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Abstract 

Breast cancer is still a serious worldwide health issue, and prompt diagnosis and treatment planning depend on the ability 

to distinguish between benign and malignant tumors. This study aimed to classify benign and malignant breast tumors 

using cytological through supervised machine learning techniques. The dataset contained 569 tumor records and 30 

numerical cytological features derived from breast tumor cell nuclei. After removing non-informative columns, the 

diagnosis variable was encoded into benign and malignant classes, and the numerical features were standardized. Six 

ML models were applied: Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, K-Nearest 

Neighbors, and Naive Bayes. Model performance was evaluated using accuracy, precision, recall, F1-score, and ROC-

AUC. The descriptive results showed that malignant tumors had higher mean values for radius, perimeter, area, concavity, 

and concave points, indicating greater nuclear size and structural irregularity. The classification results showed strong 

performance across all models. Random Forest and Support Vector Machine achieved the highest accuracy of 0.9737 

and F1-score of 0.9630, while LR achieved the highest ROC-AUC value of 0.9960. These findings indicate that cytological 

features provide strong diagnostic separation between benign and malignant tumors. The study concludes that ML models 

can serve as effective decision-support tools for breast tumor classification, although external validation is required 

before clinical application. 
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1. Introduction 

One of the most serious social health problems is breast cancer globally, and it continues to burden the health care systems 

with high costs of diagnosis and treatment. According to the cancer statistics of the world, breast cancer is one of the most 

common types of cancer that is diagnosed in women and a significant cause of cancer-related deaths (Bray et al., 2018; 

Ferlay et al., 2019). Epidemiological data more recently suggest that the current and future burden of breast cancer will 

likely only decrease due to population increase, ageing, lifestyle transitions, and disparities in access to early diagnosis 

services (Arnold et al., 2022; Giaquinto et al., 2022). Rapid and precise diagnosis is thus a crucial factor in enhancing 

survival rates, minimize unnecessary invasive interventions, and aiding in timely treatment choices. The distinction 

between benign and malignant breast tumors is of great importance since benign tumors can be treated by monitoring or 

conservative measures, whereas malignant tumors need to be treated immediately by the clinical team. 

When diagnosing breast cancers, cytological analysis is crucial since cellular and nuclear features tend to be an indicator 

of the nature of tumors biologically. Malignant breast tumors are often characterized by increased nuclear irregularity, 

enlargement, increased concavity, distorted perimeter and distorted structural pattern of the tumor incursion as compared 

to benign tumors. These cytological variations give quantifiable diagnostic data that can be transformed into numerical 

variables to be analyzed numerically. Features such as radius, texture, perimeter, area, smoothness, compactness, 

concavity, concave points, symmetry. These features are computed from digital images of fine needle aspirate samples. 

Due to their close relationship to the tumor's form, these characteristics can be used to differentiate between benign and 

malignant tumors. Breast cancer biology studies demonstrate the significance of cellular abnormalities, biomarkers and 

tumor behavior in the diagnosis and progression of breast cancer, which supports the relevance of such diagnostic 

characteristics (Barzaman et al., 2020). 

In recent years, machine learning (ML) has become increasingly important in medical diagnosis due to its capability to 

detect intricate patterns in both structured and image health information. ML algorithms are able to work on multiple 

diagnostic variables at the same time and categorise the cases according to the acquired relationships of features and 

outcomes. ML has been utilized in study of breast cancer on cytological datasets, mammographic screening, 

histopathology and other diagnostic data. When ML algorithms are applied it has demonstrated that computational models 

can be useful in detecting breast cancer (Agarap, 2018). Likewise, deep learning studies have shown good diagnostic 

capability in breast-related cancer images such as detection of metastasis to lymph nodes and invasive breast cancer in 

whole-slide images (Cruz-Roa et al., 2017; Ehteshami Bejnordi et al., 2017). Despite the power of deep learning methods, 

traditional ML models can still help in structured cytological data due to their computational efficiency, interpretability 

and their ability to accommodate tabular diagnostic features. 

Artificial intelligence and ML are now being considered as an assistant in the medical diagnostics process rather than 

substitutes to clinicians. Most recent sources affirm that AIs have the potential to enhance the accuracy, efficiency, and 

clinical decision support of diagnoses but also need to be thoroughly validated, transparent, and responsibly interpreted 

(Al-Antari, 2023; Alzubaidi et al., 2021). Explainable AI is especially significant in high-stakes medical environments 

since clinicians need to know the foundations of algorithmic decision-making to implement them in practice. This is 

crucial for the classification of breast cancer since a mistaken benign or malignant diagnosis could have serious clinical 

ramifications. The necessity of explainable artificial intelligence has been highly highlighted in the diagnostic and 

decision-support settings (Gunning & Aha, 2019). 

Despite the extensive utilization of  ML studies, there is still a need to conduct further comparative analysis of the 

classification models. The various algorithms could be different in the aspects of accuracy, precision, recall, F1-score and 

ROC-AUC and these differences have a practical impact on the reliability of diagnosis. Specifically, recall will be 

significant since the inability to detect any malignant tumors can postpone the diagnosis and treatment. Thus, the reliable 

and interpretable approaches to classification can be determined by comparative analysis of various models based on the 

same cytological features. 

This study seeks to categorize benign and malignant breast tumors based on the cytological characteristics with the help 

of ML. The purpose of the study is to look at the cytological characteristics of both benign and malignant breast cancers, 

preprocess data to classify benign and malignant tumors with ML, apply the chosen ML models, assess performance of 

the models in terms of accuracy, precision, recall, F1-score, and ROC-AUC, and determine the best model to classify 

benign and malignant tumors. 

 

2. Materials and Methods 

2.1 Research Design 

This research analysis employed a quantitative research study and ML based research design in which the researcher 

attempted to classify breast tumors by using cytological diagnostic characteristics as benign or malignant tumors. The 

supervised classification methodology was adopted since the outcome variable, tumor diagnosis, was known in data. The 

methodology involved cleaning the dataset, preparing features, developing a model and evaluating the performance. 

 

2.2 Dataset Description 

The research utilized dataset that was uploaded had 569 tumor observations and 33 columns. In this, the target variable 

was diagnosis, the case identification column was id, and there were 30 columns of numerical cytological features and 

one column without a name. The ID column and the blank unnamed column were eliminated since they were not relevant 
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in classifying the tumors. The final dataset, after cleaning, had 569 observations and 30 predictor variables of diagnosis 

(UCI Machine Learning, 2016). 

The target variable, diagnosis, categorized tumors into two groups: benign and malignant. B and M were used to denote 

benign and malignant tumors, respectively, in the dataset. There were 357 benign cases and 212 malignant cases (62.74 

and 37.26 percent of the total cases, respectively) in the dataset. This rendered the dataset to be analyzed using binary 

classification. 

 

2.3 Study Variables 

Tumor diagnosis was dependent variable of  study. To analyze ML, the labels of the diagnosis categories have been 

transformed into numeric values, where benign tumors corresponded to 0 and malignant tumors to 1. The positive class 

was considered to be malignant tumors since their accurate diagnosis is more crucial in clinical practice. 

The independent variables comprised 30 numerical cytological features which were based on breast tumor cell nuclei. 

Radius, texture, perimeter, area, smoothness, compactness, concavity, concave points, symmetry, and fractal dimension 

were among the nuclear features that were explained. Each characteristic was expressed in three different ways: mean 

value, standard error, and worst value. 

These characteristics were deemed proper predictors since malignant tumors tend to possess more nuclear irregularities, 

increased size measurements, and increased concavity compared to the benign tumors. 

 

2.4 Data Preprocessing 

Preprocessing of data was done before the model development. The dataset was initially examined in terms of structure, 

type of variables, missing, duplicate records and class distribution. The id column was eliminated as it was not informative 

and was a unique identifier only. The blank column with no name was also eliminated as it had no analytical data. 

The variable diagnosis was numerically codedMalignant patients were categorized as 1, whereas benign ones were coded 

as 0. The dataset has been analyzed concerning missing values of the diagnostic feature columns and the target variable. 

The retained variables did not have any missing values; hence, no imputation was necessary. Repetitive records were also 

verified and were not found. 

The 30 numerical predictor variables were standardized on features since the cytological measurements were on various 

scales. To illustrate, the numerical range of variables in the area category was bigger than smoothness or fractal-dimension 

variables. Standardization puts all features on a similar scale and it is especially significant to algorithms like SVM and 

K-Nearest Neighbors which are sensitive to size of features. 

The data was preprocessed and then separated into predictor variables and target variable. Independent variables were the 

30 standardized cytological features, and the dependent variable was a coded diagnosis variable. An 80:20 split was 

applied to the dataset to create a training and a testing set. Stratified sampling was used to preserve the percentage of 

benign and malignant cases in both categories. 

 

2.5 Machine Learning (ML) Models  

Six ML models LR, Decision Tree, Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbors, and 

Naive Bayes were selected for classification. These models were selected as they are typically applied in binary 

classification and they permit comparisons of linear, trees, distance-based, margin-based, ensemble, and probabilistic 

methods. LR was used as a baseline model due to its interpretability and ease of usage. 

A decision tree was also added as it offers rule-based classification and also explains the decision paths. The use of  RF 

as an ensemble model was used to enhance predictive stability and minimize overfitting. The reason behind the use of 

SVM was based on its capability to produce the best separating boundary amongst diagnostic classes. K-Nearest neighbors 

was added as a distance classifier, and Naive Bayes was a probabilistic comparative model. To ensure a fair comparison, 

same training and testing datasets were used for each model's training and testing. 

 

2.6 Model Evaluation 

Accuracy, precision, recall, F1-score, ROC-AUC, and confusion matrix were used to assess the model's performance. 

Accuracy was total percentage of tumors that were correctly classified. Precision was used to measure the percentage of 

predicted malignant that were actually malignant. Recall, or sensitivity, was a measure of the percentage of correct 

detection of actual malignant cases by model. The aspect of recall was particularly significant in this research due to the 

possibility of diagnosing and treating a malignant tumor as benign and postponing the diagnosis and treatment. 

Precision and recall were balanced using the F1-score, and ROC-AUC was used to evaluate the performance of each 

model to differentiate between benign and malignant tumors at various thresholds. True benign, true malignant, fake 

benign, and false malignant classifications were considered using the confusion matrix. These measures gave an all-

encompassing framework to compare the diagnostic effectiveness of chosen ML models. 

 

3. Results 

3.1 Dataset Characteristics and Class Distribution 

The resulting analytical data set comprised of 569 breast tumor records and 30 cytological features following the 

elimination of the non-informative identification column and the empty unnamed column. The target variable was 

diagnosis which categorized the tumors into benign and malignant. There were 357 benign cases out of all the 
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observations, which constituted 62.74 percent of the data and 212 cases were malignant, which constituted 37.26 percent 

of the data. This distribution shows that benign tumors were prevalent over malignant tumors in the dataset; but both 

classes were represented adequately to be used in supervised binary classification. Table 1 demonstrates the general 

structure and distribution of classes. The data set had 569 tumor records and 30 cytological features, benign cases (62.74) 

and malignant cases (37.26) constitute 62.74 and 37.26 of the total sample respectively. Figure 1 gives the distribution of 

classes of the dataset. The figure indicates that benign cases were prevalent compared to malignant cases and there were 

357 and 212 benign tumors respectively. Though the dataset was not balanced, malignant cases were sufficient to train 

and test binary classification models. 

 

Table 1. Dataset Characteristics and Class Distribution 

Dataset Characteristic Value 

Total records 569 

Total cytological features 30 

Target variable Diagnosis 

Benign cases 357 

Malignant cases 212 

Benign percentage 62.74% 

Malignant percentage 37.26% 

 
Figure 1. Distribution of Benign and Malignant Breast Tumor Cases 

 

3.2 Descriptive Analysis of Cytological Features 

Descriptive analysis was used to compare the chosen cytological characteristics between the benign and malignant tumor 

groups. Radius mean, texture mean, perimeter mean, area mean, concavity mean, and concave points mean were the 

features selected. These variables have been chosen since they are important nuclear size, texture, boundary, and shape-

irregularity factors. 

The findings reveal definite contrasts between benign and malignant tumors. All the chosen cytological features had 

higher mean values in malignant tumors. The average radius was 17.463 on the malignant tumors and 12.147 on the 

benign tumors. In the same way, the mean perimeter of malignant tumors was significantly greater (115.365), whereas, 

the mean perimeter of benign tumors was 78.075. The average size of the malignant tumors was 978.376, and was over 

twice that of the benign tumors, at 462.790. 

The descriptive statistics of selected cytological features according to tumor type are shown in Table 2. Findings show 

that the mean values of malignant tumors were higher than those of benign tumors in radius, texture, perimeter, area, 

concavity, and concave points.  

 

Table 2. Descriptive Statistics of Selected Cytological Features by Tumor Type 
Tumor 

Type 

Radi

us 

Mea

n 

Radi

us 

SD 

Textu

re 

Mean 

Textu

re SD 

Perime

ter 

Mean 

Perime

ter SD 

Area 

Mea

n 

Area 

SD 

Concav

ity 

Mean 

Concav

ity SD 

Conca

ve 

Points 

Mean 

Conca

ve 

Points 

SD 

Benign 12.1

47 

1.78

1 

17.91

5 

3.995 78.075 11.807 462.7

90 

134.2

87 

0.046 0.043 0.026 0.016 

Malign

ant 

17.4

63 

3.20

4 

21.60

5 

3.779 115.36

5 

21.855 978.3

76 

367.9

38 

0.161 0.075 0.088 0.034 
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There were also significant differences in features belonging to shape irregularity. The average value of concavity of 

malignant tumors was 0.161 and 0.046 for benign tumors. Similarly, the average concave points were 0.088 with 

malignant tumors and 0.026 with benign tumors. These observations indicate that the nuclear size and structural 

abnormality of malignant tumors are more apparent compared to benign tumors. Figure 2 presents the comparison of the 

mean values of the chosen cytological characteristics of benign and malignant tumors. The figure illustrates that malignant 

tumors have always had higher radius, texture, area, perimeter, concavity, and concave point values. The greatest 

differences in visuals were seen in area, perimeter, radius, concavity and concave points and it was established that 

malignant tumors tend to have larger and more irregular cell nuclei. 

 

 
Figure 2. Comparison of Key Cytological Features Between Benign and Malignant Tumors 

 

3.3 ML Model Performance 

Six supervised ML models were assessed for their ability to classify benign and malignant breast cancers. K-Nearest 

Neighbors, Naive Bayes, RF, Decision Tree, LR, and SVM were the models. Model performance was assessed using 

ROC-AUC, F1-score, accuracy, precision, and recall. 

The findings indicate that models all had high classification performance with accuracy levels of 0.9298 to 0.9737. 

Random Forest and SVM were best in terms of accuracy with both having an accuracy of 0.9737. The two models also 

achieved the best F1-score of 0.9630. This demonstrates that accuracy and recall have a good trade-off. 

Perfect precision ratings were highest for Random Forest and S of 1.0000, which implies that all malignant tumors 

identified by the two models were indeed malignant. Nevertheless, they had a recall value of 0.9286 which implies that a 

low percentage of malignant cases were missed. LR was also very strong with the accuracy of 0.9649, precision of 0.9750, 

recall of 0.9286, F1-score of 0.9512, and the highest ROC-AUC of 0.9960. Table 3 summarizes the comparative 

performance of the chosen ML models. The scores indicate that the accuracy and F1-score of Random Forest and SVM 

are the highest whereas the ROC-AUC of the LR is the highest. 

 

Table 3. Performance Comparison of ML Classification Models 

Model Accuracy Precision Recall F1-score ROC-AUC 

Logistic Regression 0.9649 0.9750 0.9286 0.9512 0.9960 

Decision Tree 0.9298 0.9048 0.9048 0.9048 0.9246 

Random Forest 0.9737 1.0000 0.9286 0.9630 0.9929 

Support Vector Machine 0.9737 1.0000 0.9286 0.9630 0.9947 

K-Nearest Neighbors 0.9561 0.9744 0.9048 0.9383 0.9823 

Naive Bayes 0.9386 1.0000 0.8333 0.9091 0.9934 

 

Naive Bayes had a high ROC-AUC of 0.9934 and an ideal precision of 1.0000, which implies that it overlooked more 

cases of malignancy than the other models. Decision Tree generated the smallest value of ROC-AUC; 0.9246, but the 

overall performance was not very high.The comparison of the ROC curves of the ML models is given in Figure 3. The 

ROC curves indicate that the majority of the models possessed outstanding discriminatory power with regard to benign 

and malignant tumors. LR had the highest ROC-AUC value of 0.9960, then SVM, 0.9947, Naive Bayes, and finally 

Random Forest was 0.9929. Such findings suggest that the chosen cytological characteristics were powerful diagnostic 

predictors of benign and malignant tumors of the breast. 
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Figure 3. ROC Curve Comparison of ML Models 

 

3.4 Summary of Results 

All in all, the findings affirm  descriptive analysis revealed that values of nuclear size and other features used to determine 

irregularity were always higher in malignant tumors, especially in area, perimeter, radius, concavity, and concave points. 

These differences are a good biological and statistical basis of classification. 

Additionally, the ML results demonstrated the utility of cytologic characteristics in distinguishing between benign and 

malignant tumors. LR got the best ROC-AUC value, while Random Forest and SVM had the highest accuracy and F1-

score. The models that performed the best in this investigation were SVM, Random Forest, and LR based on diagnostic 

reliability. The results suggest that decision support for the classification of breast tumors may be provided by ML models 

trained on cytological markers. 

 

4. Discussion 

The results of this study indicate classify benign and malignant breast tumors in a binary way. The sample comprised 569 

cases, 357 of which were benign and 212 malignant tumors, which means that both diagnostic groups were well 

represented. Even though the distribution was not that skewed, the size of the malignant cases was adequate to conduct 

supervised ML. This is significant as breast cancer is a key issue in global health, and the incidence and mortality rates 

differ significantly between the population and age groups (Heer et al., 2020; Lei et al., 2021). The persistent nature of 

breast cancer demonstrates the importance of high-quality diagnostic support systems that could be used to classify the 

tumor early and correctly (Loibl et al., 2021; Momenimovahed & Salehiniya, 2019). 

Descriptive results indicated the existence of clear cytological differences in benign and malignant tumors. Radius, 

texture, perimeter, area, concavity, and concave points were significantly higher in mean values in malignant tumors. 

These variations imply that the nuclear dimensions and structural irregularity of malignant tumors are often larger than 

those of benign tumors. Specifically, the increased value of area, perimeter, concavity and concave points indicates that 

the nuclei of malignant cells tend to be larger and irregular in shape. These results align with the biological knowledge 

on breast cancer, in which malignant transformation is linked with abnormal cellular growth, irregular nuclear boundaries, 

and more complex architecture (Loibl et al., 2021; Strelcenia & Prakoonwit, 2023). Other related studies have also 

highlighted that diagnostic feature selection and feature engineering can enhance the classification of breast cancer cases 

by determining the most discriminative cytological features. 

All selected models showed good categorization in ML results. RF and SVM recorded best accuracy of 0.9737 and F1-

score of 0.9630 which implies good predictive reliability. LR was also very accurate, with the highest accuracy of 0.9649 

and the maximum ROC-AUC of 0.9960. These results indicate that the dataset cytological features are strong separators 

of benign and malignant tumors. The good results of LR can be attributed to the fact that the data is structured and highly 

informative during the numerical format whereas the good results of RF can be attributed to the fact that it is capable of 

capturing nonlinear relationships amongst cytological variables. The effectiveness of SVM must have been high since it 

works well in high-dimensional classification tasks whose classes are well separated. These findings are in line with other 

breast cancer classification studies that have reported that the traditional ML models can achieve high diagnostic 

performance when trained on well-prepared cytological or clinical feature datasets (Naji et al., 2021; Reshan et al., 2023). 
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Clinically, the findings suggest the possible usefulness of ML as a diagnostic decision-support system on breast tumor 

classification. ML algorithms can be trained on several diagnostic features at once, and could be useful in aiding clinicians 

by giving fast, stable, and data-driven classification results. Nevertheless, these models cannot be considered as substitutes 

for clinical experience. Artificial intelligence systems need to be well-vetted, disclosed, and responsibly incorporated into 

clinical practices in medical settings (Kelly et al., 2019; Rajkomar et al., 2019). There is also some evidence that AI 

systems can be used to assist in diagnostic performance, based on breast cancer screening, but they need to be rigorously 

evaluated and compared with expert practice to be applied in clinical practice (McKinney et al., 2020; Rodriguez-Ruiz et 

al., 2019). 

Another area of concern when using ML to diagnose breast cancer is interpretability. As wrong classification can be 

deadly, clinicians must know the features that affect model predictions. Explainable AI methods, such as SHAP-based 

interpretation can be used to determine the value of individual features and enhance trust in model results (Lundberg et 

al., 2020; Lundberg & Lee, 2017). According to reporting standards of AI-based health research, there is a focus on 

transparency, methodological transparency, and validation before clinical implementation (Liu et al., 2020; Rivera et al., 

2020). 

Although this study has promising findings, there are limitations to it. The data was secondary and had a size of 569 

observations. It involved cytological variables alone and omitted clinical, genetic, histopathological or imaging variables. 

The models were tested on an internal train-test split and had not been tested externally using independent, hospital-based 

data. Thus, the diagnostic performance in the real world can be different from that in this benchmark dataset. Future 

research involves bigger and more heterogeneous clinical samples, external validation, explainable AI, and combining 

cytological features with images, genetic, and clinical factors. The extensions can enhance model generalizability and 

enhance clinical relevance of  ML based breast tumor classification. 

 

5. Conclusion 

This study explain effectiveness of cytological features for ML based classification of benign and malignant breast tumors. 

It was discovered that the dataset was suitable for binary classification, with 569 records of tumors, 30 numerical 

cytological features and reasonably represented benign and malignant diagnostic classes. The descriptive results 

demonstrated definitive variations between benign and malignant tumors, especially in terms of nuclear size, perimeter, 

area, concavity and concave points. These features had higher values in malignant tumors, which is an indication of 

increased cellular irregularity and structural abnormality. ML outcomes revealed that cytological features had the capacity 

to aid in the classification of breast tumors. RF and SVM are the most accurate and have the highest F1-score, whereas 

the LR has the highest ROC-AUC. These results indicate that well-organized cytological variables have robust diagnostic 

differentiation between benign and malignant tumors. Overall, study supports the idea that ML models could provide 

useful decision support during the diagnosis of breast cancer. Nevertheless, these models are supposed to be viewed as 

supportive tools as opposed to substitutes to clinical judgment. The study has constraints of using a secondary benchmark 

dataset and no external clinical validation. The future study ought to utilize larger independent datasets, to include clinical 

and imaging variables and explainable artificial intelligence methods that enhance transparency, reliability, and clinical 

applicability. 
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