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Abstract 
 

Background: Breast cancer is one of the leading causes of 

cancer-related deaths among Indonesian women. Early 

detection and classification of molecular subtypes are crucial for 

determining appropriate therapy. Accurate determination of 

biological subtypes of breast cancer is essential for selecting 

optimal treatment strategies. This research aims to build and 

evaluate a breast cancer subtype classification model using the 

SVM with an RBF kernel. The subtypes classified include Luminal 

A, Luminal B, HER2+, and Triple Negative Breast Cancer, utilizing 

a combination of patient clinical data (age, tumor size, and 

tumor location), cancer stage, and the expression status of 

hormonal receptors ER and PR. The methodological steps 

include data preprocessing, feature selection, model training 

with cross-validation, and performance evaluation using metrics 

such as accuracy, precision, recall, F1-score, and the ROC-AUC 

curve. The results showed that the majority of patients' ages 

were in the range of 40–60 years, with dominant tumor sizes 

between 1 and 3 cm. Luminal A and B subtypes were more 

frequently observed in patients aged ≥50 years and at early 

stages, whereas HER2+ and TNBC were mostly observed in 

patients under 50 years with advanced stages. The established 

baseline SVM-RBF model achieved high accuracy (91%) but 

performed poorly at detecting minority subtypes, such as 

HER2+, with a recall = 0 and an F1-score = 0, indicating model 

bias toward the majority class. This study demonstrates that the 

SVM algorithm with the RBF kernel is effective for modeling 

breast cancer subtype classification using clinical data, cancer 

stage, and immunohistochemistry results.  

 

Keywords: Breast_cancer_classification, clinical_data, 

immunohistochemistry, RBF kernel, SVM. 
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INTRODUCTION 
Breast cancer is the leading cause of morbidity and mortality among women worldwide. According to 

GLOBOCAN 2020 data, breast cancer accounts for approximately 25% of all cancer cases in women. 

Further research shows that early diagnosis and classification of cancer subtypes are crucial for 

selecting the appropriate therapeutic strategy (Sung, H. et al., 2021). Molecular-based breast cancer 

classification is often based on hormone receptor expression, including Estrogen Receptor (ER), 

Progesterone Receptor (PR), and Human Epidermal Growth Factor Receptor 2 (HER-2). Breast cancer 
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subtypes that are positive for ER and PR generally respond better to hormone therapy and have a 

better prognosis compared to negative subtypes (Kittaneh, M. et al 2013). Early detection and accurate 

diagnosis are crucial for improving prognosis and determining effective treatment strategies. In the 

last decade, the application of machine learning methods, particularly Support Vector Machine (SVM) 

with Radial Basis Function (RBF) kernel, has gained significant attention in breast cancer classification 

(Abdurrahman, G., 2023). This method can process clinical data, cancer stage, and 

immunohistochemistry results of ER and PR receptors to provide more accurate predictions (Ilham, A. 

et al., 2025a). 

SVM is a machine learning algorithm designed to solve classification and regression problems. 

SVMs work by finding the optimal hyperplane to separate the dataset into two classes (Ilham, A. et al., 

2025b). In the medical field, SVM has been widely used to classify various types of biological data, 

including genetic data and medical images (Choudhury, P. et al., 2021). The RBF kernel is a kernel used 

to handle data that cannot be separated linearly. This kernel maps the data into a higher-dimensional 

space, allowing for more complex separation between data classes. The RBF kernel function is a 

parameter that determines the influence range of a data point. Recent studies have reported that 

applying the RBF kernel in SVM can significantly improve model accuracy, especially when applied to 

clinical data and breast cancer radiology results (Huang, S. et al., 2018; Kamaruddin, M., 2023). 

Clinical data and cancer staging significantly improve the performance of SVM models. Clinical 

data provide important information about the patient's initial condition, while the cancer stage gives 

an overview of the extent of disease spread. The combination of these two types of data allows the 

SVM model to perform more accurate classification. Other studies have also shown that integrating 

this data improves the predictive ability of SVMs in overall breast cancer diagnosis (Bilal, A. et al., 

2024). In addition to clinical data and cancer stage, ER and PR immunohistochemistry results are 

important for classification. ER and PR status are the main indicators in determining breast cancer 

subtypes and response to hormone therapy. Recent studies show that SVM models integrating this 

immunohistochemical information achieve higher accuracy in predicting patient prognosis. This 

indicates that combining clinical data, cancer staging, and immunohistochemistry results can create a 

more reliable diagnostic model and support clinical decision-making (Onitilo, A. A., et al., 2009). 

A hybrid approach that combines the RBF kernel and SVM has also been used for mammography 

image classification (Maulana, H. et al., 2026). Research shows that this method not only improves 

accuracy but also enhances sensitivity and specificity in detecting breast cancer. By integrating various 

types of data into the model, this approach provides promising results to support medical decision-

making and breast cancer therapy planning (Wang, D. et al., 2023).  The application of the SVM method 

with an RBF kernel, integrating clinical data, cancer stage, and immunohistochemistry results, offers a 

promising approach to improve classification accuracy in breast cancer. The development of such 

models can support more effective clinical decisions and improve therapeutic outcomes for breast 

cancer patients. Previous studies by Wang et al. (2019) have shown that the use of clinical and 

molecular data in the SVM model increases sensitivity by up to 15% compared to traditional methods 

(Wang et al., 2019). In addition, this approach can help reduce diagnostic error rates caused by manual 

evaluation by pathologists. 

The use of immunohistochemistry data for breast cancer assisted by machine learning 

algorithms, such as SVM, adds value to diagnosis, prognosis, and treatment recommendations, making 

it a potential solution for personalizing medical care (Singh, B.K., 2019). Based on the background, this 

research aims to build and evaluate a breast cancer subtype classification model using the SVM with 

an RBF kernel. 

 

MATERIAL AND METHODS 
The research sample used is a dataset consisting of 480 breast cancer patient data containing clinical 

information, including age (years), tumor size (cm), tumor location (left/right), cancer stage (I, II, III, 

IV), and immunohistochemical results (ER, PR, and HER2) (positive/negative). The number of samples 
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in the dataset is based on total sampling from January 2023 to December 2024, referring to 1) patients 

who have been diagnosed with breast cancer who came to RSUP Dr. Soeradji Tirtonegoro Klaten and 

RSU PKU Muhammadiyah Delanggu, and 2) patients with complete clinical data, including clinical data 

(age, tumor size, and location), cancer stage, and immunohistochemical results (ER, PR, and HER2). 

Patients with breast tumors that are not cancer, such as benign tumors (fibroadenoma), are not 

included in this study. 

 

Data Preprocessing Using Exploratory Data Analysis (EDA) 

The purpose of data preprocessing is to optimize model performance by cleaning, normalizing, and 

encoding data before use in classification. The data preprocessing steps are as follows: 
a. Handling Missing Values by: 

1. Identifying variables with missing values, especially in numerical (age, tumor size) and 

categorical (ER, PR) variables. 

2. Imputing missing data with the mean or median for numerical variables and the mode for 

categorical variables. 

3. If the number of missing values is greater than 30% in a certain feature, that feature can be 

removed to maintain data quality. 

b. Data Normalization 

Numerical variables such as tumor size may have a very different range of values from other 

variables, which can cause the model to prioritize variables with a larger scale. The SVM model is 

sensitive to data scale, so normalization is necessary to ensure that all features are in the same 

range. Min-Max Scaling: transforms feature values to a 0-1 range to make it easier for the model 

to process. Standardization (Z-score Normalization): Converts values into a distribution with mean 

= 0 and standard deviation = 1. 
c. Data Distribution Analysis 

Displaying data distribution using visualizations such as histograms, boxplots, and count plots 

for age, tumor size, tumor location, cancer stage, immunohistochemistry ER and PR examination 

results, and breast cancer subtypes. Performing correlation analysis between numerical variables 

and a crosstab between categorical variables to understand the pattern of relationships between 

features. 
d. Categorical Data Encoding 

The SVM model cannot work directly with categorical data, such as tumor location 

(right/left), cancer stage (I, II, III, IV), and immunohistochemical results for ER and PR 

(Positive/Negative). Therefore, encoding is required to convert this data to a numerical format for 

use in the model. There are two common methods used: 

➢ One-Hot Encoding: Converts categories into binary form (0 and 1): 

ER (+) → 1, ER (-) → 0 

PR (+) → 1, PR (-) → 0 
➢ Label Encoding: Converts categories into sequential numbers (ordinal). For example: 

Stage I → 1, Stage II → 2, Stage III → 3, Stage IV → 4 

 

In the subsequent analysis, the ER and PR variables are not displayed in the confusion 

matrix because they serve as input features in the SVM modeling process; instead, the 

confusion matrix lists the subtype classification target labels as the output classes of the breast 

cancer model (Luminal A, Luminal B, TNBC, and HER2+).   

 
e. Feature Selection (FS) 

The goal of FS is to filter the most relevant features to improve model performance and 

efficiency with the recursive Feature Elimination (RFE) technique, which iteratively removes the 
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least important features to improve model accuracy using the optimal feature subset, and the 

Correlation Analysis (CA) to identify features that have a strong linear relationship with each other. 

Highly correlated features can provide redundant information and may cause overfitting. By 

removing a highly correlated feature, the model can become simpler and more efficient without 

losing important information. 
 

Modeling Construction  
a. k-fold cross-validation  

The data was split at an 80:20 ratio, with 80% for training and 20% for testing. To enhance the 

model's reliability, a 5-fold cross-validation approach was used, with each fold serving as validation 

data. This process was repeated k times, so each part of the dataset has an equal chance of serving 

as test data. In this study, 5-fold cross-validation was used, meaning the dataset was divided into 5 

parts. The model was trained using four parts and tested using the remaining one. The evaluation 

results from the five iterations are then averaged to obtain a stable performance metric that is 

independent of any particular subset. 

b. SVM Implementation 

This study used the SVM algorithm with an RBF kernel as the primary method for classifying breast 

cancer subtypes. The RBF kernel was chosen for its ability to handle data patterns that cannot be 

linearly separated by mapping the data into a higher-dimensional space, enabling an optimal 

separating hyperplane to be found. The SVM algorithm operates under the maximum-margin 

principle, which seeks a hyperplane that maximizes the distance to the nearest data points (support 

vectors).  

Model Evaluation 
a. Confusion Matrix, used to see the distribution of correct and incorrect predictions between classes. 

1) Accuracy measures the proportion of correct predictions out of all data: 

Accuracy = (TP+TN)/((TP+TN+FP+FN) 

 

where TP is True Positive (the model predicts the patient has a low risk of breast cancer); TN is 

True Negative (the model predicts the patient has a moderate or high risk of breast cancer); FP 

is False Positive (the patient actually has a moderate or high risk, but the model predicts the 

patient as low risk); and FN is False Negative (the patient actually has a low risk, but the model 

predicts the patient as moderate or high risk). 

 
2) Precision measures the model's accuracy in predicting positive classes: 

Precision=TP/(TP+FP) 

 
3) Recall (Sensitivity), measures how many actual positive data points are successfully identified 

correctly by the model. 

Recall=TP/(TP+FN) 

 
4) F1-Score is the harmonic mean of precision and recall: 

F1=2 x (Precision x Recall)/(Precision+Recall) 

 

RESULTS  
1. Data Preprocessing Results 

The dataset comprises 480 records of breast cancer patients, including clinical information 

such as age, tumor size (in cm), tumor location (left/right), cancer stage (I, II, III, or IV), and ER and 
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PR immunohistochemistry results. In the EDA stage, initial analysis was performed to understand 

the data characteristics: 

a. Age Distribution 

Patient age distribution is an important variable in breast cancer analysis, as age plays a role as 

one of the main determinants in the incidence of breast cancer. Evaluation of age distribution 

enables the identification of age groups with the highest prevalence, which can serve as the 

basis for policy-making related to screening and early detection (Fig. 1). 

 

 
Figure 1. Age Distribution 

 

As shown in Figure 1, the age distribution of breast cancer patients is presented as a 

histogram with a Kernel Density Estimation (KDE) curve. The histogram illustrates that most 

patients fall within the age range of 40 to 60 years, with the highest concentration occurring 

around 50 years of age. This indicates that the middle-aged group is the most dominant 

population in the analyzed data.  

b. Tumor Size Distribution 

The tumor size variable is one of the important factors influencing the diagnosis and prognosis 

of breast cancer patients. Tumor size is a crucial indicator in determining cancer stage and 

selecting appropriate treatment strategies. The distribution of tumor size will be visualized using 

a histogram, which will show how tumor size is distributed among breast cancer patients. The 

illustration of the tumor size distribution is shown as follows: 

 

 
Tumor size 

Figure 2. Tumor size distribution 
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As shown in Figure 2, the tumor size distribution of breast cancer patients shows an 

asymmetrical pattern with a right-skewed tendency. The majority of patients have small tumors, 

with the peak of the distribution below 10 mm, while a small number have very large tumors, 

exceeding 100 mm.  

c. Tumor Location Distribution 

Tumor location is one of the important variables in breast cancer studies, as several studies have 

shown differences in the frequency of occurrence between the left (sinistre) and right (dextra) 

sides of the breast. The analysis of tumor location distribution in this dataset aims to determine 

tumor laterality patterns and potential asymmetries that can serve as a basis for further 

epidemiological and clinical studies. The description of the tumor location distribution is shown 

as follows: 

 
Figure 3. Tumor location distribution. 0; Dextra (right), 1: Sinistra (left) 

 

As shown in Figure 3, the distribution of tumor locations in this study indicates that the majority 

of tumors were found in the left breast (SINISTRE) with 200 cases (52.9%), while the remaining 

were in the right breast (DEXTRA) with 178 cases (47.1%).  

d. Distribution of Cancer Stages 

Breast cancer stage is an important clinical indicator that reflects the disease's progression and 

significantly influences treatment selection and patient prognosis. The staging classification 

system is typically divided into four levels, namely stages I-IV, which reflect the progression of 

cancer from early stages to metastatic conditions (Figure 4).  

 

 
Figure 4. Cancer Stages distribution 

 

As shown in Figure 4, the distribution of breast cancer patients by disease stage (stage I to IV). 

Based on the visualization, it is evident that the majority of patients are diagnosed at an 
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advanced stage, with Stage III being the most prevalent category, followed by Stage IV. 

Meanwhile, Stage I and II, which reflect the early stages of cancer development, were recorded 

in lower numbers. 

 

e. ER and PR Distribution 

The status of ER and PR hormonal receptors is a crucial indicator in determining breast cancer 

subtypes and treatment direction, particularly for hormonal therapy. Patients with positive 

expression for these receptors tend to have a better response to treatment. Therefore, analyzing 

ER and PR distribution provides an initial overview of the biological characteristics of patients in 

the dataset (Figure 5).  

 

 
Figure 5. ER and PR distribution 

 

As shown in Figure 5, among 290 patients, 60.4% (n=290) were ER-positive, and 39.6% (n=190) 

were ER-negative. For PR status, 265 patients (55.2%) showed positive expression, and 215 

patients (44.8%) showed negative expression. 

The confusion matrix for the baseline model uses testing data (96 data points) obtained from 

the dataset division using the train-test split method, with the following calculation: 

480 × 20% = 96 

Meaning: 

384 data → training and 96 data → testing 
 

2. SVM Classification Results with RBF Kernel Function 

The classification model was built using an SVM with an RBF kernel to classify breast cancer 

subtypes based on patient clinical data, cancer stage, and immunohistochemistry results. The 

classification process was carried out without data balancing or parameter tuning, and ollowing 

image presents the confusion matrix of the baseline SVM model's prediction results, which shows 

the model's success rate in classifying each breast cancer subtype based on the true label and the 

predicted label: 

As shown in Figure 6 and Table 1, the SVM model with an RBF kernel achieved an overall 

accuracy of 91%. However, the per-class evaluation showed performance imbalance. However, 

according to the confusion matrix, the model correctly classified Luminal A (52/52) and TNBC 

(31/31) subtypes with perfect accuracy. The Luminal B subtype was identified in only 4 of 6 cases, 

and HER2+ was not fully classified; all 7 cases were incorrectly predicted as TNBC. These results are 

reflected in the evaluation metrics: Luminal A and TNBC have a recall of 1.00, while HER2+ has a 

precision, recall, and F1-score of 0.00. The macro-average values for precision and recall were 0.69 

and 0.67, respectively, indicating a bias towards the majority class (Abdel-Hafiz, H., 2017). 
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Figure 6. Confusion Matrix SVM Baseline 

 

Table 1. True Label Confusion Matrix 

True Label Pred: Luminal A Pred : Luminal B Pred: HER2+ Pred: TNBC 

True: LA 52 0 0 0 

True: LB  2 4 0 0 

True: HER2+ 3 1 0 3 

True TNBC  0 0 0 31 

 

As shown in Figure 7, the ROC curve illustrates the SVM model's performance with an RBF kernel 

for classifying each breast cancer subtype using the One-vs-Rest (OvR) approach. Based on the curve 

results, the highest Area Under the Curve (AUC) was observed for the Luminal A subtype, with a score 

of 0.98, indicating that the model can distinguish Luminal A from other subtypes with near-perfect 

accuracy. The Triple Negative subtype also demonstrated excellent performance, with an AUC of 0.92, 

indicating high sensitivity and specificity in its recognition. Furthermore, the model's performance for 

the Luminal B subtype was quite good, with an AUC value of 0.86. However, there is a possibility of 

overlapping characteristics with the Luminal A subtype, given that both subtypes exhibit estrogen 

receptor expression (Arnold, et al., 2022). 

Meanwhile, the lowest AUC value was obtained for the HER2+ subtype, at 0.78. This suggests 

that the model's ability to detect HER2+ remains quite limited. This suboptimal performance is most 

likely due to the smaller amount of HER2+ data compared to other subtypes or limitations in the 

features used, specifically the exclusion of HER2 expression from the classification process. Overall, 

AUC values above 0.75 across all subtypes indicate that the SVM-RBF model has strong classification 

capabilities and is suitable for clinical use, particularly for distinguishing subtypes with distinct 

molecular characteristics (Bhoo-Pathy, N. et al., 2015). 
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Figure 7. ROC Curve Visualization 

 

Nevertheless, the results of this study need to be understood in the context of several methodological 

limitations that may affect the validity and interpretation of the classification model. First, the clinical 

data do not include complete information on the N element (lymph nodes) in the TNM system, so 

staging was performed directly based on the stage recorded in the medical records. This may 

potentially introduce classification bias, especially if there is inconsistency between the stage and the 

actual nodal status. Second, the data do not include information on M (distant metastasis), so although 

some patients are recorded as stage IV, it is not known exactly how many have experienced metastasis, 

a key determinant of prognosis and therapy selection. 

 

DISCUSSION 
Development of an SVM-based breast cancer subtype classification model with an RBF kernel, 

designed using clinical data including age, tumor size, tumor location, cancer stage, and ER and PR 

hormonal expression status. The results of the EDA data analysis on the age distribution of breast 

cancer patients show that most patients were in the 40–60 years age range, with a peak at 50 years, 

indicating that the middle-aged group is the most affected. This finding supports screening policies 

that emphasize the importance of early detection in this age group, given that earlier breast cancer 

diagnosis at this age can increase the chances of successful therapy and survival (Cai, S. et al.,2020). 

The 40 to 60-year age range is a significant biological transition phase for women, whether they are 

approaching or entering menopause. This biological transition phase involves drastic hormonal 

changes, particularly a decrease in endogenous estrogen levels, which can affect breast epithelial cell 

proliferation. Several studies show that increases and decreases in estrogen levels from pre 

menopause to post menopause can trigger an imbalance in cell growth regulation (Desantis, C.E. et al., 

2017)). In addition to biological factors, demographic and lifestyle factors also contribute to an 

increased risk of breast cancer. The 40 to 60-year age group is the late productive age group, where 

most women have accumulated risk exposure throughout their lives, such as high-fat diets, sedentary 

lifestyles, exposure to environmental carcinogens, and a history of long-term hormone therapy (Torre, 

L.A. et al., 2016). 

This data also shows differences in the distribution of subtypes across age groups. The majority 

of patients with Luminal A and B subtypes are found in middle to older age groups, namely 45–65 

years. Conversely, a number of observed HER2+ and TNBC-positive patients appear more frequently. 

These cases often occur in patients in a relatively younger age range. Most large breast cancer patients 

with Luminal A and B subtypes are in the age group of ≥ 50 years. In contrast, HER2 and TNBC subtypes 
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are more commonly found in patients < 50 years old (Tittmann, J. et al., 2024). The tumor size 

distribution shows a rightward skew, indicating that although most patients have small tumors (≤3 cm), 

a few have very large tumors (>5 cm), especially in HER2+ and TNBC subtypes. Several studies have 

observed typical tumor sizes after diagnosis from 819,647 patients diagnosed with breast cancer 

between 1990 and 2014, 93% of women had tumors with a diameter under 50 mm (Irawan, H.W. I., 

2025). In another study of 490 breast cancer patients diagnosed from 2016-2017, the average tumor 

size after cancer diagnosis was 1.4 cm for women who underwent annual mammograms and 1.8 cm 

for women who underwent examinations only once every two years (Sopik, V and Narod, S. A., 2018). 

The largest tumors were detected in the HER2+ and TNBC subtypes, which are known to be more 

aggressive. Patients suffering from Luminal A tend to have smaller tumor sizes at diagnosis. This is 

consistent with previous findings that tumor size correlates positively with prognosis, with HER2+ and 

TNBC tumors consistently larger at initial diagnosis. This data is sufficient to support the idea that 

tumor size can be a very important predictor in subtype modeling, especially for early detection. In 

Indonesia, almost 48.3% of breast cancer patients have T4 tumor sizes, and about 31.7% are in stage 

IIIB, with a dominance of HER2+ and TNBC in advanced stages. This indicates the importance of early 

detection. This is important in high-risk populations (Irawan, H.W.I., 2025). The distribution of tumor 

locations between the left (SINISTRA) and right (DEXTRA) sides did not show a significant difference in 

subtype distribution; the data were almost evenly balanced and showed no strong correlation. 

Previous research indicates that tumor location (right or left) is not significantly related to the 

distribution of molecular subtypes. Luminal A, Luminal B, HER2+, and TNBC subtypes were found 

almost evenly in both the right and left breasts. These results are also consistent with several previous 

studies that reported no significant relationship between tumor location and the biological or 

molecular distribution of breast cancer subtypes (Mallapasi, M.N. et al., 2021). 

However, it is important to note that although tumor location does not directly affect the 

subtype, anatomical location can indirectly influence the technical aspects of clinical management and 

prognosis. Some studies show that tumors located in the left breast (sinistra) have a higher risk of 

cardiac exposure during radiotherapy, especially with conventional techniques that do not include 

cardiac protection. In the long term, this can increase the risk of cardiovascular complications, 

particularly in patients receiving high-dose radiation in the mediastinal area (Mourman, S.E. M. et al., 

2021). Thus, although epidemiologically tumor location is not directly related to severity or subtype, it 

remains important in clinical management, especially for planning radiotherapy and surgery and for 

protecting vital organs such as the heart and lungs. 

The distribution of cancer stages showed that most HER2+ and TNBC cases were diagnosed at 

stages III and IV, which is consistent with their clinical characteristics as fast-growing and invasive 

subtypes. The distribution of cancer stages indicates that HER2+ and TNBC tend to be found at 

advanced stages, reinforcing the importance of earlier screening approaches for these subtypes. 

Conversely, Luminal A patients were more frequently found at stage I or II, reflecting slower tumor 

growth and earlier detection due to a good response to estrogen. The tendency towards advanced 

stages in this study reflects the difficulty in early detection of breast cancer in various developing 

countries, including Indonesia. Several contributing factors include delays in diagnosis, limited access 

to healthcare facilities, lack of early screening programs, and a lack of public understanding of the early 

symptoms of breast cancer (Tittamnn, J. et al., 2024). Nevertheless, in this study, although the stage 

distribution showed a dominance of advanced stages (III and IV), the molecular subtyping results 

showed that the majority of patients were classified into Luminal A and B subtypes, which are generally 

associated with early stages. This discrepancy indicates an inconsistency between clinical data and 

subtype classification results, possibly because some patients are at an advanced stage but classified 

as Luminal, reflecting cases detected late, even though their tumor type tends to grow slowly. This is 

inseparable from the challenges in developing countries like Indonesia, where diagnostic delays are 

still common due to limited access to healthcare services, lack of routine screening, and low public 

awareness of early breast cancer symptoms. Therefore, the advanced-stage distribution in this study 
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is not solely due to the aggressiveness of the subtype, but is also influenced by systemic and social 

factors that delay detection across all subtypes, including Luminal A and B. 

These results are consistent with research published in The Lancet Global Health journal, which 

noted that over 50% of breast cancer patients in low- and middle-income countries are diagnosed at 

stage III or IV, while in developed countries this figure is less than 30%. This is related to differences in 

referral systems, health literacy, and screening coverage (Huang, 2018). The distribution of ER and PR 

expression levels is a key determinant in subtype classification. Luminal A and B subtypes have positive 

ER and PR status, while HER2+ and TNBC are largely negative for both receptors. These results are 

consistent with ER and PR expression, along with HER2, being the main basis for molecular 

classification of breast cancer. ER and PR play an important role in response to hormonal therapy, and 

are strong differentiating markers between Luminal and non-Luminal groups. The baseline SVM model 

with an RBF kernel achieved 91% accuracy. However, the confusion matrix results showed that the 

model's performance was very uneven across classes. None of the HER2+ cases were classified, with 

precision, recall, and F1-score values of 0.00. Conversely, the classification performance for Luminal A 

and TNBC was excellent (recall = 1.00). This indicates a model bias towards the majority class, a 

common phenomenon in classification with imbalanced data (Huang). 

In addition, the classification model in this study struggled to recognize the HER2+ subtype, most 

likely because HER2 expression data were not included among the features. The lack of HER2 data 

reduces the informativeness of distinguishing between the Luminal B and HER2-enriched subtypes, 

thereby affecting the model's accuracy in detecting this aggressive subtype. Similarly, Ki-67 expression 

data, an important indicator of tumor proliferation and a key for distinguishing between Luminal A and 

B, were unavailable, leading to incomplete molecular information. 

SVM has long been used in breast cancer classification, especially in identifying subtypes based 

on clinical and genomic data. SVMs with an RBF kernel can achieve high accuracy in breast cancer 

classification, but often struggle to detect minority classes. Imbalanced data is a major challenge in 

real-time anomaly detection. A dataset is considered imbalanced if one of its classes has a very large 

dominance over the others (Huang, D.S/, et al. 2018). The most common way to handle imbalanced 

data is to use resampling methods, such as random undersampling or oversampling, that rebalance 

the majority and minority classes. Predicting machine failure is a challenge because datasets are often 

imbalanced. 

A common approach to handle classification with imbalanced data is to balance the data using 

sampling methods such as random undersampling, random oversampling, or SMOTE (Huang, 2018). 

These results support the conclusion that SMOTE improves recall for minority classes such as HER2+. 

The application of the SMOTE method increased recall and F1-score for minority classes, though it was 

accompanied by a slight decrease in overall accuracy to 83%. The combination of SMOTE with 

GridSearchCV yielded a model with the best class-balanced F1-score (0.66), demonstrating the 

effectiveness of combining data balancing and hyperparameter optimization to improve model 

generalization on real-world imbalanced data (ilham, A. et al., 2025). SMOTE has proven effective in 

balancing imbalanced datasets for various applications, including cancer detection. SMOTE 

demonstrates that this technique can improve recall for the minority class without sacrificing overall 

accuracy. These research results support your finding that by using SMOTE, HER2+ recall significantly 

increased, although total accuracy slightly decreased (Huang., 2018). SMOTE helps increase the 

number of minority samples, thereby reducing data imbalance. However, SMOTE has limitations, 

namely that SMOTE performs linear interpolation between minority data, which risks generating 

synthetic samples that do not adequately represent natural variability. SMOTE does not account for 

complex feature distributions, so it can introduce noise and overfitting. To address data imbalance 

among breast cancer subtypes, especially the relatively small numbers of HER2+ and TNBC subtypes, 

this study uses the Synthetic Minority Over-sampling Technique (SMOTE). SMOTE is an interpolation-

based oversampling technique that generates new synthetic data from minority classes by taking two 

minority data points and creating new samples between them. Unlike conventional oversampling 
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techniques that merely duplicate data, SMOTE maintains data diversity and reduces the risk of 

overfitting. This technique is widely used in medical classification because it can improve model 

sensitivity to minority classes (Huang). 

SMOTE works well for datasets with simple distributions but is less effective for complex clinical 

datasets. SVMs find the optimal hyperplane that maximizes the margin between the data classes, 

making them well-suited for handling non-linear and high-dimensional data. SVM performance is 

highly dependent on the selection and tuning of hyperparameters, such as C and gamma in the RBF 

kernel. Improper hyperparameter settings can result in a suboptimal model, which can, in turn, affect 

classification accuracy. 

Other limitations include small sample sizes in minority groups and the absence of patient 

outcome data, such as therapy response or survival rates, so the model has not yet been evaluated in 

the context of long-term clinical prediction. Therefore, although the model demonstrates good 

statistical performance, these results need to be interpreted with caution, and further studies with 

more comprehensive data are recommended, including additional molecular data and the integration 

of clinical outcomes to improve the model's practical utility in real medical practice. It is recommended 

to integrate additional features such as HER-2 and KI-67 expression. In addition, ensemble model 

approaches such as Random Forest or deep learning-based methods can be used to improve sensitivity 

to complex patterns in breast cancer clinical data. 

 

CONCLUSION 
1. The distribution of clinical characteristics shows that most patients are in the 40 to 60 years age 

group, with dominant tumor sizes between 1 and 3 cm, and tumor location tends to be balanced 

between the left and right sides. Luminal A and B subtypes are more frequently found in older age 

and at early stages, while HER2+ and TNBC subtypes are more commonly found in younger age and 

at advanced stages. The majority of patients showed positive expression for ER and PR receptors. 

2. A SVM classification model with an RBF kernel was successfully built and was able to effectively 

map breast cancer subtypes. The baseline model yielded a high accuracy of 91%, but showed 

weaknesses in classifying minority classes (HER2+ and TNBC) due to data imbalance. 
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