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ABSTRACT— Analysis of breast mass characteristics via ultrasound images plays an important role in 

cancer screening and treatment planning. Currently, Radiomics is utilized as a useful quantitative tool for 

medical image analysis. In this work, there are a total of 96 Radiomics features of biological characteristics 

and image textures from 3 main groups were extracted to analyze. The values and importance values of 

features and feature groups were quantified by statistical methods. Based on these results, the differences in 

tumor characteristics and image textures between benign and malignant breast masses were analyzed in depth, 

which can reveal the biological properties discrimination among groups. Moreover, several classification 

models, such as the Support Vector Machine and Ensemble learning model, and an oversampling method 

were utilized to confirm the discriminant performance via Radiomics-based features in the limited-amount 

dataset. The statistical feature analysis results extensively reveal the biological characteristics and texture 

differences between benign and malignant tumors. This result orient the further feature extraction process, in 

order to improve the classification and biological analysis of tumors. In addition, the classification results of 

the ensemble learning approaches with oversampling technique presented the highest performance, with the 

F1 score of 87% for benign tumors and 65% for malignant tumors, although training in a small number of 

images. 
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1. INTRODUCTION 

Breast Cancer is the leading cancer that causes high mortality in women [1]. Breast cancer is basically the 

out-of-control expansion of the abnormal cells within the breast tissue, especially in the breast ductal and 

lobular systems. Due to its high-risk factor for females, early screening could provide promptly curing 

progress. Moreover, breast cancer detection and classification in the primary period could simply be the 

treatment planning, reducing the mortality of this dangerous disease. Overcrowding in hospitals is also a 

concern nowadays, as the increased workload will reduce the efficiency and accuracy of doctors’ diagnoses. 

In conclusion, a fast and accurate supporting tool is needed to achieve the surpassing breast cancer screening 

and treatment planning pipeline. 

 

Nowadays, Artificial-Intelligence-based tools are widely applied for medical image analysis purposes due to 

their superb performance. Relying on the automatic feature extraction by a Deep-Learning-based model [2] 

or handcrafted feature extraction [3] combined with classical ML approaches, an AI-based model could 

provide insight into the abnormalities, and remarkably perform many advantageous tasks such as image 

detection, classification, segmentation, and generation. Moreover, with the bearing computation ability of the 
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current computer systems, AI-based medical image analysis tool is able to provide significant performance in 

these tasks. In this work, we aim to utilize an AI-based model to analyze the ultrasound image of a breast 

mass. 

 

The deep-Learning model is a state-of-the-art AI-based tool in image analysis due to its performance. 

However, several limitations are available when applying this powerful tool to the medical image field. With 

the ability to extremely extract an enormous number of image features, the deep learning model is able to 

achieve remarkable accuracy in image analysis problems [2]. Nevertheless, a huge number of image samples 

is needed to avoid overfitting when training these heavy models [3], [4]. Moreover, in the medical image field, 

there are many difficulties to obtain a dataset with a huge number. Because the disease and cases are not 

always available. The medical image annotation process is also complicated. In addition, deep learning is 

called the ”black box” model because it could not provide insight into extracted features. therefore, a tool that 

can overcome the limited dataset issue and reveal insight into the quantified features is able to play an 

important role in medical image analysis. 

 

Radiomics is a medical image feature extraction pipeline that quantifies the object characteristics and image 

contexts, including complex patterns that are difficult for the human eye to recognize [5]. Due to a large 

number of quantitative features that could be extracted by Radiomics, this tool is able to provide robust 

information on the biological characteristics and image textures of the abnormal region. Unlike the Deep 

learning model, the handcrafted Radiomics features could provide insight into the abnormalities, then the 

differences among genomics and proteomics of diseases [4- 6], which has a considerable contribution to 

oncology application. In this work, we aim to quantify the malignant and benign breast mass characteristics 

and determine biological structure differences among breast mass types by Radiomics features. 

 

2. BACKGROUND & RELATED WORKS 

Although the deep learning model has presented a considerable performance in breast mass classification, 

there are several limitation remaining when applying this technique. In [2], the high AUC value was presented 

when performing breast cancer classification with several Deep Learning models via the Breast mammogram 

dataset. However, a large number of images was used, and over 10 thousand samples and a huge computation 

resource were used. In [3], compared to the Deep learning model, the handcrafted-based classification model 

consistently produces AUCs from 0.85 to 0.91 with increasing training sample size. While the Deep learning 

model performance is around 0.58 of AUC when decreasing the sample size of the dataset. In addition, Deep 

Learning feature extraction is the ”black box” model, when the insight or biological meaning of its huge-

amount features is unclear. While Radiomics is able to provide robust information on the biological 

characteristics and image textures of the abnormal region of the medical image. Therefore, the handcrafted 

Radiomics features extraction is utilized in this work. 

 

The Radiomics-based model was proved that can obtain remarkable performance in medical image analysis, 

especially in classification issues even in the small-amount dataset. In [7], the classification performance of 

the handcrafted features extraction pipeline outperformed the deep learning model. Especially in breast cancer 

classification and prediction, in [8], Radiomics features are able to highlight the object traits, hence 

significantly augmenting the discriminatory and predictive potential of breast cancer in Magnetic Resonance 

Imaging. In [9], the accuracy of 100% and 80% correct classification rate for the non-malignant Vs malignant 

tumors via the breast histopathology image. In [10], the accuracy is greater than 90% when performing 

Radiomics for the breast mass classification of Mammogram images. In conclusion, the robust information 

from Radiomics features could show the quantified differences among abnormalities to effectively handle the 

medical image classification issue. 
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In addition, to improve the classification results, Radiomics is able to provide robust information on the 

biological characteristics and image textures of the abnormal region, and the discriminatory and predictive 

potential among breast tumor types. In [10], by the features extracted from the Breast mammogram images, 

the differences of histological outcomes and molecular subtypes between benign and malignant tumors were 

quantified. In [11], first-order and second-order statistic features, which are Radiomics features, are extracted 

and clearly explained with the value range. However, the explanation in the histological characteristics of 

benign and malignant is needed to be described. 

 

This work takes advances from Radiomics, to quantify the breast mass characteristics and image textures in 

the ultrasound image to show the differences between benign and malignant tumors. Our work focuses on  

 Quantitative abnormal characteristics and image textures by extracting large amounts of Radiomic 

features.  

 Analyzing and evaluating the performance among features and features groups by statistical 

techniques, concluding with the biological differences between breast benign and malignant tumors. 

 Performing classification models to confirm the performance of Radiomics features. 

 

3. METHODOLOGY 

The analysis pipeline was processed in 3 main steps (Figure 1). Firstly, the dataset preparation is explained in 

Section III-A. Then the Radiomics-based feature extraction process is specifically shown in Section III-B. 

Finally, the analysis process includes feature analysis, classification model and the evaluation method are 

respectively described in Section III-C, Section III-D, and Section III-E. 

 

 
Fig. 1. The Ultrasound image of Breast mass analysis with Radiomics pipeline 

 

3.1 Dataset 

In this work, the BUSI dataset [12], the breast ultrasound image of the benign and malignant mass dataset, 

was em ployed to analyze. This ultrasound image dataset includes a total of 647 images, with high variance 

in the size and shape of the tumor (Figure 2). For analysis and evaluation, the dataset was divided into 

 Training data: 362 benign tumors and 171 malignant tumors. 

 Validation data: 91 benign tumors and 40 malignant tumors. 
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Fig. 2. The benign (right) and Malignant (left) tumors in the BUSI dataset 

 

3.2 Feature Extraction 

There are 3 main groups of Radiomics features and a total of 96 features (detail in Table I) were extracted in 

this work [13]. Firstly, the shape-based features quantify the appearance, contour, and surface of a tumor. 

These characteristics could be presented as the difference in the expansion of benign and malignant tumors 

within the breast tissue. 

 

Secondly, the first-order statistics features present the pixel value statistics, which grades the tumor structure 

into gray levels. 

 

Finally, 5 groups of the second-order statistics features were extracted: the Gray-level cooccurrence matrix 

(GLCM), Gray Level Size Zone Matrix (GLSZM), Gray Level Run Length Matrix (GLRLM), Gray Level 

Dependence Matrix (GLDM), Neighbouring Gray Tone Difference Matrix (NGTDM). In this group, the 

image textures, which shows the relationship among the neighbor pixel within the region of interest, were 

quantified. Image texture features could reveal the different distribution of cancer cells in benign and 

malignant tumors. 

 

TABLE I EXTRACTED FEATURES 

Feature Group  Number 

Shape  9 
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First order 

statistics  

18 

GLCM  24 

GLSZM  16 

GLRLM  14 

GLDM  12 

NGTDM  4 

Total  96 

 

3.3 Feature Analysis 

The investigation of features and interpretation by biological characteristics based on medical images plays 

an important role in medical image analysis. Feature Importance refers to techniques that score all input 

features for a given model, the score simply represents the ”importance” of each feature, which weighs the 

positive contribution of this feature to the classification results. A feature with high importance value 

determines the significant difference between labels, especially in this work are the benign and malignant 

tumors. Moreover, it reveals the biological discriminative among tumor types. Therefore, with the importance 

value, the discriminatory and predictive potential between benign and malignant tumors could be clearly 

presented. In this work, the statistical feature analysis method, the ANOVA F-test was utilized to achieve the 

feature importance value. 

 

3.4 Classification model 

In this work, 3 classification models were utilized: the Support Vector Machine (SVM) and 2 Ensemble 

Learning models, the Random Forest, and the XGBoost models. 

 

Before inputting the extracted features, 2 statistics-based feature selection models were applied to exclude the 

ineffective features from the testing process. The ANOVA F-test and the LASSO models were chosen due to 

their strengths to show the differences in value range among the benign and malignant tumors. 

 

Finally, due to the imbalance sample between breast mass types, an oversampling technique, Synthetic 

Minority Oversampling Technique (SMOTE) [14], was implemented to equally error calculation in the 

training process between classes of the dataset, in which the number of benign samples is significantly higher 

than the malignant samples. 

 

Then all of these combinations are evaluated to deeply confirm the performance of the Radiomics features 

and to make the comparison among their methods. 

 

3.5 Evaluation Method 

For feature analysis, the importance values of the ANOVA F-test calculation are performed to quantify the 

contribution of each feature and feature group to the classification model 

For classification performance, due to the imbalance amount among benign and malignant tumors, each class 

was separately evaluated by the F1 score and the confusion matrix. 

 

4. RESULTS AND ANALYSIS 
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4.1 Feature Analysis 

Shape features significantly contribute to the classification performance due to their high importance values 

(Figure 3). Especially features such as Sphericity, Pixel Surface, Perimeter,... have high importance around 

greater than 100. Furthermore, through the statistics of the box chart in (Figure 4), these features have a low 

overlap value range, showing a clear distinction between benign and malignant tumors. In addition, the value 

of the perimeter of a malignant is larger than that of a benign tumor, while the Sphericity value of a benign 

tumor is higher. 

 

First-order statistics features mostly have categorical significance, however, their importance values (0-40) 

are quite low compared to the Shape features (Figure 5). Because the frequency of high-value pixel 

occurrences on benign and malignant tumors is quite similar, while the group of first-order statistical features 

is mainly based on this feature. In the image region of interest, according to the histogram (Figure 12), the 

occurrence frequency of the value gray level pixels is much higher in the black region than in the white region, 

the distribution of the histogram is similar in both benign and malignant tumors. 

 

The importance of the GLCM feature group is relatively high, but lower than that of the shape feature group 

(Figure 6). Features related to Entropy factor such as: Sum Entropy, Joint Entropy is higher than other features. 

Through the box plot of Figure 7, the overlapping values of these features are low, so their importance is quite 

high. Furthermore, the Entropy values of malignant tumors give higher values than benign ones. 

 

The importance of the GLSZM feature group is mostly low, only the Size Zone Non-Uniformity and Gray 

Level Non-Uniformity features are superior to the other features. In Figure 8, the overlap of the value ranges 

of the two characteristics, so their classification importance is high. In addition, the Uniformity-based feature 

values of malignant tumors were mostly higher than those of benign tumors. 

 

The same importance values results are shown in GLRLM and GLDM when the Entropy-based and 

Uniformity-based features are significantly higher than other features in their group (Figure 6, and the value 

overlap range is minor (Figures 7 and 8). 

 

In conclusion, the Entropy-based and Uniformity-based features remarkably contribute to the classification 

accuracy of benign and malignant tumors. 
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Fig. 3. Importance values of Shape statistic features 

 

 
Fig. 4. The Shape-based feature value range difference between Malignant and Benign tumors 
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Fig. 5. Importance values of First-order statistic features 

 

 
Fig. 6. Importance values of Second-order statistic feature 
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Fig. 7. The Entropy-based feature value range difference between Malignant and Benign tumors 
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Fig. 8. The Uniformity-based feature value range difference between Malignant and Benign tumors 

 

4.2 Classification Model 

SMOTE significantly contributes to the classification performance improvement. As Tables II and III shown, 

all classification performance metrics significantly improved after performing SMOTE. Especially, the F1-

score of the malignant tumor increase by 7% in the XGBoost model with the LASSO feature selection model. 

This shows that the minority sampling technique gives uniformly high efficiency on data with two unbalanced 

samples. Moreover, according to the confusion matrix of the Random Forest model (Figure 9) and the 

XGBoost (Figure 10), true malignant prediction results increased while false benign prediction results 

decreased after performing SMOTE. In conclusion, the oversampling method is able to improve the 

classification performance of the imbalance dataset, especially in the class with few samples. 

 

As the classification results presented (Table II and III), Ensemble learning presented better performance than 

SVM. The Radiomics-based model presented considerable performance even using few amounts of data. 

 

Two statistical feature selection methods presented a comparable performance in 3 classification models. The 

highest performance model (F1-score = 87% in benign tumor and F1-score = 65% in the malignant tumor) is 

the combi nation of Random Forest, ANOVA F-test, and SMOTE. 

 

TABLE II THE CLASSIFICATION RESULTS BEFORE PERFORMING SMOTE 

 ANOVA F-test  LASSO 
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Benign  Malignant  Benign  Malignant 

RF  0.85  0.60  0.84  0.62 

SVM  0.83  0.62  0.80  0.60 

XGBoos

t  

0.85  0.60  0.82  0.58 

 

TABLE III THE CLASSIFICATION RESULTS AFTER PERFORMING SMOTE 

 ANOVA F-test  LASSO 

Benign  Malignant  Benign  Malignant 

RF  0.87  0.65  0.85  0.64 

SVM  0.85  0.63  0.82  0.63 

XGBo

ost  

0.87  0.64  0.85  0.65 

 

 
Fig. 9. The confusion matrix of the Random Forest model before and after using SMOTE 
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Fig. 10. The confusion matrix of the XGBoost model before and after using SMOTE 

 

5. DISCUSSION 

Due to the extreme difference in object traits between the benign and malignant tumors (Figure 11). The 

benign tumor has a smoother surface and high roundness due to the equal expansion of its tissue. Unlike 

benign tumors, malignant tumors quickly expand and spread to normal breast tissue. As a result, the surface 

of a malignant tumor is complex with an undefined shape. Consequently, a high-importance value is presented 

in Shape-based features. 

 

First-order features slightly presented their contribution to classification results. Because within the region of 

interest, the breast tumor region on the ultrasound image, the pixel value mostly distribute in black color (low 

gray level). As a result, the histogram of both benign and malignant tumors have a similar form. This 

distribution explains the low importance of the first-order statistics features. 

 

Generally, in the second-order statistics features, the Entropy-based and Uniformity-based features have the 

highest importance value, which determines the difference in image textures and the biological structure 

distribution differences between benign and malignant tumors. The high value of the Uniformity-based and 

Entropy-based feature groups presented the extensive difference in the distribution of adipose tissue and 

cancer pattern in benign and malignant tumors, which is more equal in benign tumors and uneven in malignant 

tumors. In benign breast tumors, the high homogeneity in this tissue was shown. In other words, proteomics 

characteristics inside the benign tumor are almost the same. As a result, the gray level of the pixel values 

within the benign breast is equally distributed, therefore the Uniformity characteristics decrease. The 

dependency of the adjacent pixels and the region of pixels is considerably high, so the chaos (Entropy) is 

always low. On the other hand, the pixel value within the malignant tumor is unevenly distributed. That reveals 

the complex biological structure inside the malignant tumor. It can be explained by the uncontrolled expansion 

of cancer cells into the surrounding space in this cancer type. Consequently, the dependency on the adjacent 

pixels and the region of pixels is considerably high due to the uneven distribution. It also results in high chaos 

characteristics and high Entropy value. These results present the biological structure differences between 

benign and malignant tumors, revealing the discriminatory and predictive potential of relying on it. 

 

There is a total of 96 features have been extracted in this work and the highest classification performance was 

recorded at the F1-score at 87% in benign and 65% in malignant tumors. However, more features needed to 

be extracted, such as Wavelet-based features [15], Gaussian mixture model [3], Euler characteristic curve 

[3]... Moreover, depending on the feature analysis results, new features related to the potential characteristics 

should be mined, such as features of the Dependency and Uniformity of the neighbor pixels or area of pixels. 

 

In the classification model, SMOTE significantly improved the performance of the classification model, due 

to bias learning reduction in the training phase. Inequal numbers among disease cases are an interesting 

challenge for medical image datasets, and the oversampling method could be the solution to this challenge. 

However, the results just slightly improved. Therefore, a strength method is needed. The Generative 

Adversarial Network is a deep learning model with the ability to well generate a medical dataset [16] and 

could be a potential tool for the imbalance dataset handling solution. 
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Fig. 11. The shape difference between Malignant (right) and Benign (left) 

 

 
Fig. 12. The histogram difference between Malignant (right) and Benign (left) tumor 

 

6. CONCLUSION 

Breast mass classification plays an important role in breast cancer screening and treatment planning. Deeply 

understanding the biological characteristics and image texture of the abnormalities provides insight into the 

breast mass types and their discriminative potential. In this work, 96 Radiomics features were extracted to 

perform the feature analysis and classification. The F1-score of 87% in the benign tumor and 65% in the 

malignant tumor was shown in the Random Forest model with SMOTE and ANOVA F-test feature selection 
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technique. The shape-based features presented a considerable contribution to the classification performance 

with high importance value. In second-order statistics features, Uniformity based and Entropy-based features 

provided a high discriminative factor between benign and malignant tumors. These importance values and 

statistical information reveal the biological difference among tumor types. In future work, additional features 

could be extracted according to the potential factors. 
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