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 Purpose of the study: This study aims to evaluate and compare the 

performance of four machine learning algorithms Naïve Bayes, Logistic 

Regression, Decision Tree, and Random Forest for bone tumor grade 

classification using structured clinical data and to identify the most effective 

algorithm for supporting diagnostic decision-making in orthopedic oncology. 

Methodology: An experimental quantitative research design was employed 

using a publicly available Bone Tumor dataset from Kaggle containing 500 

records. Model development was conducted in Google Colaboratory using 

Python and Scikit-learn. The evaluated algorithms included Naïve Bayes, 

Logistic Regression, Decision Tree, and Random Forest. Data preprocessing, 

feature selection, and train-test splitting (80:20) were performed. Model 

performance was assessed using accuracy, precision, recall, and F1-score 

metrics. 

Main Findings: The results demonstrated that all machine learning models 

were capable of classifying bone tumor grades with satisfactory performance. 

Logistic Regression achieved the best overall performance, obtaining 81% 

accuracy, precision values of 79–82%, recall values of 73–86%, and F1-scores 

of 76–84%. Decision Tree and Naïve Bayes showed moderate performance, 

while Random Forest exhibited reduced testing performance despite strong 

training results, indicating overfitting and lower generalization capability. 

Novelty/Originality of this study: This study contributes a comprehensive 

comparison of classical machine learning algorithms for bone tumor grade 

classification using structured clinicopathological data rather than imaging 

data. The findings demonstrate that interpretable models such as Logistic 

Regression can achieve reliable predictive performance, providing an 

accessible and computationally efficient alternative for clinical decision-

support systems in resource-limited healthcare. 
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1. INTRODUCTION 

Bone tumors represent a relatively uncommon group of musculoskeletal neoplasms; however, they 

remain clinically important because malignant forms often result in substantial morbidity, functional impairment, 

and premature mortality among affected patients. Osteosarcoma, chondrosarcoma, and Ewing sarcoma are 
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among the most frequently reported malignant bone tumors, particularly affecting children, adolescents, and 

young adults during critical stages of physical development [1]-[3]. Recent epidemiological evidence indicates 

that primary bone tumors account for only a small proportion of all malignancies, yet they contribute 

disproportionately to cancer-related disability and mortality in younger populations [4]-[6]. The rarity and 

biological heterogeneity of bone tumors frequently complicate diagnosis, treatment planning, and long-term 

prognosis assessment, thereby increasing the demand for more reliable and efficient diagnostic approaches [7]-

[9]. Consequently, improving diagnostic accuracy and facilitating earlier identification of malignant bone tumors 

remain important priorities in contemporary orthopedic oncology research. 

Accurate diagnosis of bone tumors remains challenging because clinical manifestations, radiological 

appearances, and histopathological characteristics frequently overlap between benign and malignant lesions. 

Physicians often rely on multiple diagnostic modalities, including radiography, computed tomography, magnetic 

resonance imaging, and biopsy examinations, to establish an appropriate diagnosis and determine treatment 

strategies [10]-[12]. Several studies have reported that substantial inter-observer variability may occur during the 

interpretation of bone tumor characteristics, particularly when clinical experience is limited or lesion 

morphology is highly heterogeneous [13]-[15]. These diagnostic complexities may contribute to delayed 

treatment initiation, inappropriate therapeutic decisions, and unfavorable patient outcomes when malignant 

lesions are not identified promptly [16]-[18]. Therefore, advanced computational techniques capable of assisting 

clinicians in analyzing complex clinical information are increasingly being explored to support diagnostic 

decision-making processes. 

The rapid growth of artificial intelligence technologies has transformed many areas of healthcare by 

enabling automated analysis of large-scale clinical and biomedical datasets. Among these technologies, machine 

learning has demonstrated significant potential for extracting hidden patterns from complex data and generating 

predictive models that support medical decision-making [19]-[21]. Recent reviews have highlighted the 

increasing adoption of machine learning methods in cancer diagnosis, prognosis prediction, treatment planning, 

and personalized medicine applications [22]-[24]. Compared with traditional statistical approaches, machine 

learning algorithms can handle nonlinear relationships, high-dimensional datasets, and complex interactions 

among clinical variables more effectively [25]-[27]. Consequently, machine learning has become one of the most 

promising computational approaches for improving diagnostic performance across diverse oncology domains.  

Several studies have investigated the application of artificial intelligence for bone tumor detection and 

classification using radiographic, computed tomography, and magnetic resonance imaging data. Deep learning 

architectures, particularly convolutional neural networks and DenseNet-based models, have demonstrated 

promising diagnostic performance and, in some cases, achieved accuracy comparable to or exceeding that of 

human experts [28]-[30]. Meta-analytic evidence further suggests that machine learning techniques possess 

considerable diagnostic value for differentiating malignant bone tumors from other musculoskeletal conditions 

[31]-[33]. Nevertheless, the majority of published studies primarily emphasize image-based deep learning 

approaches rather than structured clinical datasets commonly encountered in routine healthcare settings [7], [34], 

[35].  

Although previous investigations have reported encouraging results from artificial intelligence 

applications in bone tumor diagnosis, several important limitations remain unresolved. First, most studies focus 

on deep learning models requiring large imaging datasets, extensive computational resources, and complex 

model architectures that may not be readily applicable in resource-limited healthcare environments [36], [37], 

[38]. Second, comparative analyses involving classical machine learning algorithms operating on structured 

clinical attributes remain relatively scarce within the bone tumor research domain [4]. Furthermore, limited 

evidence is available regarding which conventional machine learning algorithm provides the most balanced 

predictive performance for bone tumor classification when evaluated using multiple performance metrics 

simultaneously. This knowledge gap indicates the necessity for additional studies examining simpler yet 

effective machine learning techniques using clinically relevant datasets.  

To address these limitations, the present study evaluates and compares four widely used machine 

learning algorithms, namely Naïve Bayes, Logistic Regression, Decision Tree, and Random Forest, for bone 

tumor classification. Unlike many previous studies that emphasize image-based deep learning frameworks, this 

research utilizes structured clinical information derived from publicly available bone tumor datasets. The 

selected algorithms represent different learning paradigms, allowing a comprehensive assessment of 

probabilistic, statistical, tree-based, and ensemble approaches within a single experimental framework. 

Additionally, model performance is examined using multiple evaluation metrics, including accuracy, precision, 

recall, and F1-score, to provide a more robust comparison of classification effectiveness. The findings are 

expected to contribute practical insights regarding the applicability of classical machine learning methods in 

clinical decision-support systems for orthopedic oncology. 

Based on the identified research gap, this study aims to determine the most effective machine learning 

algorithm for classifying bone tumor cases using structured clinical data. The investigation specifically compares 

the predictive performance of Naïve Bayes, Logistic Regression, Decision Tree, and Random Forest models 
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under identical experimental conditions. Evaluation results are analyzed using multiple classification metrics to 

ensure a comprehensive assessment of model reliability and predictive capability. Through this comparative 

approach, the study seeks to provide empirical evidence supporting the development of efficient and accessible 

machine learning-based diagnostic tools for bone tumor management. Ultimately, the proposed framework is 

expected to assist future research efforts and contribute to improving clinical decision-making processes in 

orthopedic oncology. 

 

 

2. RESEARCH METHOD 

 

2.1.  Research Design 

This study is classified as experimental research employing a quantitative approach [39]. The objective 

of this research is to develop machine learning models using the Naive Bayes, Logistic Regression, Random 

Forest, and Decision Tree algorithms for predicting bone tumor data, where these algorithms are widely used in 

classification problems due to their effectiveness and interpretability [40], [41]. 

 

2.2.  Research Instruments 

The instruments and tools utilized in this study consisted of both hardware and software components to 

support the development and evaluation of the Machine Learning models. The hardware used was a Lenovo 

IdeaPad C340 laptop equipped with a Windows 11 operating system, an AMD Ryzen 5 3500U processor, 8 GB 

of installed RAM, and a 64-bit operating system with an x64-based processor architecture. For model 

development and implementation, Google Colaboratory was employed as the primary cloud-based programming 

environment, enabling the execution of Python code and Machine Learning algorithms efficiently. 

The dataset used in this study was obtained from Kaggle.com and consisted of 500 records related to 

bone tumor cases. Five predictor variables were selected for model development, namely Sex, Grade, 

Histological Type, Site of Primary STS, and Treatment. To evaluate the performance of the proposed models, 

the dataset was divided into training and testing sets using two different data partitioning schemes. The first 

scheme allocated 80% of the data for training and 20% for testing, while the second scheme used 90% of the 

data for training and 10% for testing. These data splitting strategies were implemented to compare model 

performance under different training and testing proportions. 

 

2.3.  Research Stages 

The research was conducted through several sequential stages, as illustrated in the research flowchart. 

 

 
Figure 1. Research Stages Flowchart 
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2.4.  Research Process 

The research process generally consists of problem identification, literature review, program 

development, dataset collection, model training, and model evaluation. 

Program Development 

The program was developed using Python in Google Colaboratory, a cloud-based Jupyter Notebook 

environment provided by Google. The Machine Learning models were implemented using the Naive Bayes, 

Logistic Regression, Random Forest, and Decision Tree algorithms. The developed program was designed to 

generate performance evaluation metrics, including accuracy, precision, recall, and F1-score. 

Dataset Collection 

Kaggle provides numerous data science datasets that can be downloaded for research purposes. The 

dataset used in this study was provided by Prathap Kumar under the title “Bone Tumor.” The dataset can be 

accessed through the following link: Bone Tumor 🦴G. 

Program Testing 

The data processing technique employed in this study utilizes Machine Learning methods. The process 

begins by downloading the dataset from the Kaggle website in Comma-Separated Values (CSV) format. The 

downloaded dataset is then stored in the same working directory and imported using the Pandas library through 

Python code executed in the development environment. 

 

 
Figure 2. Input program 

 

After loading the dataset from the CSV file, the next step was data preprocessing, in which the data 

were cleaned and examined to ensure their quality and suitability for analysis. Duplicate records were identified 

and removed using the df.duplicated().sum() function. Subsequently, feature selection was performed by 

defining X as the feature variables and y as the target variable. Following the separation of features and target 

data, the dataset was partitioned into training and testing sets using the sklearn.model_selection library, with 

80% of the data allocated for training and 20% for testing. The Machine Learning models were then trained and 

evaluated on the prepared dataset. After model initialization and prediction, performance metrics including 

accuracy, precision, recall, and F1-score were calculated based on the confusion matrix. The overall workflow of 

the program development process is illustrated in Figure 3. 

 

https://www.kaggle.com/datasets/antimoni/bone-tumor
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Figure 3. Program Testing Flowchart 

 

 

3. RESULTS AND DISCUSSION 

 

3.1.  Characteristics of Machine Learning Model Accuracy Measurement 

This study evaluated the performance characteristics of Machine Learning models using four 

classification algorithms: Naive Bayes, Logistic Regression, Random Forest, and Decision Tree. The dataset was 

divided using a data-splitting approach, with 80% allocated for training and 20% for testing. The performance of 

each algorithm was assessed using several evaluation metrics, including accuracy, precision, recall, and F1-

score. 

Accuracy represents the proportion of correctly classified instances, both positive and negative, relative 

to the total number of observations. A balanced classification performance is generally reflected by relatively 

similar numbers of false positives (FP) and false negatives (FN), indicating that the model does not favor one 
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class excessively over another. In this study, the final performance evaluation of each algorithm was based on 

the testing dataset. 

 

3.1.1. Naive Bayes Accuracy 

The accuracy results of the Naive Bayes classifier were obtained from both the training and testing 

datasets. The model achieved a training accuracy of 74%. For the testing dataset, the Naive Bayes algorithm for 

bone tumor grade classification correctly identified 48 samples as High Grade and 11 samples as Intermediate 

Grade, representing the true positive predictions for each category. 

In contrast, the model produced 28 false positive predictions, where samples were classified as High 

Grade when they actually belonged to the Intermediate Grade category. Additionally, 13 false negative 

predictions were observed, where samples were classified as Intermediate Grade despite actually belonging to 

the High Grade category. The numbers of false positives and false negatives were relatively comparable, 

indicating a reasonably balanced classification performance. 

Based on the testing dataset, the Naive Bayes classifier achieved an overall accuracy of 76%. The 

corresponding confusion matrix for the testing dataset is presented below. 

 

 
Figure 4. Confusion Matrix of the Naive Bayes Classifier 

 

3.1.2 Logistic Regression Accuracy 

The accuracy results of the Logistic Regression classifier were obtained from both the training and 

testing datasets. The model achieved a training accuracy of 78%, while the testing dataset yielded an accuracy of 

81%. For bone tumor grade classification, the Logistic Regression algorithm correctly classified 171 samples as 

High Grade and 52 samples as Intermediate Grade, representing the true positive predictions for each category. 

The model also generated 124 false positive predictions, where samples were classified as High Grade 

despite actually belonging to the Intermediate Grade category. In addition, 53 false negative predictions were 

observed, where samples were classified as Intermediate Grade when they actually belonged to the High Grade 

category. The difference between the numbers of false positives and false negatives indicates a relatively 

imbalanced classification performance, as the model tended to produce considerably more false positive 

predictions than false negative predictions. 

Based on the testing dataset, the Logistic Regression classifier achieved an overall accuracy of 81%. 

The confusion matrix corresponding to the testing dataset is presented below. 
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Figure 5. Confusion Matrix of the Logistic Regression Classifier 

 

3.1.3 Decision Tree Accuracy 

The accuracy results of the Decision Tree classifier were obtained from both the training and testing 

datasets. The model achieved a training accuracy of 80%. For the testing dataset, the Decision Tree algorithm for 

bone tumor grade classification correctly identified 171 samples as High Grade and 52 samples as Intermediate 

Grade, representing the true positive predictions for each category. 

The model produced 124 false positive predictions, where samples were classified as High Grade when 

they actually belonged to the Intermediate Grade category. Additionally, 53 false negative predictions were 

recorded, where samples were classified as Intermediate Grade despite actually belonging to the High Grade 

category. The disparity between the numbers of false positives and false negatives indicates an imbalanced 

classification performance, as the false positive predictions substantially exceeded the false negative predictions. 

Based on the testing dataset, the Decision Tree classifier achieved an overall accuracy of 77%. The 

corresponding confusion matrix for the testing dataset is presented below. 

 

 
Figure 6. Confussion matrix decision tree 

 

3.1.4 Random Forest Accuracy 

The accuracy results of the Random Forest classifier were obtained from both the training and testing 

datasets. The model achieved a training accuracy of 87%, while the testing dataset yielded an accuracy of 71%. 

For bone tumor grade classification, the Random Forest algorithm correctly classified 26 samples as High Grade 

and 45 samples as Intermediate Grade, representing the true positive predictions for each category. 
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The model generated 11 false positive predictions, where samples were classified as High Grade when 

they actually belonged to the Intermediate Grade category. In addition, 18 false negative predictions were 

observed, where samples were classified as Intermediate Grade despite actually belonging to the High Grade 

category. The difference between the numbers of false positives and false negatives indicates a degree of 

imbalance in the classification results, although the disparity is less pronounced compared to some of the other 

models evaluated in this study. 

Based on the testing dataset, the Random Forest classifier achieved an overall accuracy of 71%. The 

corresponding confusion matrix for the testing dataset is presented below. 

 

 
Figure 7. Confussion matrix random forest 

 

 

3.2.  Characteristics of Machine Learning Model Precision Measurement 

In the context of bone tumor severity classification, precision represents the ratio between the number 

of correctly predicted positive cases and the total number of positive predictions generated by the model. This 

metric indicates the reliability of the model's predictions by measuring how accurately the predicted tumor 

severity levels correspond to the actual conditions. 

 

3.2.1 Naive Bayes Precision 

The precision results of the Naive Bayes classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a precision score of 0.70 for the Intermediate Grade class, 

indicating that 70% of the samples predicted as intermediate severity were correctly classified. For the High 

Grade class, the precision score reached 0.76, meaning that 76% of the samples predicted as high severity were 

correctly identified. 

On the testing dataset, the precision score for the Intermediate Grade class was 0.72, indicating that 

72% of the samples predicted as intermediate severity were correctly classified. Meanwhile, the High Grade 

class achieved a precision score of 0.79, suggesting that 79% of the samples predicted as high severity 

corresponded to the actual high-severity category. These results demonstrate that the Naive Bayes classifier 

showed slightly better precision in identifying high-grade bone tumors than intermediate-grade tumors. 

 

 
a 
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b 

Figure 8. Precision Values of the Naive Bayes Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

3.2.2 Logistic Regression Precision 

The precision results of the Logistic Regression classifier were obtained from both the training and 

testing datasets. On the training dataset, the model achieved a precision score of 0.78 for the Intermediate Grade 

class, indicating that 78% of the samples predicted as intermediate severity were correctly classified. Similarly, 

the High Grade class obtained a precision score of 0.78, meaning that 78% of the samples predicted as high 

severity corresponded to the actual high-grade category. 

On the testing dataset, the precision score for the Intermediate Grade class increased slightly to 0.79, 

indicating that 79% of the samples predicted as intermediate severity were correctly identified. For the High 

Grade class, the model achieved a precision score of 0.82, demonstrating that 82% of the samples predicted as 

high severity were correctly classified. These findings indicate that the Logistic Regression classifier exhibited 

strong predictive reliability, particularly in identifying high-grade bone tumor cases, as reflected by its higher 

precision score for the High Grade class. 

 

 
a 

 
b 

Figure 9. Precision Values of the Logistic Regression Classifier: (a) 80% Training Data and (b) 20% Testing 

Data 

 

3.2.3 Decision Tree Precision 

The precision results of the Decision Tree classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a precision score of 0.81 for the Intermediate Grade class, 

indicating that 81% of the samples predicted as intermediate severity were correctly classified. For the High 

Grade class, the precision score was 0.80, meaning that 80% of the samples predicted as high severity 

corresponded to the actual high-grade category. 

On the testing dataset, the precision score for the Intermediate Grade class was 0.71, indicating that 

71% of the samples predicted as intermediate severity were correctly identified. Meanwhile, the High Grade 

class achieved a precision score of 0.81, suggesting that 81% of the samples predicted as high severity were 

correctly classified. These results indicate that the Decision Tree classifier demonstrated higher precision in 
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identifying high-grade bone tumors than intermediate-grade tumors on the testing dataset, although its 

performance for the Intermediate Grade class decreased compared with the training dataset. 

 

 
a 

 
b 

Figure 10. Precision Values of the Decision Tree Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

3.2.4 Random Forest Precision 

The precision results of the Random Forest classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a precision score of 0.89 for the Intermediate Grade class, 

indicating that 89% of the samples predicted as intermediate severity were correctly classified. For the High 

Grade class, the precision score reached 0.85, meaning that 85% of the samples predicted as high severity 

corresponded to the actual high-grade category. 

On the testing dataset, the precision score for the Intermediate Grade class was 0.68, indicating that 

68% of the samples predicted as intermediate severity were correctly identified. Meanwhile, the High Grade 

class achieved a precision score of 0.76, suggesting that 76% of the samples predicted as high severity were 

correctly classified. Although the Random Forest classifier demonstrated strong precision performance on the 

training dataset, a decline in precision was observed on the testing dataset for both classes. This result may 

indicate reduced generalization performance when the model was applied to previously unseen data. 

 

 
a 

 
b 

Figure 11. Precision Values of the Random Forest Classifier: (a) 80% Training Data and (b) 20% Testing Data 
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3.3.  Characteristics of Machine Learning Model Recall Measurement 

In the context of bone tumor severity classification, recall measures the proportion of actual positive 

cases that are correctly identified by the model. This metric reflects the model's ability to detect patients who 

truly belong to a particular severity category. A higher recall value indicates that the model is more effective in 

identifying actual cases and reducing the number of false negatives. 

 

3.3.1. Naive Bayes Recall 

The recall results of the Naive Bayes classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a recall score of 0.70 for the Intermediate Grade class, 

indicating that 70% of the actual intermediate-grade cases were correctly identified by the model. For the High 

Grade class, the recall score was 0.76, meaning that 76% of the actual high-grade cases were successfully 

classified as high grade. 

These results suggest that the Naive Bayes classifier demonstrated a slightly better ability to identify 

high-grade bone tumor cases than intermediate-grade cases in the training dataset. A higher recall value for the 

High Grade class indicates that the model was more effective in minimizing false negative predictions for severe 

tumor cases. 

 

 
a 

 
b 

Figure 12. Recall Values of the Naive Bayes Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Naive Bayes classifier achieved a recall score of 0.68 for the Intermediate 

Grade class, indicating that 68% of the actual intermediate-grade cases were correctly identified by the model. 

Meanwhile, the High Grade class obtained a recall score of 0.81, meaning that 81% of the actual high-grade 

cases were successfully classified as high grade. These findings indicate that the model demonstrated a stronger 

ability to detect high-grade tumor cases than intermediate-grade cases in the testing dataset. 

 

3.3.2. Logistic Regression Recall 

The recall results of the Logistic Regression classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a recall score of 0.70 for the Intermediate Grade class, 

indicating that 70% of the actual intermediate-grade cases were correctly identified. For the High Grade class, 

the recall score reached 0.85, meaning that 85% of the actual high-grade cases were successfully classified by 

the model. 

These results suggest that the Logistic Regression classifier demonstrated a stronger capability in 

detecting high-grade bone tumor cases than intermediate-grade cases during the training phase. The higher recall 

value for the High Grade class indicates that the model was more effective in minimizing false negative 

predictions for severe tumor cases. 
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a 

 
b 

Figure 13. Recall Values of the Logistic Regression Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Logistic Regression classifier achieved a recall score of 0.73 for the 

Intermediate Grade class, indicating that 73% of the actual intermediate-grade cases were correctly identified by 

the model. Meanwhile, the High Grade class obtained a recall score of 0.86, meaning that 86% of the actual 

high-grade cases were successfully classified as high grade. 

These results demonstrate that the Logistic Regression classifier exhibited a stronger capability in 

detecting high-grade bone tumor cases than intermediate-grade cases. The higher recall score for the High Grade 

class suggests that the model was effective in reducing false negative predictions, thereby improving its ability to 

identify patients with severe tumor conditions. Overall, the testing results indicate that Logistic Regression 

provided robust recall performance, particularly for the detection of high-grade bone tumors. 

 

3.3.3. Decision Tree Recall 

The recall results of the Decision Tree classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a recall score of 0.72 for the Intermediate Grade class, 

indicating that 72% of the actual intermediate-grade cases were correctly identified by the model. For the High 

Grade class, the recall score reached 0.86, meaning that 86% of the actual high-grade cases were successfully 

classified as high grade. 

These results indicate that the Decision Tree classifier demonstrated a stronger ability to detect high-

grade bone tumor cases than intermediate-grade cases during the training phase. The higher recall value for the 

High Grade class suggests that the model was effective in identifying severe tumor cases while minimizing false 

negative predictions. Consequently, the classifier showed promising performance in recognizing patients with 

high-grade bone tumors. 

 

 
a 
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b 

Figure 14. Recall Values of the Decision Tree Classifier: (a) Training Data and (b) Testing Data 

 

For the testing dataset, the Decision Tree classifier achieved a recall score of 0.73 for the Intermediate 

Grade class, indicating that 73% of the actual intermediate-grade cases were correctly identified by the model. 

Meanwhile, the High Grade class obtained a recall score of 0.80, meaning that 80% of the actual high-grade 

cases were successfully classified as high grade. 

These results suggest that the Decision Tree classifier demonstrated better performance in identifying 

high-grade bone tumor cases than intermediate-grade cases. However, compared with the training results, a 

slight decrease in recall was observed for the High Grade class, indicating a reduction in the model's ability to 

generalize to unseen data. 

 

3.3.4. Random Forest Recall 

The recall results of the Random Forest classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved a recall score of 0.80 for the Intermediate Grade class, 

indicating that 80% of the actual intermediate-grade cases were correctly identified. For the High Grade class, 

the recall score reached 0.92, meaning that 92% of the actual high-grade cases were successfully classified by 

the model. 

These findings indicate that the Random Forest classifier exhibited excellent performance in detecting 

high-grade bone tumor cases during the training phase. The high recall score for the High Grade class suggests 

that the model was highly effective in minimizing false negative predictions and identifying patients with severe 

tumor conditions. 

 

 
a 

 
b 

Figure 15. Recall Values of the Random Forest Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Random Forest classifier achieved a recall score of 0.63 for the Intermediate 

Grade class, indicating that 63% of the actual intermediate-grade cases were correctly identified by the model. 

Meanwhile, the High Grade class obtained a recall score of 0.80, meaning that 80% of the actual high-grade 

cases were successfully classified as high grade. 

These results demonstrate that the Random Forest classifier was more effective in detecting High Grade 

bone tumor cases than Intermediate Grade cases. Although the model achieved excellent recall performance 
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during the training phase, a noticeable decline was observed in the testing dataset, particularly for the 

Intermediate Grade class. This reduction suggests that the model's ability to generalize to unseen data was lower 

than its performance on the training data. Nevertheless, the recall score of 0.80 for the High Grade class indicates 

that the classifier maintained a relatively strong capability to identify severe bone tumor cases while minimizing 

false negative predictions. 

 

3.4.  Characteristics of Machine Learning Model F1-Score Measurement 

In the context of bone tumor severity classification, the F1-score measures the overall effectiveness of a 

model in correctly identifying patients with Intermediate Grade or High Grade bone tumors while 

simultaneously evaluating its ability to accurately classify patients into the appropriate severity category. The 

F1-score provides a balanced assessment of model performance by considering both precision and recall. 

When evaluating classification models, a trade-off often exists between precision and recall. Improving 

precision may lead to a decrease in recall, while increasing recall may reduce precision. Therefore, relying on a 

single metric may not provide a comprehensive evaluation of model performance. 

The F1-score is defined as the harmonic mean of precision and recall, combining both metrics into a 

single performance measure. Because it is based on the harmonic mean, the F1-score becomes substantially 

lower when either precision or recall is low. Consequently, the F1-score is widely used to determine the balance 

between precision and recall and to assess the overall effectiveness of a classification model. In this study, the 

F1-score was employed to evaluate the ability of the Naive Bayes, Logistic Regression, Decision Tree, and 

Random Forest classifiers to predict bone tumor severity levels accurately and consistently. 

 

3.4.1. Naive Bayes F1-Score 

The F1-score results of the Naive Bayes classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved an F1-score of 0.70 for the Intermediate Grade class, 

indicating a balanced performance between precision and recall in identifying cases with intermediate tumor 

severity. For the High Grade class, the model obtained an F1-score of 0.77, demonstrating a stronger overall 

classification performance for patients with high-severity bone tumors. 

These results suggest that the Naive Bayes classifier was more effective in classifying High Grade cases 

than Intermediate Grade cases during the training phase. The higher F1-score for the High Grade class indicates 

that the model achieved a better balance between precision and recall, resulting in more reliable predictions for 

severe bone tumor cases. 

 

 
a 

 
b 

Figure 16. F1-Score Values of the Naive Bayes Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Naive Bayes classifier achieved an F1-score of 0.70 for the Intermediate 

Grade class, indicating a balanced classification performance in terms of both precision and recall for 

intermediate-severity bone tumor cases. Meanwhile, the High Grade class obtained an F1-score of 0.80, 

demonstrating a stronger overall performance in identifying and classifying high-severity tumor cases. 
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The higher F1-score achieved for the High Grade class suggests that the model was more successful in 

maintaining a balance between precision and recall when predicting severe bone tumor conditions. These results 

further confirm that the Naive Bayes classifier performed better in classifying high-grade tumors than 

intermediate-grade tumors. 

 

3.4.2 Logistic Regression F1-Score 

The F1-score results of the Logistic Regression classifier were obtained from both the training and 

testing datasets. On the training dataset, the model achieved an F1-score of 0.74 for the Intermediate Grade class, 

indicating a satisfactory balance between precision and recall in classifying intermediate-severity bone tumor 

cases. For the High Grade class, the model obtained an F1-score of 0.81, demonstrating stronger overall 

classification performance and a better balance between precision and recall for high-severity tumor cases. 

These results indicate that the Logistic Regression classifier was more effective in identifying and 

classifying High Grade bone tumors than Intermediate Grade tumors during the training phase. The higher F1-

score for the High Grade class suggests that the model achieved greater consistency and reliability in predicting 

severe tumor conditions. 

 

 
a 

 
b 

Figure 17. F1-Score Values of the Logistic Regression Classifier: (a) 80% Training Data and (b) 20% Testing 

Data 

For the testing dataset, the Logistic Regression classifier achieved an F1-score of 0.76 for the 

Intermediate Grade class, indicating a balanced performance between precision and recall in identifying 

intermediate-severity bone tumor cases. Meanwhile, the High Grade class obtained an F1-score of 0.84, 

demonstrating a stronger overall classification performance for high-severity tumor cases. 

These results indicate that the Logistic Regression classifier maintained a favorable balance between 

precision and recall across both classes, with superior performance observed for the High Grade category. The 

higher F1-score for the High Grade class suggests that the model was more reliable and consistent in detecting 

and classifying severe bone tumor cases. Overall, the Logistic Regression classifier showed strong generalization 

performance and achieved one of the highest F1-scores among the evaluated models. 

 

3.4.3 Decision Tree F1-Score 

The F1-score results of the Decision Tree classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved an F1-score of 0.76 for the Intermediate Grade class, 

indicating a balanced classification performance between precision and recall for intermediate-severity bone 

tumor cases. For the High Grade class, the model obtained an F1-score of 0.83, demonstrating stronger overall 

classification performance and a better balance between precision and recall for high-severity tumor cases. 

These findings suggest that the Decision Tree classifier performed more effectively in classifying High 

Grade tumors than Intermediate Grade tumors during the training phase. The higher F1-score for the High Grade 

class indicates that the model was able to maintain greater consistency in identifying severe tumor cases while 

balancing both precision and recall. 
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a 

 
b 

Figure 18. F1-Score Values of the Decision Tree Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Decision Tree classifier achieved an F1-score of 0.72 for the Intermediate 

Grade class, indicating a balanced performance between precision and recall in classifying intermediate-severity 

bone tumor cases. Meanwhile, the High Grade class obtained an F1-score of 0.80, demonstrating stronger overall 

classification performance for high-severity tumor cases. 

These results indicate that the Decision Tree classifier was more effective in identifying and classifying 

High Grade bone tumors than Intermediate Grade tumors. Although the model achieved relatively strong 

performance for both classes, the higher F1-score for the High Grade category suggests that it maintained a 

better balance between precision and recall when predicting severe tumor cases. Compared with the training 

results, a slight decrease in F1-score was observed on the testing dataset, indicating some reduction in 

generalization performance. 

 

3.4.4. Random Forest F1-Score 

The F1-score results of the Random Forest classifier were obtained from both the training and testing 

datasets. On the training dataset, the model achieved an F1-score of 0.84 for the Intermediate Grade class, 

indicating a strong balance between precision and recall in classifying intermediate-severity bone tumor cases. 

For the High Grade class, the model obtained an F1-score of 0.89, demonstrating excellent overall classification 

performance and a highly balanced relationship between precision and recall for high-severity tumor cases. 

These results suggest that the Random Forest classifier performed exceptionally well during the training 

phase, particularly in identifying and classifying high-grade bone tumors. The higher F1-score achieved for the 

High Grade class indicates that the model was highly effective in maintaining both accuracy and consistency 

when predicting severe tumor cases. 

 

 
a 
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b 

Figure 19. F1-Score Values of the Random Forest Classifier: (a) 80% Training Data and (b) 20% Testing Data 

 

For the testing dataset, the Random Forest classifier achieved an F1-score of 0.66 for the Intermediate 

Grade class, indicating a moderate balance between precision and recall in identifying intermediate-severity 

bone tumor cases. Meanwhile, the High Grade class obtained an F1-score of 0.78, demonstrating stronger overall 

classification performance for high-severity tumor cases. 

Although the Random Forest classifier achieved excellent F1-scores on the training dataset, a noticeable 

decrease was observed on the testing dataset for both classes. This decline suggests that the model's performance 

was less consistent when applied to unseen data. Nevertheless, the F1-score of 0.78 for the High Grade class 

indicates that the classifier maintained a relatively strong ability to balance precision and recall in detecting 

severe bone tumor cases. 

 

3.5.  Method Comparison 

The performance comparison of the Naive Bayes, Logistic Regression, Decision Tree, and Random 

Forest classifiers was conducted using the testing dataset with an 80% training and 20% testing data split. The 

comparison was based on three evaluation metrics: accuracy, recall, and F1-score. These metrics were used to 

assess the effectiveness of each classification method in predicting bone tumor severity levels. 

The comparative results of the performance parameters for each classification method are presented in 

Table 1. 

 

Table 1. Comparison of Testing Dataset Results for All Methods 

Method Accuracy Precision 

(0) 

Precision 

(1) 

Recall 

(0) 

Recall 

(1) 

F1-Score 

(0) 

F1-Score 

(1) 

Naive Bayes 76% 72% 79% 68% 81% 70% 80% 

Logistic 

Regression 

81% 79% 82% 73% 86% 76% 84% 

Decision Tree 77% 71% 81% 73% 80% 72% 80% 

Random Forest 73% 68% 76% 63% 80% 66% 78% 

 

. 

The findings indicate that among the four machine learning algorithms evaluated—Naive Bayes, 

Logistic Regression, Decision Tree, and Random Forest—Logistic Regression demonstrated the best overall 

performance in classifying bone tumor grades into Intermediate Grade and High Grade categories. Logistic 

Regression achieved the highest testing accuracy (81%), along with strong precision (0.79–0.82), recall (0.73–

0.86), and F1-score (0.76–0.84). Although Random Forest exhibited superior performance during training (87% 

accuracy and F1-score up to 0.89), its testing performance decreased substantially (71% accuracy), suggesting 

overfitting and weaker generalization capability. Meanwhile, Naive Bayes and Decision Tree produced moderate 

results, with testing accuracies of 76% and 77%, respectively. Across all models, classification performance was 

consistently better for the High Grade category than for the Intermediate Grade category, indicating that severe 

bone tumor cases possess more distinguishable patterns within the selected clinical features. 

The results of this study indicate that Logistic Regression achieved the best overall performance among 

the evaluated models, with an accuracy of 81% and the highest F1-score for the High Grade class (84%). These 

findings are consistent with previous studies demonstrating that machine learning algorithms can effectively 

support bone tumor classification and grading. Li et al. [7] reported that machine learning models provide high 

diagnostic performance for malignant bone tumor classification, emphasizing the importance of model 

generalizability for clinical application. Similarly, Cuzzubbo & Carpentier [42] found that machine learning 

techniques utilizing radiographic features can accurately differentiate bone tumor characteristics and improve 

diagnostic decision-making. Furthermore, Gitto et al. [43] demonstrated that machine-learning-based radiomics 

models achieved reliable classification performance in bone tumor assessment using MRI data. In the present 

study, Logistic Regression showed better generalization performance than Random Forest and Decision Tree, as 
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evidenced by its superior testing accuracy, recall, and F1-score. Although Random Forest achieved excellent 

performance on the training dataset, its lower testing results suggest a tendency toward overfitting. Therefore, 

the current findings support previous evidence that simpler and more interpretable machine learning models, 

such as Logistic Regression, may provide more stable and reliable performance for bone tumor severity 

classification when applied to unseen clinical data. 

The novelty of this study lies in the development and comparison of multiple machine learning 

approaches for bone tumor grade classification using clinicopathological variables, including sex, grade-related 

characteristics, histological type, primary soft tissue sarcoma site, and treatment information. While previous 

studies have predominantly focused on medical imaging modalities such as MRI, CT scans, and 

histopathological image analysis, this study demonstrates that satisfactory classification performance can be 

achieved using structured clinical data alone. Additionally, the study provides a comprehensive comparison 

based on multiple evaluation metrics (accuracy, precision, recall, and F1-score), allowing a more holistic 

assessment of model effectiveness and generalization performance for bone tumor severity prediction. 

The findings have important implications for both clinical decision support and medical data analytics. 

From a clinical perspective, the Logistic Regression model could serve as a practical and interpretable decision-

support tool to assist physicians in identifying high-grade bone tumors, enabling earlier intervention and 

treatment planning. From a methodological perspective, the results emphasize that model selection should not 

rely solely on training performance but should prioritize testing performance and generalization capability. The 

study also highlights the potential of machine learning techniques to support precision medicine by extracting 

predictive insights from routinely collected clinical data without requiring expensive imaging-based approaches. 

Despite the promising results, several limitations should be acknowledged. First, the study relied on a 

single dataset with a fixed 80:20 train-test split, which may limit the generalizability of the findings to other 

populations and clinical settings. Second, the models were developed using a limited number of clinical 

variables, potentially excluding other important predictors such as genetic markers, laboratory findings, and 

imaging characteristics. Third, no external validation dataset or cross-validation procedure was reported, which 

may affect the robustness of the performance estimates. Therefore, future studies should incorporate larger 

multicenter datasets, additional predictive features, and external validation strategies to improve model 

generalizability and confirm the applicability of the proposed classification framework across diverse patient 

populations. 

 

 

4. CONCLUSION 

Based on the data processing, analysis, and testing results, it can be concluded that all evaluated 

machine learning algorithms were capable of classifying bone tumor severity with satisfactory performance 

using an 80:20 train-test data split. On the testing dataset, the Naive Bayes classifier achieved an accuracy of 

76%, precision of 79%, recall of 81%, and F1-score of 80%; Logistic Regression achieved an accuracy of 81%, 

precision of 82%, recall of 86%, and F1-score of 84%; Decision Tree achieved an accuracy of 77%, precision of 

81%, recall of 80%, and F1-score of 80%; while Random Forest achieved an accuracy of 73%, precision of 76%, 

recall of 80%, and F1-score of 78%. Among the evaluated models, Logistic Regression demonstrated the best 

overall performance, achieving the highest accuracy, precision, recall, and F1-score on the testing dataset. These 

findings indicate that Logistic Regression is the most effective and reliable method for classifying bone tumor 

severity within the dataset used in this study. For future research, it is recommended to compare the performance 

of Logistic Regression with advanced deep learning algorithms, such as Long Short-Term Memory (LSTM), 

Bidirectional Long Short-Term Memory (BLSTM), Gated Recurrent Unit (GRU), and Recurrent Neural 

Network (RNN), as well as to utilize larger datasets and incorporate additional features to improve model 

accuracy and generalization performance. 
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