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Abstract

:

Breast cancer results from a disruption of certain cells in breast tissue that undergo uncontrolled growth and cell division. These cells most often accumulate and form a lump called a tumor, which may be benign (non-cancerous) or malignant (cancerous). Malignant tumors can spread quickly throughout the body, forming tumors in other areas, which is called metastasis. Standard screening techniques are insufficient in the case of metastasis; therefore, new and advanced techniques based on artificial intelligence (AI), machine learning, and regression models have been introduced, the primary aim of which is to automatically diagnose breast cancer through the use of advanced techniques, classifiers, and real images. Real fine-needle aspiration (FNA) images were collected from Wisconsin, and four classifiers were used, including three machine learning models and one regression model: the support vector machine (SVM), naive Bayes (NB), k-nearest neighbors (k-NN), and decision tree (DT)-C4.5. According to the accuracy, sensitivity, and specificity results, the SVM algorithm had the best performance; it was the most powerful computational classifier with a 97.13% accuracy and 97.5% specificity. It also had around a 96% sensitivity for the diagnosis of breast cancer, unlike the models used for comparison, thereby providing an exact diagnosis on the one hand and a clear classification between benign and malignant tumors on the other hand. As a future research prospect, more algorithms and combinations of features can be considered for the precise, rapid, and effective classification and diagnosis of breast cancer images for imperative decisions.
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1. Introduction


Breast cancer occurs when cells in breast tissues undergo uncontrolled growth and cell division. Breast cancer is classified into various types depending on the type of breast cell that becomes cancerous. According to statistics, breast cancer is considered the most predominant deadly disease globally, affecting both males and females, with a particular emphasis on women, and leading to significant mortality and suffering on a worldwide scale. An examination of the incidence and mortality rates issued in 2020 by the World Health Organization’s (WHO’s) International Agency for Research on Cancer revealed that breast cancer exhibited the highest occurrence among the various forms of cancer, as shown in Figure 1. The incidence of breast cancer in 2020 was estimated to be around 2,261,419 cases [1]. This organization’s studies indicate that this number is expected to rise significantly by 2040, reaching an estimated 4,074,871 new cases. This represents an alarming increase of 80%, as illustrated in Figure 2.



Considering the projected increase in breast cancer cases by 2040 [1], it is crucial to address the issue of the late detection of breast cancer and its associated effects. Minimizing the impacts of late detection and diagnosis on patients requires the prioritization of early detection. To accomplish this, it is crucial to use the complete potential of medical imaging techniques and their classification to aid in the early and automatic detection of cancer [1,2,3,4].



An article citing the International Agency for Research on Cancer (IARC), which reports to the WHO, has caused panic in Lebanon. According to this text, the prevalence of the disease in the country of the Cedar would be the highest among the countries of the Eastern Mediterranean; breast cancer remains the most common tumor in women in Lebanon with 2473 cases, according to the 2015 National Register, making up for nearly 37% of all female cancers. Of all reported cases, 36% of women with breast cancer were under the age of 50 years [1]. Another study conducted by researchers at a comprehensive medical center in Beirut showed that more than half of the Lebanese women with breast cancer were less than 50 years old. Based on these significant national statistics, it is judicious to study the early detection of breast cancer.



There are several diagnostic methods for breast cancer, including (1) breast self-examination (BSE), which consists of regular self-examination of the breast tissue and the detection of the presence of lumps or abnormalities; (2) the assessment of risk factors, such as age, family history, reproductive history, hormonal factors, and lifestyle factors, to determine an individual’s likelihood of developing breast cancer; (3) the evaluation of symptoms, such as breast pain, nipple discharge, changes in breast size or shape, and skin changes; and (4) the assessment of breast density, such as that obtained though medical imaging, (e.g., ultrasound imaging [5], mammography, and so on), as well as clinical assessments. Although ultrasound imaging is considered a safe imaging method [5], it cannot capture microcalcifications—tiny calcium deposits that can often be some of the earliest signs of breast cancer. Mammography is one of the imaging techniques used to detect breast abnormalities [6]. Observing breast mammograms is one of the standard screening tools for deciding whether breasts contain cancer or not. However, while mammograms can reveal suspicious findings that require further investigation, such as abnormalities that might indicate cancer, they do not allow for a definitive conclusion regarding its presence. Therefore, several investigations are required for the diagnosis of cancer. Moreover, mammography is based on X-rays, which use ionizing radiation [6]; furthermore, this type of imaging is sometimes insufficient, especially if the quality of the mammograms provided by the machines is low [3].



To improve the quality of the images, image processing has been applied to mammograms, in order to overcome the problems associated with manual diagnosis through replacing it with automatic diagnosis [3]. The purpose of processing medical images is to extract useful information from the acquired images for classification and diagnosis, thereby revealing details that are too vague to perceive with the naked eye while avoiding the production of artifacts and/or false information. To achieve the latter, processing involves algorithms that make it possible to act on a digitized image, and one of the fundamental processes is segmentation [7]. Ciecholewski applied morphological segmentation and watershed segmentation to mammograms with 200 regions of interest (ROIs) [8]. Duarte et al. worked on 1000 ROIs in mammograms from the Digital Database for Screening Mammography (DDSM) [9] and obtained a more precise diagnosis than that obtained in the research by Ciecholewski [8]. Although Duarte et al. and Arikidis et al. had previously worked on the segmentation of mammograms, Ciecholewski had higher overlap values (OVs) for microcalcifications [8,9,10]. Moreover, two types of microcalcifications were analyzed in the work of Ciecholewski—namely, those that are symptoms of malignant cases and those that represent benign cases—and fatty breast cases were generally considered [8]. Unfortunately, as the manual tracing of individual microcalcifications is very time-consuming for experts, taking almost 30 min for a single ROI, this forms an obstacle for conducting a larger number of experiments. Despite it being time-consuming, several researchers have used segmentation [7,8,9,10]. In addition, according to Ciecholewski, the mean sensitivity in all of the experiments amounted to 80% and reached a maximum value of 81% [8]. Therefore, the following question arose: is the segmentation of mammograms sufficient to automatically diagnose large data sets? Is it significant to employ artificial intelligence (AI)?



As machine learning (ML) algorithms, such as the support vector machine (SVM), naive Bayes (NB), k-nearest neighbors (k-NN), and decision tree (DT), have been used for the detection and classification of several events and diseases [4,11,12,13,14], similar algorithms could analogously be used for breast cancer classification [15]. Different research on the classification of breast cancer has used different models, such as SVM, multi-layer perceptron (MLP) model, other neural networks, and logistic regression [16,17,18]. Although, some models such as SVM have been used to detect breast cancer, where either ultrasound or mammography images were utilized, which do not provide information at the cellular level and thus required additional investigations for decisions.



Basically, the aim of this study was to find a harmony between image processing and AI techniques in order to provide an appropriate diagnosis during all phases associated with the detection of breast cancer, allowing for the construction of an automatic paradigm for breast cancer diagnosis. This was achieved through testing four classifiers—three ML algorithms and a regression model—for the diagnosis of breast cancer. In addition, this was achieved through calculating statistical metrics and the root absolute error (RAE) to determine the optimal classifier yielding an automatic diagnosis. Fine-needle aspiration (FNA) images and the cytology of classifications in the breast were used, as provided in the Breast Cancer Wisconsin (Diagnostic) Data set. FNA was used due to the fact that it is very challenging to detect breast abnormalities in mammograms with dense breast tissue. The proposed automatic and diagnostic paradigm could play a vital role in reducing diagnostic errors, providing physicians with an automatic and accurate diagnosis and promoting healthcare services, especially when numerous images are involved.



This article is divided into five main sections: After the introduction of the research context and recent studies related to breast cancer detection and diagnosis, Section 2 provides the experimental materials and methods used here, including the collection of experimental data, a priori information, features, classifiers, and evaluation methods. Section 3 showcases the results, which are divided into quantitative and qualitative results. Then, Section 4 discusses the results and provides a judicious conclusion. Finally, Section 5 opens the door for future points that can be considered in the automatic diagnosis of breast cancer.




2. Materials and Methods


Several medical imaging techniques are primarily utilized for the identification of breast cancer. These techniques include mammography, breast ultrasound (US), breast magnetic resonance imaging (MRI), computed tomography (CT), positron emission tomography (PET), and scintimammography. In addition, there are other techniques available—such as breast intervention procedures—that can aid in both the diagnosis and assessment of breast cancer [19,20]. Ongoing research aims to study and compare additional medical imaging techniques, highlighting their respective advantages and disadvantages. Comparative analyses that included the benefits and drawbacks of these techniques were reported by Iranmakani et al. and Iacob et al. [1,21]. Furthermore, various algorithms were developed to classify and determine the presence of breast cancer in medical images [3].



This new paradigm, including the materials and proposed advanced methods used for the diagnosis and evaluation of breast cancer, is provided in Figure 3. Starting from the experimental data—fine-needle aspiration (FNA) images—and progressing to processing and feature extraction, a comparison of the performance of four classifiers—SVM, NB, k-NN, and DT-C4.5, which are among the most influential machine learning (ML) algorithms in medical research—was carried out. The goal was to assess the efficiency and effectiveness of these algorithms in terms of their accuracy, sensitivity, and specificity. The aim was also to calculate the error and measure of agreement of detection of breast cancer to evaluate the results, which were either reported as the “presence” of cancer (i.e., a malignant tumor) or the "absence" of cancer (i.e., a benign tumor).



To work on the paradigm shown in Figure 3, several materials were needed. First, the experimental data (i.e., FNA) were collected through a minimally invasive procedure performed on patients in a hospital and saved in the Wisconsin database [22]. Second, data processing and analysis were carried out through Matlab (R2022a, the MathWorks, USA) in the Biomedical Engineering Lab at the Faculty of Engineering at Beirut Arab University, Lebanon.



Pertaining to the proposed methodology, various procedures and steps were sequentially involved, as shown in Figure 3, starting from the collection of medical images of breasts, FNA data sets, and the decision-making process. The workflow is summarized as follows:




	
First, the images were collected, imported, and prepared;



	
Features were extracted from the images;



	
Algorithms were trained;



	
Algorithms were tested;



	
The statistical evaluation metrics were assessed;



	
The relative absolute error (RAE) and kappa statistic (KS) were calculated;



	
The receiver operating characteristic (ROC) curves were plotted.








In the following, a detailed description of the database is provided.



2.1. Database Description


A sample of the FNA of a breast mass (Figure 4) indicates the types of images that were employed in this study. FNA of the breast is a minimally invasive procedure used to diagnose breast abnormalities, such as lumps, cysts, and suspicious masses. With FNA, skilled healthcare professionals insert a small needle into the breast, taking samples of cells or fluid for further analysis. FNA is a diagnostic tool that helps to determine whether breast abnormalities are malignant (cancerous) or benign (non-cancerous); that is, there are two classes. Such early classification aids in the development of appropriate treatment plans. The FNA image shown in Figure 4 exhibits the characteristics of the cell nuclei. The database class distribution was composed of 357 benign and 212 malignant images.



After collecting the sample image shown in Figure 4, several features were extracted from it. A total of 569 digitized images of FNA of breast masses were processed.




2.2. Diagnosis and a Priori Knowledge


Diagnosis using FNA is usually based on a pathology report to evaluate a lump or mass in a patient’s breast as malignant or benign. Concerning a priori knowledge, nine cytological characteristics of breast FNAs were employed. The values of the cytological characteristics ranged from 1 to 10, with 1 being the closest to benign and 10 being the most malignant. Then, the data and a priori knowledge were categorized into the cancerous and non-cancerous categories. The a priori knowledge was employed, and 10 real-valued features were extracted from the FNA images.




2.3. Feature Extraction


Several features were thought of, including the following real-valued geometrical and non-linear features that were computed for each cell nucleus (as such, they are called nuclear features):




	
Radius, which signifies the mean of distances from the center to points on the perimeter;



	
Texture, which reflects the standard deviation of grayscale values;



	
Perimeter, which is the total length around the outside of a cell nucleus;



	
Area, which is the measure of the cell nucleus region’s size on a surface;



	
Smoothness of the nuclear contour, which reveals the local variation in radius lengths;



	
Compactness of the cell nuclei, which was calculated as (perimeter2/area − 1.0);



	
Concavity, which indicates the severity of concave portions of the contour;



	
Concave points, which illustrates the number of concave portions of the contour rather than the magnitude;



	
Symmetry, for which the longest chord through the center was found; then, the length difference between the lines that were perpendicular to the major axis to the cell boundary in both directions was measured;



	
The fractal dimension of a cell was approximated using “coastline approximation − 1”.








Moreover, the mean (M), standard error (SE), and worst (W) or largest (mean of the three largest values) of these features were computed for each image, resulting in 30 features. In addition to the 10 real-valued features, 2 other categorical variables were provided—the ID of each patient and the class label (malignant or benign).



Then, the features were input to train the classifiers, and some of them were used to test the classifiers after training was accomplished. Of the available data set (N = 569 (100%)), 70% of the data was used for training and 30% was used for the testing and validation of the classifiers. This showcased the distribution of the training, testing, and validation data sets for the diagnosis of breast cancer; A total of 357 images were benign and 212 images were malignant.




2.4. Classifiers


Four main classifiers were used: three ML algorithms and one regression algorithm.



2.4.1. Support Vector Machine (SVM)


The SVM, which is also called a wide-margin separator, is a supervised ML algorithm [23,24]. SVMs are widely used in classification applications. SVMs are based on finding a hyperplane that best divides a data set into two classes. The hyperplane is a line separating and linearly classifying a set of data [23], and support vectors are the data points closest to the hyperplane. For instance, the data points shown in Figure 5 are classified in binary and are separated into two different classes. A decision boundary can be thought of as a dividing line where positive examples exist on one side, and negative examples exist on the other side. On this same line, data points can be classified as positive or negative. The parameters of the SVM used are as follows:




	
The C parameter adjusts the margin and misclassification. A C parameter of 0.1 was chosen based on empirical inference, such that, a large C value meant less misclassification and a low margin. However, a high C value meant more misclassification but a large margin;



	
The kernel parameters are functions used to calculate hyperplanes. As the data were separable with a linear line, a linear kernel was used. It was the simplest method for calculating hyperplanes.









2.4.2. Naive Bayes (NB)


NB is a classification technique based on Bayes’ theorem with a hypothesis of independence among predictions [25]. The NB classifier assumes that the presence of a particular characteristic in a class is not related to the presence of another characteristic. For instance, a fruit can be considered an apple if it is red, round, and about 3 inches in diameter. Although these characteristics depend on each other or on the existence of other characteristics, all of these properties independently contribute to the probability that this fruit is an apple, and that is why it is said to be “naive”. NB models are easy to build and are particularly useful for very large data sets. This algorithm is mainly used in text classification and with problems that have multiple classes [26].



In addition to its simplicity, NB is known to surpass very sophisticated classification methods. Bayes’ theorem allows us to calculate the posterior probability   P ( c | x )   from   P ( c )  ,   P ( x )  , and   P ( x | c )  , as shown in Equation (1):


  P  ( c | x )  =    P ( x | c ) P ( c )   P ( x )     



(1)






  P  ( c | x )  = P  (  x 1  | c )  ∗ P  (  x 2  | c )  ∗ P  (  x 3  | c )  ∗ . . . ∗ P  (  x n  | c )  ∗ P  ( c )  .  



(2)




where:




	
  P ( c | x )   is the posterior probability of a class (c, target) given the predictor (x, attributes);



	
  P ( c )   is the a priori class probability;



	
  P ( x | c )   is the likelihood, which is the probability of the predictor of a given class;



	
  P ( x )   is the prior probability of the predictor.








The steps that were involved in the classification of breast cancer were as follows:




	
Conversion of the data set into a frequency table;



	
Development of a likelihood table by finding the posterior values for each class. The class with the highest posterior probability was the result of the prediction.








NB uses a similar method to predict the probability of a different class based on various attributes. This algorithm is mainly used for problems with multiple classes [26]. Herein, the default NB was used with the parameters shown in Equation (1) for the classification of two classes.




2.4.3. k-Nearest Neighbors (k-NN)


k-NN is used to classify target points (unknown class) as a function of their distances from points constituting a learning sample (i.e., the class of which is known a priori). k-NN is an intuitive supervised classification approach that is often used in the context of ML [27]. This is a generalization of the nearest neighbor (NN) method. NN is a special case of k-NN where k = 1. Given the series of red circles (RCs) and green squares (GSs) shown in Figure 6, if the intention is to know the blue star (BS) class, a BS can be an RC or a GS. The “k” in the k-NN algorithm denotes the considered number of closest neighbors.



If k = 3, a circle is drawn, with BS being the center, containing only three data points on the plan, as shown in Figure 7. The three closest points to the BS are all RCs, as shown in Figure 7. Thus, with a good level of trust, the BS belongs to the class RC. Here, the choice has become obvious as all three NN votes went to RCs. The choice of the parameter “k” is very crucial in this algorithm. Then, the factors are needed to decide the best value of k [21].



The parameters of k-NN used are as follows:




	
The neighbors parameter k, which refers to the number of neighbors, was chosen to be 9 based on empirical inference;



	
The weight parameter: unlike uniform weights, the distance of neighbors was considered as the weight showing the importance of classification;



	
The algorithm parameter, which sets the algorithm that is used to compute the nearest neighbors;



	
The p parameter, which refers to the distance between the query point and the neighbor, was chosen to be 1; that is, the Manhattan Distance, sum(  | x − y |  ), was the best distance metric for the studied data set.









2.4.4. Decision Tree (C4.5)


DT is a regression technique in which the characteristics are independent of each other on a continuous basis. In graph theory, a tree is an undirected, acyclic, and connected graph [1]. DTs are a category of trees used in the exploration of data and business intelligence. They employ a hierarchical representation of a data structure in the form of sequences of decisions (tests) for the prediction of a result or class. Each individual (or observation), which must be assigned to a class, is described by a set of variables that are tested in the nodes of the tree. Testing takes place in internal nodes, and decisions are made in a node’s leaves. In decision analysis, a decision tree and influence diagram are used as a visual and analytical decision support tool, where the values’ expected (or expected utility) competing alternatives are calculated. As shown in Figure 8, a decision tree is made up of three types of nodes:




	
Decision nodes, represented by squares;



	
Lucky knots, represented by circles;



	
End nodes, represented by triangles.








C4.5 was used to build a DT from a set of training data using the concept of information entropy. C4.5 builds a DT from a set of training data, and the training data are a set    W =   w 1  ,  w 2  , …     of already classified samples. Each sample    w i    consists of a p-dimensional vector    (  u  1 , i   ,  u  2 , i   , … ,  u  p , i   )   , where    u j    represents attribute values or features of the sample, as well as the class in which    w i    falls.



After testing the classifiers, the results required specific methods for evaluation.





2.5. Evaluation Criteria


After applying the classifiers and in order to evaluate the results, the measurement that was the closest to the true value was expressed with the accuracy (i.e., the correctly predicted class over the total test class). This can be defined as the percentage of correctly classified instances as follows:


  A c c u r a c y =    ( T P + T N )   ( T P + T N + F P + F N )     



(3)




where TP represents the number of true positives, FN represents the number of false negatives, FP represents the number of false positives, and TN represents the number of true negatives [28]. In addition, the following standard performance measures were also used to evaluate the results:


  S e n s i t i v i t y =    T P   ( T P + F N )     



(4)




and


  S p e c i f i c i t y =    T N   ( T N + F P )    .  



(5)







Furthermore, to better understand the efficiency of detection and diagnosis, the ROC curve was simulated, providing a graphical representation of the relationship between the sensitivity and specificity of a test for all possible cutoff values [26]. The ordinate of the ROC represents the sensitivity (TP rate), and the abscissa corresponds to a 1-specificity quantity (FP rate).



In addition to the accuracy, sensitivity, and specificity, the simulation error and kappa score (KS) were also computed to reflect the effectiveness of the classifier as follows:




	-

	
The relative absolute error (RAE) is expressed as a ratio comparing the mean error (residual) to errors produced by a naive model. The RAE is defined as:


  R A E =     ∑  i = 1  n    (  x i  −  y i  )  2       ∑  i = 1  n    (  y i  )  2   )      



(6)




where y is the actual result and x is the predicted result. A reasonable model (one that produces results that are better than those of a trivial model) results in a ratio of less than one [29];




	-

	
KS is a randomly corrected measure of agreement between classifications and real classes. The percentage of kappa values ≤ 0% indicate no agreement, 1–20% indicates no to slight agreement, 21–40% indicates fair agreement, 41–60% indicates moderate agreement, 61–80% indicates substantial agreement, and 81–100% indicates almost perfect agreement [30].











3. Experimental Results


In order to measure the effectiveness of the automatic diagnosis of breast cancer achieved with the explored classifiers (SVM, NB, k-NN, DT-C4.5), qualitative and quantitative results are provided. The accuracy of diagnosis is reported and shown in Figure 9, where the graph depicts the behavior of the percentage of accuracy of the diagnoses obtained with the four different classifiers. The highest accuracy was obtained with SVM, followed by NB, k-NN and, finally, DT-C4.5.



Then, the effectiveness of diagnosis was tested based on the TP and FP results in comparison with the accuracy metric, as shown in Table 1 for SVM, NB, k-NN, and DT-C4.5. It is noteworthy that, depending upon the cancer type, the cells have a variation in size and shape. Thereby, the uniformity in the cell size or shape tends toward benign classification; otherwise, it is considered malignant. These two categories are reported in the table. In addition, other parameters, such as bare nuclei, bland chromatin, and normal nucleoli, are signs of benign masses. Table 1 shows that the highest value of TP (highlighted in bold) was 97%, and the percentage of diagnoses between malignant and benign cases was above or equal to 91% among all of the classifiers. In addition, for all of the classifiers, the FPs were inferior to 1%. The minimum values of FPs for the malignant and benign cases were obtained with the SVM and then NB approaches.



In addition to the accuracy, TP, and FP values, the sensitivity and specificity results of automatic diagnosis are reported in Table 2. Although the sensitivity of detection with NB (96%) dominated those of both the k-NN (94%) and DT-C4.5 (94.5%) algorithms, it was still approximately comparable with that obtained with the SVM.



For the specificity of diagnosis, the result obtained with the SVM was 97.50% and was larger than that obtained with NB (97%), k-NN (95%), and C4-5 (95.5%). Therefore, both the accuracy and specificity values of SVM were better than those of the other ML algorithms used and had the lowest error rate.



Moreover, the ROC curves of the tested classifiers (SVM, NB, k-NN, and DT-C4.5) are shown in Figure 10. The ROC curves, shown in Figure 10, vividly illustrate the performance of the classifiers, showing that the SVM approach provided the best diagnosis.



Furthermore, the training and simulation errors of diagnosis yielded by the four classifiers are reported in Figure 11a,b. It is noteworthy that the RAEs are reported in percentages (%) in Table 3 and are shown in Figure 11a. Moreover, the KS values are also reported in percentages (%) in Table 3 and are shown in Figure 11b.



Regarding the measurement of the error, according to Table 3, the chance of having a significant classification (93%) with the lowest relative absolute error (RAE) was obtained with the SVM, with the   % R A E   being 6.33%.




4. Discussion and Conclusions


This study explored the application of three distinct ML algorithms—namely, SVM, NB, and k-NN—as well as the DT-C4.5 regression model for the classification and diagnosis of breast cancer. The imaging data set utilized in this study was collected, processed, and subsequently employed for training. The final determination of the presence and/or absence of cancer was performed with specific classifiers selected from the aforementioned algorithms.



It is noteworthy that the accuracy obtained with the SVM classification was better than that obtained with C4.5, NB, and k-NN. The accuracy values varied between 95.13% and 97.13% in our work.



Based on these outcomes, in order to discuss the results and compare the performance in diagnosis, further results are reported in Table 4, taking the SVM as a reference and checking all of the results based on the SVM.



The results show that each employed algorithm detected breast cancer with a relatively high accuracy and well-defined efficiency. The SVM was the most efficient classifier in the diagnosis of breast cancer based on the outcomes, showcasing an ultimate accuracy of 96.84%, the greatest specificity of 97.36%, and the greatest sensitivity of 95.85%; this high performance of the SVM was in accordance with that reported in medical-related studies [31]. However, the difference in the performance of the algorithms should be noted by taking the SVM as a reference, as shown in Table 4. The minimum difference in the absolute performance is highlighted in bold for each statistical measure explored. The minimum difference values showed an overall close performance between NB and the SVM.



However, the difference in the absolute error distribution was at its maximum between the SVM and DT-C4.5; therefore, the error distribution was minimal for the SVM and maximal for DT-C4.5 (  S V M < N B < k − N N < D T − C 4.5  ). In addition, the difference in the accuracy distribution was as follows:   Δ ( S V M , D T ) > Δ ( S V M , k − N N ) > Δ ( S V M , N B )  . Therefore, the maximum accuracy distribution was as follows:   S V M > N B > k − N N > D T − C 4.5  . Furthermore, the difference in the sensitivity distribution was as follows:   Δ ( S V M , k − N N ) > Δ ( S V M , D T ) > Δ ( S V M , N B )  . Hence, the maximum sensitivity distribution was as follows:   S V M  ≃  N B > D T − C 4.5 > k − N N  . In addition, the difference in the specificity distribution was as follows:   Δ ( S V M , k − N N ) > Δ ( S V M , D T ) > Δ ( S V M , N B )  . Therefore, the maximum specificity distribution was as follows:   S V M > N B > D T − C 4.5 > k − N N  . This difference in percentages is due to the differences in the theory and principle of operation of each algorithm.



In addition, ML classification (SVM, NB, k-NN) surpassed the classification with the regression algorithm (DT-C4.5). This could be due to the fact that the DT algorithm is known for its ability to handle complex non-linear relationships in data [1]; however, the currently studied data did not totally possess non-linear relationships. Moreover, the highest performance of the SVM was due to the fact that SVMs are effective at finding the optimal margin of separation in high-dimensional space.



Despite the advantageous outcomes of the SVM, it can be more computationally intensive for larger data sets; hence, DT-C4.5 can be faster, which is in accordance with the outcomes of Iacob et al. [1].



By comparing the accuracy of diagnosis of breast cancer in our study with that obtained by other researchers [17,18,22], the accuracy obtained with the SVM was 2.7% higher than that obtained and reported by Obaid et al. (94.4%), as shown in Table 5. This could be due to the difference in the choice of kernel function.



Furthermore, the accuracy obtained with our paradigm using NB was higher than that obtained by Kharya et al. (93%) [32]. This could be due to the fact that Kharya et al. applied their model to the Wisconsin prognostic database rather than the diagnostic one, and they used the model to predict cancer.



In addition, the SVM’s accuracy of diagnosis was 4.83% higher than that obtained with the neural network (92.3%) and 1.33% higher than that obtained through logistic regression (95.80%) [17,18]. This could also be due to the fact that the data set was labeled with two classes: malignant and benign.



Furthermore, the accuracy obtained by Street et al. was 86% after using snakes customized to the exact shape of the nuclei [33]. Therefore, the results obtained in this work were better than those presented in similar research [33].



The results obtained with a multi-layer perceptron (MLP) showed that the efficiency of classification reached a maximum of 94% [16], but the outcomes of this study surpassed the outcome for MLP, as the accuracy of diagnosis ranged approximately between 95% and 97% when using the aforementioned database in the current work.



On the other hand, ML aided in the automatic classification of breast cancer and produced promising results when applied to a data set that was labeled as malignant and benign. This was in accordance with the general concept triggering the use of ML [4,31] as, usually, when doctors want to specify the type of tumor—whether it be malignant or benign—they use their own experience acquired throughout their career and study [3]; that is, they rely on their personal logic, mental effort, and personal intelligence to determine the diagnostic result, which is provided automatically to help them in the decision.



The major challenge of applying advanced algorithms to medical data is providing accurate and computationally efficient classifiers for medical purposes. In the current study, four algorithms—SVM, NB, k-NN, and DT-C4.5—were applied to breast cancer data sets. The performance of these algorithms was measured in terms of statistical measures, accuracy, sensitivity, and specificity to determine the best classification performance. The SVM classification achieved an accuracy of 97.13% and therefore outperformed all other algorithms. Compared with the fair amount of breast cancer research in the literature, using the Wisconsin data set to compare the classification accuracy of exploration algorithms, our experimental results provided the highest value of accuracy in classification.



Hence, the SVM proved its effectiveness in the prediction and diagnosis of breast cancer for good management and achieved the best performance with a low error rate.



Despite the method of operation, all of the employed algorithms were able to correctly diagnose breast cancer based on the images with a minimum error rate (RAE), which is related to quality control, referring to the technical act that makes it possible to determine the conformity and quality of an image when two quality parameters—true positives (TP) and false positives (FP)—are reported. These two parameters are able to confirm the presence of a pathology or its absence based on the following three assessment parameters: accuracy (percentages of cases that are diagnosed correctly), specificity or 1-FP (probability of obtaining a negative diagnosis in a patient who does not have breast cancer), and sensitivity or PT (probability of obtaining a positive diagnosis in a patient with breast cancer). Finally, a true diagnosis is provided. Previous studies explored the evolution of imaging techniques and their impacts [4,19]. These studies concluded that, as imaging techniques continue to advance, the collaboration among radiologists, surgeons, and ML algorithms will become more intertwined.



The originality of our findings was demonstrated according to the performance measures of diagnoses based on FNA images being the highest, as these images showcase the cells (i.e., at the cellular level), unlike ultrasound imaging, which shows the density at the tissue level; and mammography, which works on the attenuation of the ionizing radiation of X-rays.



Despite the advancement and effectiveness of automatic breast cancer diagnosis through imaging and classifiers, there remains a limitation regarding the number of FNA images used for feature extraction to be input into the classifiers; that is, as the number of images increases, the outputs of the classifiers and algorithms are augmented. In addition, in the current work, ML algorithms and a regression model were used in order to choose the optimal algorithm for the classification and detection of cancer, but the performance of deep learning algorithms can be further investigated in future research.




5. Future Work


As breast cancer continuously affects more women each year, early automatic detection through screening and prompt evaluation of any abnormalities are key factors in improving the outcomes for individuals with breast cancer. Although clinical methods provide significant initial information, they require further evaluation with imaging studies if abnormalities are detected. Thus, it is judicious to study advanced techniques for better diagnosis, such as studying the effectiveness of machine learning (ML) for the diagnosis of cancer of the breast through experimental and real FNA images at the cellular level. The new paradigm used, which included three ML models and one regression model that were applied to such images, validated our hypothesis that breast cancer diagnosis could be automatically and accurately achieved through integrating FNA images at the cellular level and ML and regression models. Moreover, regardless of the experience and evaluation of the physician, the statistical evaluation measures are promising and the error rate is low, making automatic diagnosis worthwhile. Thereby, the advancement of imaging techniques and their impact on patient diagnosis are driven by a shared objective of achieving the best possible outcomes for patients with breast cancer. Through optimizing imaging modalities to provide precise and comprehensive information that can effectively guide surgical interventions, the outcomes of the current work bring us closer to realizing this common goal.



Despite the advancements in medical breast cancer imaging, accurately classifying breast cancer remains challenging, particularly in early-stage cases or when dealing with dense breast tissues. Therefore, exploring FNA and breast mass images through the utilization of algorithms for precise, rapid, and effective classifications and diagnoses of medical images is imperative. However, it could also be useful to test our paradigm when considering images at different levels (i.e., those other than at the cellular level). Not only mammography and ultrasound images, but also additional algorithms and different combinations of features can be considered in future research. Furthermore, for malignant tumors, the degree of aggressiveness could be explored in future research.
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Figure 1. Estimated age-standardized cancer incidence and mortality rates issued by the World Health Organization (WHO) in 2020 (world, both sexes, all ages). 
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Figure 2. Estimated number of new breast cancer cases from 2020 to 2040 for both sexes and for ages 0–85+ years. 
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Figure 3. Block diagram of the proposed methodology for breast cancer diagnosis and evaluation. 
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Figure 4. Identifying breast cancer in the fine-needle aspirate (FNA) of a breast mass. 
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Figure 5. Parameters that delimit the hyperplane. 
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Figure 6. Example of the k-NN algorithm. 
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Figure 7. Example of the RC class. 
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Figure 8. Decision tree elements [18]. 
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Figure 9. The statistical performance, accuracy of detection, and diagnosis of breast cancer using the four different classifiers: SVM, NB, k-NN, and DT-C4.5. 
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Figure 10. The receiver operating characteristic (ROC) curves of the support vector machine (SVM, highlighted in blue), naive Bayes (NB, highlighted in orange), k-nearest neighbor (k-NN, highlighted in gray), and decision tree-C4.5 (DT-C4.5, highlighted in yellow) for breast cancer diagnosis. 






Figure 10. The receiver operating characteristic (ROC) curves of the support vector machine (SVM, highlighted in blue), naive Bayes (NB, highlighted in orange), k-nearest neighbor (k-NN, highlighted in gray), and decision tree-C4.5 (DT-C4.5, highlighted in yellow) for breast cancer diagnosis.



[image: Sensors 24 02312 g010]







[image: Sensors 24 02312 g011] 





Figure 11. The bar graphs of the machine learning algorithms and regression algorithm in the diagnosis of breast cancer. (a) The errors of diagnoses yielded by the four classifiers. (b) The kappa score (KS) of diagnoses yielded by the four classifiers. 






Figure 11. The bar graphs of the machine learning algorithms and regression algorithm in the diagnosis of breast cancer. (a) The errors of diagnoses yielded by the four classifiers. (b) The kappa score (KS) of diagnoses yielded by the four classifiers.



[image: Sensors 24 02312 g011]







 





Table 1. The diagnosis results for the four classifiers—SVM, NB, k-NN, and DT-C4.5—based on the TP and FP measurements.
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Algorithm

	
True Positive

	
False Positive

	
Class






	
SVM

	
0.97

	
0.03

	
Benign




	
0.94

	
0.02

	
Malignant




	
NB

	
0.95

	
0.02

	
Benign




	
0.97

	
0.04

	
Malignant




	
k-NN

	
0.97

	
0.08

	
Benign




	
0.91

	
0.02

	
Malignant




	
DT-C4.5

	
0.95

	
0.05

	
Benign




	
0.94

	
0.04

	
Malignant











 





Table 2. The sensitivity, specificity, and accuracy of automatic diagnosis using a support vector machine (SVM), naive Bayes (NB), k-nearest neighbor (k-NN), and decision tree (DT-C4-5).
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	Algorithm
	Sensitivity (%)
	Specificity = 1 − FP (%)
	Accuracy (%)





	Support Vector Machine (SVM)
	95.85
	97.50
	97.13



	Naive Bayes (NB)
	96.00
	97.00
	95.99



	k-Nearest Neighbor (k-NN)
	94.00
	95.00
	95.27



	Decision Tree (DT-C4-5)
	94.50
	95.50
	95.13










 





Table 3. The evaluation metrics for the four employed classifiers: support vector machine (SVM), naive Bayes (NB), k-nearest neighbor (k-NN), and decision tree-C4.5 (DT-C4.5).
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	Classifiers
	SVM
	NB
	k-NN
	DT-C4.5





	Kappa Score (KS) (%)
	93.00
	91.00
	98.00
	98.00



	Relative Absolute Error (RAE) (%)
	6.33
	8.59
	10.46
	14.00










 





Table 4. The absolute difference  Δ  of the evaluation metrics for the NB, k-NN, and DT-C4.5 classifiers when taking the SVM as a reference.
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	Classifiers
	i = NB
	i = k-NN
	i = DT-C4.5





	 Δ Accuracy (SVM-i) (%)
	1.13
	1.86
	2



	 Δ Sensitivity (SVM-i) (%)
	0
	2
	1.50



	 Δ Specificity (SVM-i) (%)
	0.50
	2.50
	2



	 Δ Relative Absolute Error (RAE) (%)
	2.26
	4.13
	7.67










 





Table 5. Comparative results of the statistical metrics for breast cancer diagnosis.
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	Method
	Types of Images
	Performance (%)





	New Paradigm (SVM)
	FNA, Breast Mass
	Accuracy (97.13%)



	New Paradigm (NB)
	FNA, Breast Mass
	Accuracy (95.99%)



	New Paradigm (k-NN)
	FNA, Breast Mass
	Accuracy (95.27%)



	New Paradigm (DT-C4.5)
	FNA, Breast Mass
	Accuracy (95.1