
especially when it finds meaningful patterns in vast data sets. Image processing techniques have made
it possible to automatically find cancer and other disorders. Also, machine learning algorithms play a
big role in making personalized treatment plans and medication development processes. Analyzing
electronic health records makes health services better and more efficient. So, machine learning is now a
very important tool in the health field for lowering costs and improving patient outcomes [7].

The aim of this study is to predict recurrence in patients with DTC by comparing the
classification performance of machine learning algorithms, specifically Support Vector Machines
(SVM) and K-Nearest Neighbors (K-NN). The study further investigates the impact of different kernel
functions (e.g., RBF, Polynomial) and parameter settings on model accuracy to identify the most
effective predictive configuration.

Machine learning has become a common tool for predicting thyroid cancer outcomes, with
studies focusing on both survival analysis and recurrence prediction. The following studies illustrate the
range of approaches applied to clinical and pathological data in this field.

Mourad et al. [8] proposed a machine learning approach to predict survival in thyroid cancer
patients, combining 34 clinical variables from the SEER database with feature selection methods such
as Fisher discriminant ratio, Kruskal-Wallis analysis, and Relief-F. They trained multilayer perceptron-

based supervised neural networks with patient groups ranging from 6,756 to 20,344 and achieved 94.5%
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accuracy in distinguishing patients who lived longer than 10 years from diagnosis from those who died
within five years.

Park and Lee [1] analyzed clinicopathological data from 1040 patients diagnosed with papillary
thyroid carcinoma (PTC) between 2003 and 2009 to predict disease recurrence and developed a machine
learning-based prediction model. They compared the performance of five different machine learning
models using parameters such as age, gender, tumor size, ETE, ENE, pT, pN, number of metastatic
lymph nodes, and lymph node ratio (LNR). The Decision Tree model achieved the highest accuracy at
95%, while the lightGBM and stacking models showed 93% accuracy.

Kim et al. [2] proposed an inductive logic programming-based approach to predict recurrence
in papillary thyroid cancer patients who underwent thyroidectomy. They used data from 785 patients
who underwent bilateral total thyroidectomy and received radioactive iodine therapy; 624 (79.5%) were
allocated for rule generation and 161 (20.5%) for validation, and the analysis was performed using the
DELMIA Process Rules Discovery tool. They identified three rules that predicted recurrence and
determined that postoperative thyroglobulin levels were the strongest predictor. The rules generated in
the validation set correctly predicted 10 out of 14 recurrence cases, achieving a 71.4% success rate.

Lee and Park [9] compiled the recent use of machine learning methods in the early diagnosis of
thyroid diseases according to different data types. They determined that random forest and gradient
boosting methods were the most suitable approaches for numerical data, while random forest was the
most suitable approach for genomic and ultrasound data. In the studies examined, they reported that
accuracy values ranged from 64.3% to 99.5%, sensitivity from 66.8% to 90.1%, specificity from 61.8%
to 85.5%, and the area under the ROC curve from 64.0% to 96.9%. They identified clinical stage,
histological type, age, tumor diameter, extrathyroidal spread, various RNA and microRNA expression
levels, and ultrasound characteristics as the most important variables for early diagnosis.

Zhang et al. [10] systematically compiled machine learning-based applications used in the
pathogenesis, diagnosis, and prognosis of thyroid cancer and created a comprehensive taxonomy. By
reviewing a total of 758 studies, they classified artificial intelligence techniques in the field and revealed
the organizational structure of the existing literature. They identified key challenges encountered in
thyroid cancer research and suggested future research opportunities for less studied topics.

Duan et al. [11] applied machine learning algorithms to predict hypothyroidism developing in
Graves' disease patients after radioactive iodine therapy (RAI) at an early stage. They randomly divided
471 patients who underwent RAI between 2016 and 2019 into two groups: 310 for training and 161 for
validation. They extracted 138 clinical and laboratory features from electronic medical records. They
developed a multivariate model including patient age, thyroid mass, 24-hour radioactive iodine uptake,
aspartate aminotransferase, thyroid antibodies, and neutrophil count. They obtained an AUROC value
of 0.72 in the training set and 0.74 in the validation set, along with an F1 score of 0.74 and an MCC

score of 0.63 in both sets and created a nomogram for clinical use.

45



Positive Science International, 2(1), 2026, p. 43-52

2. Methods

2.1. Dataset

In our study, the Differentiated Thyroid Cancer Recurrence dataset obtained from the University
of California Irvine (UCI) Machine Learning Repository website was used [12]. The features and their
types included in the dataset are provided in Table 1.

Table 1. Differentiated thyroid cancer recurrence dataset and features

Feature name Role Type
Age Feature Integer
Gender Feature Categorical
Smoking Feature Categorical
Hx Smoking Feature Categorical
Hx Radiothreapy Feature Categorical
Thyroid Function Feature Categorical
Physical Examination Feature Categorical
Adenopathy Feature Categorical
Pathology Feature Categorical
Focality Feature Categorical
Risk Feature Categorical
T Feature Categorical
N Feature Categorical
M Feature Categorical
Stage Feature Categorical
Response Feature Categorical
Recurrend Target Categorical

The dataset consists of 16 features and one target. These include information such as the patient's
age, gender, whether they smoke or not, whether they undergo radiotherapy or not, and whether they

engage in physical activity or not. Out of these 16 features, 15 are categorical, and one is an integer.

2.2. Parameter Optimization

In machine learning, parameter optimization refers to modifying a model's learnable parameters
or hyperparameters to maximize its performance throughout the training phase. The weights and bias
values that the model learns during training are called parameters; the coefficients in linear regression
are one example. The learning rate, the number of network layers, and the batch size are examples of

hyperparameters, which are the values that are set before training and that dictate the model's structure.
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To reduce the model's loss, the Gradient Descent method enables the parameters to be modified in
accordance with the gradients. While hyperparameter optimization can employ trial-and-error
techniques like Grid Search and Random Search, Bayesian Optimization uses a probabilistic approach
to determine the optimal hyperparameters [13]. By automating this process, autoML tools Optuna and
Hyperopt are two examples that make hyperparameter optimization easier. Generally speaking, the goal
is to improve performance, reduce training and test error, or prevent overfitting in order to increase the
model's capacity for generalization [13].
2.3. Support Vector Machine

One supervised learning method that is well-known for its excellent performance, particularly
in classification tasks, is Support Vector Machines (SVM). Finding a "hyperplane" (decision boundary)
that best divides data points from different classes is its primary objective; in the process, it concentrates
on maximizing the "margin," or distance, between the data points closest to this hyperplane, known as
"support vectors." By improving the model's capacity for generalization, maximizing the margin enables
it to produce predictions on fresh, untested data that are more accurate. Because SVMs can use a
technique known as the "kernel trick" to transfer complex data structures that cannot be separated
linearly to a higher dimensional space and make linear distinctions there, they also provide flexibility
[14] [15] [16].
2.4. Random Forest

One supervised learning algorithm that can yield good results, particularly in complex data sets,
is Random Forest. It is essentially predicated on the idea that a "forest" is created when numerous
decision trees converge. Using distinct subsets and features chosen at random from the primary data set,
each tree is trained separately throughout the training process. Every tree in the forest makes a prediction
when one is needed, and the class that receives the most votes (in classification problems) or the average
of the tree predictions (in regression problems) is the final outcome. By decreasing the propensity of a
single decision tree to overfit the data (overfitting), this collective decision-making mechanism improves
the model's capacity for generalization and typically yields more reliable and accurate predictions [17]
[18].
2.5. K-Nearest Neighbours (K-NN) algorithm

The k-Nearest Neighbours (k-NN) algorithm is one of the easiest and most common ways to
classify things in supervised learning. The main idea behind it is to find the distances between the sample
to be classed and the data as the number of nearest neighbours k in the feature space. The Euclidean
distance metric is the most common one, although for some sorts of problems, other distance metrics
like Manhattan and Minkowski may be better. k-NN is quite sensitive to how its parameters are adjusted.
The right k value has a direct effect on how well the model works. Small k values can make the model
too specific, while very large k values can make it harder for the model to generalize. Also, the k-NN
technique is easy to train, and all the math is done when the data is classified, therefore it can be

expensive to run on large data sets. The k-NN technique is good for medical classification issues like
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predicting the recurrence of thyroid cancer because it makes proper classifications by looking at the
local structure of the instances in the data set [19].
2.6. WEKA

The University of Waikato in New Zealand created the well-known open-source machine
learning program Weka (Waikato Environment for Knowledge Analysis). Weka provides an extensive
toolkit for data mining and machine learning algorithms and is written in the Java programming
language. Numerous machine learning tasks, including feature selection, regression, clustering,
classification, and data preprocessing, are supported. Its intuitive graphical user interface makes data
analysis simple, even for users without programming experience. Weka, which is widely used in both
academia and business, can work with various data formats, including CSV and Excel, and supports the
ARFF (Attribute-Relation File Format) format. Numerous algorithms, including k-means clustering,
decision trees, neural networks, support vector machines, and others, are included, and the results can
be visualized [20] [21].
2.7. Performance Metrics

The study's performance has been evaluated using a variety of criteria. These criteria include
F1-score, recall, accuracy, and precision. The ideas of true positive, true negative, false positive, and
false negative must be understood before the formulas for these terms can be explained. True positives
are examples that are correctly classified as positive, true negatives are examples that are correctly
classified as negative, false positives are examples that are incorrectly classified as positive, and false
negatives are examples that are incorrectly classified as negative [22] [24]. Consequently, the following

formulas are given for the performance metrics:

TP+TN

Accuracy = TP+TN+FP+FN (1
.. TP
Precision = TPiFP 2)
TP
Recall = TPIFN 3)

PrecisionxRecall
f1—score = 2x

“)

Precision+Recall

3. Results and Discussion

The analyses were performed on the WEKA program. CSV format is one of the formats that
can be used in the WEKA program. Model parameters and kernel types were tested randomly and in
various combinations for performance evaluation. First, the Support Vector Machine (SVM) classifier
was used and the kernel functions were tested as RBF, Polynomial Kernel, Normalized Polynomial

Kernel and PUK, respectively. The results are given in Table 2.
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Table 2. Comparison of Support Vector Machine (SVM) classifier performance using different
kernel functions

Classifier Kernel Accuracy Precision Recall F1-
score
RBF 94.57% 0.94 0.94 0.94
PolyKernel 95.56% 0.95 0.95 0.95
SVM
NormalizedPolyKernel 94.77% 0.94 0.94 0.94
Puk 93.22% 0.93 0.93 0.93

When the accuracy results obtained by using different kernel functions in the Support Vector
Machine (SVM) algorithm are examined, Polynomial Kernel has shown superior performance than other
kernel types with the highest success rate (95.56%). While RBF and Normalized Polynomial Kernel
have similar accuracy values (94.57% and 94.44%), PUK kernel has lower performance compared to
the others (93.22%). These findings show that the kernel selection has a significant effect on the model

success. The classification results obtained with K-NN and different k values are given in Table 3

Table 3. Performance evaluation of the K-Nearest Neighbors (K-NN) classifier with varying values

of K.
Classifier K Accuracy Precision Recall F1-score
1 91.38% 0.91 0.91 0.91
2 92.95% 0.93 0.93 0.92
K-NN
3 93.21% 0.93 0.93 0.93
4 93.47% 0.93 0.93 0.93

The effect of different k values on model performance in the K-Nearest Neighbors (K-NN)
algorithm was investigated. As a result of the experiments, 91.38% accuracy rates were obtained for
k=1, 92.95% for k=2, 93.21% for k=3 and 93.47% for k=4. These findings show that there is a certain
improvement in classification accuracy with increasing k values; however, it should be noted that the
increase may stop or start to decrease after a certain point. Therefore, the optimal k value should be
selected carefully. The classification results obtained with the Random Forest classifier using different

numbers of trees are presented in Table 4.

Table 4. Impact of the number of trees on the performance of the Random Forest classifier

Classifier Num. of Accuracy Precision Recall F1-score
Trees
Random Forest 10 96.34% 0.96 0.96 0.96
50 96.86% 0.96 0.96 0.96
100 96.34% 0.96 0.96 0.96
200 96.34% 0.96 0.96 0.96
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The effect of different tree numbers on model success was evaluated in the Random Forest
algorithm. Accuracy rates of 96.34% were obtained with 10 trees, 96.86% with 50 trees, and 96.34%
with 100 and 200 trees. The results show that a small performance increase was achieved by increasing
the number of trees to 50, but adding more trees did not lead to a significant improvement in accuracy.
This situation reveals that when the optimal number of trees is exceeded, the model complexity increases
and the performance becomes stagnant.

Random Forest gave the highest accuracy at 96.86% with 50 trees, followed by SVM with
Polynomial kernel at 95.56% and K-NN at 93.47%. The dataset structure explains this ordering. Sixteen
of seventeen features are categorical, and tree-based methods split categorical attributes directly while
SVM and K-NN depend on distance metrics that distort under encoded categories.

Borzooei et al. [25] reported similar accuracy ranges on the same 383 patient cohort, which
suggests classical machine learning has likely reached its ceiling on this dataset. Adding trees beyond
50 produced no gain, and kernel differences in SVM stayed within one percentage point. Smaller models
are preferable for clinical use because they train and run faster.

Several limitations apply. The class distribution was not reported, and no resampling or class
weighting was used, so accuracy may overstate performance on the recurrence class. ROC AUC,
sensitivity, specificity, and confusion matrices would have given a fuller picture. The K-NN experiments
stopped at k=4 and used Euclidean distance, which is suboptimal for categorical data. External validation

on independent cohorts is also missing, so the results describe one dataset rather than a clinical tool.

4. Conclusion

This study looked at how well three machine learning algorithms Support Vector Machine
(SVM), K-Nearest Neighbours (K-NN), and Random Forest could predict the return of differentiated
thyroid carcinoma in individuals. We looked at multiple kernel functions for SVM and varied parameter
settings for K-NN and Random Forest to find the best model accuracy. The results showed that
Polynomial Kernel had the best accuracy of all the SVM kernels. K-NN, on the other hand, got better
as the K values went up to 4. Random Forest worked well with 50 trees, but there were no big
improvements after that.

These results show how important it is to use the right kernel and tune the hyperparameters to
make medical classification tasks more accurate. The study shows that machine learning models could
be useful for finding cancer recurrences early, which could help doctors give each patient the best care
possible. Different research might look at different algorithms and use bigger, more varied datasets to
make the model even more useful in the real world and for more people.

Next steps include comparing gradient boosting methods (XGBoost, LightGBM, CatBoost),
since CatBoost handles categorical variables natively. SHAP analysis will quantify which clinical

features drive predictions, which is more actionable for physicians than accuracy alone. External
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validation on multi center Turkish cohorts will test transferability. Deep tabular models such as TabNet
and FT Transformer are worth comparing against the ensemble baselines established here.

On the methodological side, class imbalance will be handled with SMOTE and class weighted
loss, hyperparameter search will move from manual WEKA testing to Optuna under nested cross
validation, and the evaluation protocol will expand to ROC AUC, precision recall curves, and Matthews

correlation coefficient.
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