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Abstract

Thyroid cancer, particularly differentiated types such as papillary and follicular
carcinomas, presents a significant health challenge globally and in Vietnam, where surgical
removal of the thyroid gland (thyroidectomy) is the primary treatment approach. However,
residual thyroid tissue often remains post-surgery, necessitating effective ablation to prevent
recurrence and complications. Radioactive iodine therapy using I-131 is the standard
method for ablating this residual tissue. The accuracy of I-131 dose estimation plays a
crucial role in ensuring therapeutic success and patient safety. Traditional methods rely on
general guidelines and physician expertise but may lack the precision necessary for
individual patients. While several previous studies have attempted to improve dose
estimation using machine learning approaches, they have often overlooked the importance
of data preprocessing techniques. This lack of attention to data quality has limited the
performance of predictive models. To address this problem, our study expands upon prior
work by placing a strong emphasis on data preprocessing, aiming to enhance model
accuracy and reliability. We implement a multi-stage framework that processes medical
records and identifies key features, using seven traditional machine learning models for
prediction. Our results demonstrate that the Decision Tree model outperforms other models,
achieving the highest True Positive Rate of 0.995, a low False Positive Rate of 0.001, and
exceptional performance in Recall, Precision, and Fl-score (0.995, 0.996, and 0.995,
respectively). Moreover, we developed decision rules generated by the Decision Tree for
dose prediction, which use a dataset of clinical information from Vietnamese patients. This
model represents a promising tool for improving radiation therapy delivery, ensuring more
accurate, data-driven decisions, and ultimately better patient outcomes.

Index terms

Residual thyroid tissue; machine learning; decision rules; dose estimation; Vietnamese
patient dataset.

1. Introduction

Thyroid cancer, particularly differentiated types such as papillary and follicular
thyroid carcinomas, ranks among the most prevalent cancers globally, and poses a
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significant public health concern in Vietnam [1], [2]. Surgical removal of the thyroid
gland (thyroidectomy) is the cornerstone of treatment, but thyroidal residual tissue
often remains post-surgery [3]. This residual tissue, if not adequately addressed, can
increase and lead to disease recurrence or severe complications. Effective ablation of
residual thyroid tissue is [4], therefore, a critical step in comprehensive thyroid cancer
management, as it enhances therapeutic outcomes, improves survival rates, and
supports long-term recovery [5]. Radioactive iodine therapy using I-131 is the
standard method for ablating residual thyroid tissue. I-131 selectively accumulates in
thyroid cells [6], allowing targeted destruction of cancerous and remnant thyroid
tissues without the need for additional surgical interventions. This approach minimizes
patient discomfort, reduces recovery time, and lowers healthcare costs by avoiding
prolonged hospital stays. Despite its widespread adoption, the success of I-131 therapy
largely depends on the accurate estimation of the appropriate dose for each patient.
The process of determining the optimal I-131 dose is challenging due to the
variability in patient-specific factors, including tumor size, health status, and clinical
characteristics [7].

Current methods for dose estimation rely on general guidelines and physician
expertise, which, while effective in many cases, may lack precision for individual
patients. Inadequate dosing can leave residual cancerous cells untreated, increasing the
risk of recurrence, while excessive dosing may result in adverse effects such as
damage to healthy tissues and long-term complications. Therefore, improving the
precision of I-131 dose estimation is crucial for achieving better therapeutic outcomes
and ensuring patient safety. As artificial intelligence (Al) advances [8]-[10], Al-based
approaches offer promising solutions to these challenges. Machine learning models are
capable of analyzing large-scale clinical datasets to identify patterns and predict
individual responses to specific doses of I-131 [11]-[14].

A previous study [15] within the same research project used this dataset to apply
machine learning techniques for predicting I-131 ablation doses. It mainly applied
basic preprocessing techniques such as Min-Max normalization for quantitative
variables and one-hot encoding for categorical features; the results achieved were
relatively modest. Our study significantly expands this by integrating advanced data
preprocessing, including imputation for missing values, feature selection, and
clustering-based outlier removal, leading to higher model accuracy and more robust
dose predictions. The study address overlooked challenges such as data heterogeneity
and label inconsistency, and demonstrate the impact of preprocessing on model
performance. The tool is built upon a multistage framework designed to process
patients medical records through sequential steps. In summary, our contributions are
as follows:

« A self-collected dataset from the hospital was utilized, containing detailed clinical
information of Vietnamese patients, including age, sex, cancer stage, blood test
results, iodine uptake capacity, tumor size, and other critical indicators.

o A key set of predictive features was identified to enhance model accuracy and
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support data-driven decision-making, thereby contributing to the precise and
effective delivery of radiation therapy.

o Data preprocessing techniques, including imputation, feature selection, and
clustering, were applied to improve data quality prior to model development.

« Decision rules for dose prediction were derived using a Decision Tree algorithm,
providing an interpretable and clinically relevant framework for therapy planning.

2. Background and related work

2.1. Machine learning for tabular data classification

Classification with tabular data involves assigning data samples organized in rows
and columns to predefined categories, such as diagnosing patients as diabetic or non
diabetic based on features like age, blood pressure, and glucose levels. Traditional
machine learning algorithms such as k-Nearest Neighbors (kNN), Support Vector
Machines (SVM), Decision Tree (DT), and Logistic Regression (LR) are well-suited
for this task due to their efficiency, ease of use, and strong performance on structured
data. While deep learning excels with unstructured data, its advantages are less clear
for tabular datasets and often come with higher computational costs. As a result,
traditional methods are typically preferred for medical and other structured tabular
data applications.

2.2. Data imputation

Missing data refers to situations where one or more values in a dataset are not
recorded or unavailable. This can result from data collection errors, technical
limitations, or unavailability of information at the time of recording. It’s a common
issue in large, complex datasets, especially in healthcare, where data comes from
various sources and may be incomplete or inconsistent. In healthcare, missing data
may occur due to incomplete patient disclosures, skipped tests (because of cost or
time), or privacy and data-sharing restrictions between institutions. It can significantly
impact machine learning models, leading to biased or inaccurate predictions. Models
trained on incomplete data may fail to generalize well to new cases, especially in
critical areas like healthcare where high accuracy is vital. To handle missing data, a
simple approach is to check the percentage of missing values. If a feature has more
than 50% missing, it is often removed. Otherwise, imputation methods like mean
imputation, mode imputation.

Mean imputation is a method of handling missing data by replacing missing values
with the mean of that variable across other observations. For example, if the attribute
represents a patient’s blood glucose level and the value is missing, it can be replaced
with the average blood glucose level of other patients. This method is simple but may
reduce the natural variability of the data and introduce bias into the affected features.

Mode imputation replaces missing values with the most frequent value of that variable.
This approach is commonly used for categorical variables. For instance, if information
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about the type of medication a patient is using is missing, it can be filled in with
the most commonly used medication among other patients. Mode imputation tends to
preserve variability better than mean imputation, but can still reduce attribute diversity.

2.3. Feature ranking

Feature ranking is a critical process in machine learning that evaluates and prioritizes
the importance of features in a dataset. Its primary goal is to identify the features that
have the greatest impact on the target variable, improving the overall performance of the
model. By conducting feature ranking, users can reduce complexity, avoid overfitting,
and enhance model efficiency by selecting only the most relevant features.

Various methods are available for feature ranking, including statistical techniques,
machine learning algorithms, wrapper methods, and embedded methods. Statistical
methods, such as correlation measures and t-tests, are simple but may not capture
complex relationships. Machine learning algorithms like DT and Random Forest (RF)
can provide more accurate assessments of feature importance, while wrapper methods
test different feature combinations to find the best model. Embedded methods
combine feature selection with model training for more efficient optimization.

By using feature ranking, models become more efficient, interpretable, and easier
to understand. This is particularly valuable in fields like healthcare, where decisions
have significant consequences, and in finance, where model transparency is critical.
Additionally, feature ranking uncovers hidden relationships within the data, opening
opportunities for further research and improving predictive performance.

2.4. Interpretable machine learning

The interpretability of machine learning models refers to the ability to understand how
a model makes decisions and the reasons behind its outputs. This aspect is becoming
increasingly important, especially in critical fields such as healthcare, finance, and law,
where decisions can significantly impact human lives. In healthcare, interpretability
plays a crucial role as the accuracy and reliability of decisions directly affect patient
outcomes. It enables healthcare professionals to understand why a model suggests a
specific diagnosis or treatment plan, allowing them to combine this information with
clinical experience for final decision-making. Moreover, interpretability helps detect
and address biases that may arise from non-representative data, ensuring that models
perform fairly and effectively across diverse populations.

Decision-making is represented as a branching tree, where each branch reflects a
decision based on a specific attribute, making it easy to trace how the model reaches
its conclusions. DT are constructed through a process that splits data based on their
attributes to optimize prediction accuracy. Two important factors in this process are
entropy and information gain. Entropy measures the level of uncertainty or disorder in
a dataset, while information gain indicates the reduction in entropy when a particular
attribute is used for splitting. The algorithm selects the attribute with the highest
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information gain to perform the split, and this process is repeated until a complete DT
is formed, capable of making precise predictions based on the analyzed attributes.

2.5. Related work

Numerous studies are currently exploring the use of Al to optimize radioactive
iodine therapy doses. To ascertain the maximum allowable activity for I-131 therapy,
researchers in [12] examined data from 83 adult patients who received I-131
dosimetry between 1996 and 2023. Eight input variables were used in this study: age,
patient weight, corresponding blood sample counts at 4 hours, 24 hours, and 48 hours,
and normalized anterior/posterior counts, and then using a deep learning neural
network to forecast the maximum allowable activity. The paired t-tests were used in a
confidence interval 95% to compare the predicted and actual values based on medical
internal radiation dose for the test cases, showing positive results with no significant
differences. Ri Sa er al. [13] also create machine learning models to forecast how
patients with differentiated thyroid cancer who do not have structural disease would
react to treatment with [-131 therapy and thyrotropin suppression therapy (TSH).
Using six algorithms—patients were used to train the models for [-131 and TSH
treatments, respectively. It uses Shapley Additive exPlanations to assess how
significant elements contributed to a machine learning algorithm’s anticipated value.
When it came to forecasting successful reactions to both treatments, the RF model
performed the best, exhibiting excellent accuracy and Area Under the Curve values.

Additionally, using external radiation dosimetry data at different distances of 1 m,
0.3 m, and 0.1 m, the authors in [14] look for the best model to forecast the real
radioactivity of high-dose I-131. To train, they used the hold-out technique to split
the data in a 7:3 ratio (609 for the training set and 259 for the test set). They use
a variety of machine learning algorithms and processing techniques. To evaluate the
models, they calculated R2 (0.99), mean square error (79.10), mean absolute error
(6.65), and root mean square error (8.89). The RF model demonstrated the strongest
prediction performance. Furthermore, to create an internal dosimetry prediction toolkit
for pediatric nuclear medicine, authors [11] presents an approach that uses Al algorithms
and Monte Carlo simulations to estimate doses based on individual anatomy accurately.
It entailed building a dosimetry database for five radiopharmaceuticals and 28 pediatric
models. This data was used to train and test machine learning regression models, which
were then optimized for maximum prediction power. With high accuracy (> 90%) and
quick findings (< 2 seconds), the toolkit estimates absorbed dose rates in 30 organs.
A notable prior study closely related to our work is that of Lai et al. [15], which
explored the use of machine learning techniques for recommending I-131 ablation doses
in patients with differentiated thyroid cancer after thyroidectomy. Using the same clinical
dataset, the authors applied a set of traditional preprocessing steps, including Min-Max
normalization for continuous variables and one-hot encoding for categorical features.
The study developed and evaluated several classic machine learning models, such as
DT, k-NN, and Naive Bayes (NB) to predict the recommended dose category based
on patient features. While this study confirmed the potential of Al in supporting dose
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decisions and yielded promising initial results, its preprocessing pipeline was relatively
limited, and challenges such as missing data, outlier handling, and label inconsistencies
were not fully addressed. Some studies highlight significant improvements in treatment
outcomes across different patient populations.

3. Proposed method
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Fig. 1. Flowchart.

We propose a framework with primary stages, as shown in Figure 1. The flowchart
illustrates a structured process for predicting optimal doses based on a self-collected
dataset. Building upon study [15], this research extends the data preprocessing phase
by not only addressing missing values through imputation, but also incorporating
advanced techniques in feature selection and clustering to enhance data quality and
model performance. Following this, the framework emphasizes feature selection to
identify and retain the most relevant variables, which not only reduces the
dimensionality and noise within the dataset but also enhances the efficiency and
interpretability of the predictive models. Alongside feature selection, data clustering is
performed to group similar data points, which helps capture intrinsic data structures
and patterns, improving the homogeneity within clusters and allowing models to better
learn from more coherent subsets of data. Processed data are then used in the training
stage, which employs various machine learning techniques such as LR, DT, k-NN,
NB, SVM, RF, and multi-layer perceptron (MLP) to train predictive models. These
trained models are evaluated to measure performance and generate decision rules.
Finally, in the output stage, the framework delivers specific, actionable dose
recommendations derived from the best-performing predictive model, enabling
personalized and optimized dosing decisions that can be directly applied in practical,
real-world scenarios.

3.1. Self-collected dataset

The data was collected from 1,727 patients in 108 Military Central Hospital. They
underwent thyroid cancer surgery, aiming to predict the optimal dose of I-131
radiation therapy required to eliminate any residual thyroid tissue. The dataset
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includes 40 input features that capture detailed clinical information about the patients,
such as age, gender, cancer stage, blood test results, iodine uptake capacity, tumor
size, and other critical indicators shown in Table 1. Each feature represents an aspect
of the patient’s health status, providing a comprehensive view to support machine
learning models in identifying key factors influencing the radiation dose decision. The
dataset comprises 40 input features that provide detailed clinical information about the
patient’s health condition, factors related to cancer severity, and various medical test
results. These features include age, gender, cancer stage, blood test results, the
patient’s iodine uptake ability, tumor size, and many other critical indicators.

Each feature reflects a specific aspect of the patient’s condition, contributing to a
comprehensive overview of their health and supporting the machine learning model in
identifying key factors that influence the appropriate radiation dosage. The target features
indicate the dose, classified into one of three levels: 50 mCi, 75 mCi, or 100 mCi. These
are the most common doses in clinical practice, but selecting between them, especially
50 vs. 75 mCi or 75 vs. 100 mCi, can be challenging due to light differences in patient
conditions. To address this issue, a dataset was constructed to develop machine learning
models capable of accurately predicting personalized radiation doses based on patients’
clinical information. These models support physicians in making data-driven treatment
decisions, enhancing the accuracy and consistency of care. By learning from historical
cases, the models offer precise recommendations for future patients, contributing to
improved treatment outcomes, reduced dependence on clinical intuition, and minimized
risks of complications in thyroid cancer therapy.

3.2. Data processing

3.2.1 Missing data imputation

Missing data is a common challenge in machine learning that can significantly
affect model performance if not properly addressed [16]. Missing values may arise
from various causes, such as incomplete data collection, input errors, or the inability
to measure certain desired variables. In this dataset, several attributes have over 50%
missing values shown in Table 1, including "Cervical lymph node metastasis size"
(66.3%), "Lymph node group" (66.01%), and "Number of metastatic lymph nodes"
(66.01%). Retaining such attributes risks introducing bias and insufficient learning.
Therefore, attributes with over 50% missing data were excluded, leaving 37 input
features to ensure the model focuses on reliable, informative data for improved
performance and reduced complexity.

Imputation techniques were applied to handle attributes with minimal missing data,
ensuring the dataset’s integrity while avoiding the loss of valuable records. For
continuous variables, such as "Calcium index" (0.17% missing), "Potassium index"
(0.12% missing), and "Tg index" (0.06% missing), mean imputation was employed.
This approach replaces missing values with the mean of the available data, preserving
the overall distribution and minimizing disruption to the dataset’s statistical properties.
For categorical variables, including "Surgical approach" (1.74% missing), "Cancer
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Table 1. Characteristic of feature name

No. Feature name Field ID | Value Domain | Missing value (%)
1 Gender gt 0
2 Symptoms t_c 0
3 Type of Surgery ht_pt 1.74
4 Post-Surgery Condition s_pt 0
5 Metastasis dc_hc 6.37
6 Additional Surgery pt_bs 0
7 Family Medical Cancer ts_k 0
8 Family History of Goiter ts_bc 0
9 Diagnosis or Treatment cd_dt 0
10 Clinical Neck Lymph Nodes Is_hc 0
11 Disease status b_1 0
12 Pregnancy Test test_t 0
13 Other Blood Biochemistry sh_m 0
14 Complete Blood Count ct_m 0
15 Thyroid Tissue m_g Discrete 0
16 Abdominal Ultrasound Results sa_ob 4
17 Diagnostic Scan Dose (mCi) I_cd 0
18 Pulmonary Ventilation tkp 0
19 Cancer Type t_ut 0
20 Cancer Stage gd_ut 12.74
21 Recurrence Risk nc_tp 7.7
22 T Index t 0
23 N Index n 0
24 M Index m 0
25 Comorbidities b_kt 0
26 Tumor Properties tc_u 35.32
27 Lymph Node Groups n_h 66.01
28 Number of Metastatic Nodes sl_hdc 66.01
29 Radiation Dose (mCi) 1_dk 0
30 Heart Rate (bpm) mach 82.16 = 13.04 0.35
31 Height (cm) cc 155.80 + 18.74 0.35
32 | Weight (kg) c.n 56.78 + 16.28 0.41
33 TSH Level (mIU/ml) tsh 68.66 + 33.71 0
34 Calcium Level (mmol/l) canxi 2.27 £0.22 0.17
35 Potassium Level (mmol/l) kali 3.80 £ 1.45 0.12
36 | Tg Level tg 3.67 £15.22 0.06
37 Anti-Tg Level atg 33.53 + 87.87 0.12
38 Tumor Size kt_u 9.62+7.45 34.11
39 Cervical Lymph Node Metastasis Size | kt_hdc 0.55 £ 2.46 66.3
40 Systolic Blood Pressure (mmHg) ha_tt 124.01 = 17.26 1.56
41 Age tuoi 46.66 + 12.29 0.93

stage" (12.74% missing), and "Recurrence risk" (7.7% missing), mode imputation was
used to substitute missing values with the most frequently occurring category. This
method maintains the categorical nature of these attributes while effectively

addressing missing entries.

By employing these imputation strategies, the dataset retains critical information and
avoids unnecessary reduction in size, ensuring that the data remains robust for training
machine learning models. These techniques enhance the model’s ability to accurately
predict the optimal 1-131 radiation dose, improving both performance and reliability.
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3.2.2 Feature selection

The purpose of analyzing the correlation between features and the target variable is
to eliminate features with low correlation [17]. Retaining highly correlated features
improves the accuracy and efficiency of machine learning models for dose prediction.
For instance, attributes like "Cervical lymph node metastasis" (correlation = 0.39605)
and "N index" (correlation = 0.43318) are essential factors that significantly influence
the treatment decision. Conversely, features such as "Pulse (ck/p)" and "Weight," with
zero correlation, were removed as they provide no predictive value and could
introduce noise into the model. This process reduces complexity while enhancing
predictive performance.
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Fig. 2. The correlation of selected features.

In our experiment, Figure 2 shows the correlation of selected features. This approach
ensures the model focuses on critical factors, such as "Cervical lymph node metastasis"
and "Recurrence risk," which directly impact treatment outcomes. Additional features
like "Age," "Gender," and "Surgical approach" were also preserved for their role in
providing a holistic understanding of patient health. By refining the dataset, we improve
model accuracy and support data-driven decisions in delivering precise and effective
radiation therapy.

3.2.3 Data clustering

After filtering out irrelevant features, we applied the K-Means clustering algorithm 1
[18] to group the data into % clusters by iteratively assigning data points to the nearest
centroid and updating the centroids. Initially, k£ centroids are chosen randomly, and the
process continues until the centroids stabilize or the maximum number of iterations is
reached. This iterative approach helps optimize the partitioning of the data, reducing its
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complexity and identifying potential mislabeled records for removal.

Algorithm 1: K-Means Clustering

Input: Dataset X = {x1,2,...,2,}, Number of clusters k
Output: Cluster centroids {cy, ¢s, ..., ¢} and their assignments
1 Randomly initialize centroids {cy, ca,...,Ct};
2 while centroids have significantly changed or maximum number of iterations not
reached do
for each data point z; do
\ Assign x; to the nearest centroid;
end
for each cluster C; do
‘ Update centroid;
8 end
9 end
10 return Final centroids {cy, ¢, ..., ¢} and their assignments;

N SN B AW

To standardize the dataset and minimize confusion, we grouped the records into
three clusters: Cluster 1 represents the 50 dose, Cluster 2 represents the 75 dose, and
Cluster 3 represents the 100 dose. Each cluster reflects a specific radiation dose level.
After performing the clustering, we reviewed the records within each cluster. If any
records within the same cluster had different labels, we removed them. This process
resulted in a refined dataset with 1,232 records. While this process reduced the dataset
size, it significantly improved label consistency and data quality, which are crucial
for building reliable machine learning models. This refinement enhances the model’s
ability to generalize and make accurate predictions, especially important in the context
of clinical decision-making for thyroid cancer treatment.

3.3. Building machine learning models

Classifying tabular data is a key task in machine learning, where the goal is to
categorize data into predefined labels or groups. Machine learning methods for
classification are typically divided into traditional approaches and deep learning.
Traditional methods perform well with structured tabular data, requiring fewer
computational resources and offering faster results, making them ideal for healthcare
classification tasks. While deep learning excels in unstructured data areas like image
or natural language processing, it is often less efficient and unnecessary for tabular
data. Therefore, we implemented seven fundamental machine learning methods to
predict the 1-131 radiation dose for thyroid cancer patients after surgery: DT [19],
kNN [20], NB [21], SVM [22], LR [23], RF [24], and MLP [25].

We applied fine-tuning techniques to optimize the performance of various
classification models for I-131 dose prediction in thyroid cancer treatment. Beginning
with the DT model, we set a maximum depth of five, a minimum of four samples per
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Table 2. Summary of optimal hyperparameters of studied ML models

Model Hyperparameters Values
max_depth 5
DT min_samples_leaf 4
min_samples_split 8
KNN n_r}eighbors 3.
weights distance
NB var_smoothing 0.001
C 10
SVM kernel rbf
LR C 10
Bootstrap FALSE
RF Max depth 5
Min samples leaf 4
Min samples split 8
learning_rate 1
MLP hidden_layer_sizes 8 4
max_iter 300

leaf, and required eight samples to split a node to control overfitting. The kNN
algorithm was configured with three neighbors and distance-based weighting, while
the NB classifier used a smoothing factor of 0.001 to handle rare values. The SVM
employed a kernel with a regularization parameter C = 10, and LR also used C = 10
to ensure generalizability. We tested a MLP with two hidden layers (8 and 4 neurons),
a learning rate of 1.0, and trained it over 300 epochs. Finally, the RF ensemble
method was evaluated for its ability to improve prediction accuracy. All models were
implemented using Python 3.11.9 and scikit-learn 1.2.2, with their optimal
hyperparameters summarized in Table 2.

4. Results and discussion
4.1. Evaluation metrics

Table 3. Confusion matrix

Predicted Positive

Predicted Negative

Actual Positive

True Positive (TP)

False Negative (FN)

Actual Negative

False Positive (FP)

True Negative (TN)

In our classification task to predict 50, 75, and 100 doses for thyroid cancer patients,
we using several evaluation metrics based on the confusion matrix in Table 3, such as
True Positive Rate (TPR), Recall, Precision, False Positive Rate (FPR), and F1 score,
to assess the model’s performance. TPR and Recall focus on the model’s ability to
correctly identify each dose category (50, 75, or 100). Precision evaluates the accuracy
of these predictions, while FPR measures the proportion of incorrect classifications.
Finally, the F1 score harmonizes Precision and Recall, offering a comprehensive view
of model effectiveness. These metrics are essential in ensuring accurate dose predictions
and minimizing classification errors.

133



Section on Information and Communication Technology - Vol. 14, No. 01, June-2025

4.2.

Results

The performance metrics presented in the Table 4 provide a comprehensive evaluation
of several machine learning models on a classification task. The results indicate that the
DT model demonstrates the highest performance with the highest TPR of 0.995, and a
notably low FPR of 0.001. Its Recall, Precision, and F1-score (0.995, 0.996, and 0.995,
respectively) also perform excellently, suggesting that DT efficiently identifies positives
while maintaining precision. The MLP model follows closely behind, showing strong
scores of 0.986 in TPR, 0.007 in FPR, and 0.986 in F1-score, indicating a robust ability
to classify correctly with minor errors.

134

Decision Tree

The DT model achieved the highest performance. For the 50 mCi class, it recorded
a TPR of 0.998 and an Fl-score of 0.999, indicating near-perfect classification.
Although precision slightly dropped to 0.94 for the dose 75 mCi class, the model
still maintained strong performance across all classes, with an average F1-score of
0.995. Its high interpretability makes it especially valuable in clinical settings.
k-Nearest Neighbors

kNN performed well for the 50 and 100 mCi, but less well with the 75 mCi class,
achieving a lower Fl-score of 0.862. The overall average F1-score was 0.967. This
model is sensitive to class overlap and data distribution, affecting its reliability in
imbalanced datasets.

Naive Bayes

NB showed moderate performance, especially struggling with the 75 mCi class
(Fl-score of 0.792). It performed better for the dose 100 mCi class with high
precision (0.99). The average F1-score was 0.95, reflecting its simplicity and speed
but limited accuracy in complex classification problems.

Support Vector Machine

SVM demonstrated high accuracy for the 50 and 100 mCi classes, with an average
Fl-score of 0.982. However, its performance dropped for the 75 mCi class (F1-
score of 0.871), likely due to class overlap. Overall, SVM is effective but less
interpretable than DT.

Logistic Regression

Logistic Regression provided stable results with an average Fl-score of 0.97. It
showed limitations in the 75 mCi class (Fl-score of 0.85) but performed
comparably to SVM and DT in the other classes. Its simplicity makes it suitable
for binary classification, though less effective for complex patterns.

Multi-Layer Perceptron

MLP yielded strong performance across all classes, especially the 75 mCi class
(F1-score of 0.905). With an average Fl-score of 0.986, it demonstrated robust
handling of non-linear relationships, though its “black-box” nature limits
interpretability compared to DT.

Random Forest

Random Forest achieved high accuracy similar to DT, with an average F1-score
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of 0.978. It was slightly less effective in the 75 mCi class (F1-score of 0.88) but
excelled in classifying 100 mCi cases. RF offers a good balance of performance
and robustness, though it is less interpretable than a single DT.

Overall, while DT consistently outperforms the other models in both accuracy and
balance, the MLP and SVM provide competitive alternatives, each showing excellent
performance across all metrics. The NB model, although effective, tends to
underperform relative to others in precision, indicating room for improvement. The
results suggest that models like DT, MLP, and SVM are well-suited for
high-performance classification tasks, with DT emerging as the most effective in this
specific dataset.

Table 4. Performance of machine learning models in predicting I-131 dose

Classifier Class TPR | FPR | Recall | Precision F1
50 0.998 | 0.000 | 0.998 1.000 0.999
DT 75 0.989 | 0.004 | 0.989 0.940 0.962
100 0.993 | 0.002 | 0.993 0.998 0.996
Average | 0.095 | 0.001 | 0.995 0.996 0.995
50 0.994 | 0.048 | 0.994 0.938 0.965
KNN 75 0.825 | 0.005 | 0.825 0.916 0.862
100 0.964 | 0.000 | 0.964 1.000 0.982
Average | 0.968 | 0.021 | 0.968 0.969 0.967
50 0.970 | 0.041 | 0.970 0.947 0.958
NB 75 0.857 | 0.025 | 0.857 0.760 0.792
100 0.941 | 0.010 | 0.941 0.990 0.964
Average | 0.948 | 0.025 | 0.948 0.955 0.950
50 0.996 | 0.017 | 0.996 0.978 0.987
SVM 75 0.845 | 0.005 | 0.845 0.912 0.871
100 0.990 | 0.005 | 0.990 0.995 0.992
Average | 0.983 | 0.010 | 0.983 0.983 0.982
50 0.987 | 0.026 | 0.987 0.964 0.975
LR 75 0.825 | 0.008 | 0.825 0.897 0.850
100 0.979 | 0.015 | 0.979 0.986 0.982
Average | 0.970 | 0.019 | 0.970 0.971 0.970
50 0.991 | 0.009 | 0.991 0.989 0.990
MLP 75 0.913 | 0.007 | 0913 0.908 0.905
100 0.993 | 0.005 | 0.993 0.995 0.994
Average | 0.986 | 0.007 | 0.986 0.987 0.986
50 0.996 | 0.027 | 0.996 0.966 0.981
RF 75 0.829 | 0.004 | 0.829 0.945 0.880
100 0.985 | 0.003 | 0.985 0.997 0.991
Average | 0.979 | 0.014 | 0.979 0.979 0.978

Table 5. Comparison of model performance

Reference Best Method Precision Recall F1-Score

[15] AdaBoost 0.66 0.88 0.75
Our research DT 0.996 0.995 0.995

The results demonstrate that our proposed approach yields promising performance,
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showing strong predictive ability even with relatively simple machine learning models.
Compared to previous research [15] using the same dataset, the current study was
designed to significantly enhance and extend prediction performance through a more
comprehensive framework. As shown in Table 5, the DT method proposed in our study
significantly outperforms the AdaBoost approach. Our model achieves a Precision of
0.996, a Recall of 0.995, and an F1-Score of 0.995, while AdaBoost achieves only 0.66,
0.88, and 0.75, respectively. These results demonstrate that our model not only better
identifies positive cases but also maintains high precision, thereby improving the overall
classification effectiveness.

4.3. Discussion

IMetastasis
No Yes
Recurrence (Dose 100 )
hS s
High I
‘An\\L
I Duse 1DD |
/
=<=8.63 8.63
==5(
Dose 50 { Duse 10[] 1 tg
hN A
<=6.01 =6.01 <=2.43 =2.43
Dose50 | [ Dosed00 ) |Cancer stage Dose 75
\ . ______/
Dose 50 Dose 75

Fig. 3. Decision tree for estimating radiation therapy dose for Vietnamese doctors.

After identifying the DT as the best model, we outline the pathway to estimate the
radiation dose based on the tree’s classification rules in Figure 3. This method
determines the appropriate radiation dose for thyroid cancer patients by considering
several clinical factors. The process starts with assessing whether the patient has
metastasis. If metastasis is detected, a dose of 100 is recommended. If there is no
metastasis, the recurrence risk is evaluated. For low-risk patients, the decision is based
on the "Tg" marker, with a threshold of 8.63 used to determine whether the dose
should be 50 or 100. For medium-risk patients, age plays a key role in determining
treatment. Patients aged 50 or younger are assessed using a "Tg" value with a
threshold of 6.01, while those over 50 are further evaluated based on "Tg" (threshold
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of 2.43) and cancer stage. For patients in stage 1, the recommended dose is 50, while
for stages 2, 3, and 4, the dose is increased to 75.

For high-risk patients-whether due to metastasis or high recurrence risk-the DT
directly assigns a dose of 100. This structured, rule-based approach ensures that each
patient receives an individualized and clinically appropriate radiation dose, tailored to
their specific clinical features. The DT offers clear, interpretable guidelines that
healthcare professionals can easily follow, minimizing inconsistencies in
decision-making and optimizing treatment outcomes for patients.

5. Conclusion and future work

The results demonstrate that our proposed approach yields promising performance,
showing strong predictive ability even with relatively simple machine learning models.
Compared to previous research [15] using the same dataset, the current study was
designed to significantly enhance and extend prediction performance through a more
comprehensive framework. Specifically, we implemented an advanced data processing
pipeline that includes intelligent imputation of missing values, guided feature
selection, and clustering-based outlier removal. The application of machine learning
not only improves accuracy, addresses the limitations of earlier work, and optimizes
the treatment process. Studies have shown that machine learning models can
personalize the treatment process, thereby improving clinical outcomes for patients
with thyroid cancer in Vietnam. A key highlight of the DT model is the DT model
introduced as an effective solution to classify data and predict I-131 doses for patients
with thyroid cancer. The DT not only provides a visual approach but also offers high
interpretability, enabling users to understand the factors influencing treatment
decisions. This is particularly important in the medical field, where transparency in
decision-making is crucial.

While we present a promising approach to dose estimation using machine learning,
there are several avenues for future work. This includes exploring advanced algorithms
to improve prediction accuracy for complex data, incorporating more clinical variables
and long-term outcomes to enhance model robustness, and extending the approach to
real-time clinical decision support systems. Collaboration with hospitals for data
collection and validation can further refine the model’s applicability. Furthermore,
developing user-friendly applications that facilitate easy deployment and interpretation
in clinical settings will be essential to maximizing the impact of this technology.
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DPE XUAT KHUYEN NGHI LIEU XOA MO GIAP

CON SOT LAI SAU PHAU THUAT
DUA TREN MO HINH HOC MAY

Nguyén Thanh Trung, Ngé Thi Thu Ha, Lai Phii Minh
Tém tat

Ung thu tuyén gidp, dic biét 1a cdc loai phan biét nhu ung thu bleu md nang va biéu mod
tiy, la mot thach thic sic khée 16n & Viét Nam cung nhu trén toan ciu, trong d6 phau thuat
cat bo tuyén gidp (cat tuyen giap) la phuong phap diéu tri chinh. Tuy nhién, sau phau thuat,
mo glap thUOng van con sot lai, doi hoi phai tién hanh tiéu diét hiéu qua dé ngan ngua tai
phét va cic bién chiing. Diéu tri bang i-6t phong xa I-131 1a phuong phdp tiéu chuin d€ tiéu
diét m6 giap con sot lai, tuy nhién viéc udc lugng liéu I-131 phu hdp cho tlmg bénh nhéan
van 1a thach thic 16n. Céc phu’ong phap truyén théng hién tai chi yéu dua vao hLIdng dan
chung va kinh nghlem cua bac si, nhung doi khi khong dam bao do chinh xac can thiét cho
tung bénh nhan cy thé. Mic di mot sb6 nghién ciu trude da cé ging cai thién viéc uéc lugng
heu bang cac phuong phdp hoc mdy, nhung thudng b qua tam quan trong cua céac ky thuat
tién xt ly dif liéu. Viéc chua chu trong den chét lugng dit lieu nay da l1am han ché hiéu qua
du doan ctia cic md hinh. P& khic phuc vin d& d6, nghién ciiu ctia ching tdi mé rong céc
cong trinh trude dﬁy bing céch tap trung vao giai doan tién xt ly dif liéu, v6i muc tiéu nan
cao do chinh xac va do tin ciy cta mo hinh. Chung toi ap dung cac phuong phap trich xuat
dic trung nhim Iya chon nhung dac trung ndi bt va c¢6 anh hudng 16n trong viéc dy dodn
licu, sau d6 st dung bdy m6 hinh hoc may truyén thong dé thuc hién du doan. Két quéa cho
thay mo hinh Cdy quyet dinh (Decision Tree - DT) vugt trdi so v6i cdc md hinh khéc, dat
ty 1& duong tinh that (TPR) cao nhit 12 0,995; ty 1& du’Ong tinh gia (FPR) thap la 0,001 va
hiéu suit xuét sic & cac chi sb Recall, Precision va Fl-score (0,995; 0,996 va 0,995 tuong
ting). Bén canh d6, ching t6i st dung quy tic quyet dinh tif md hinh Cay quyét dinh nhim
hé tr¢ viéc du dodn liéu mot cach rd rang va dé dién giai trén bo dif liéu thong tin 1am sang
tif bénh nhan tai Viét Nam. Phuong phap nay mang lai hiia hen 16n trong viéc cdi thién hi¢u
qua diéu tri biic xa, ddm bao quyét dinh chinh x4c hon dua trén di liéu, va cudi cuing niang
cao két qua diéu tri cho bénh nhan.

Tu khoa

Mo gidp con sét lai; hoc may; quy tic quyét dinh; uéc lugng lidu; tip di liéu bénh nhan
Viét Nam.



