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Application of Support Vector Machines Kernel Functions 
for Breast Cancer Detection and Classification: A 
Comparative Study
Raz M. Hama Salih, Saman H. Mahmood

Department of Statistics and Informatics, College of Administration and Economics, Salahaddin University-Erbil, Iraq

ABSTRACT

This study deals with the linear, polynomial, and radial basis function (RBF) kernel-based support vector machines (SVM) applied to 
the classification of breast cancer. It checks the efficiency of different kernel-based techniques for distinguishing benign and malignant 
tumors against medical datasets. This analysis is conducted on the public Wisconsin Breast Cancer Dataset borrowed from the UCI 
Machine Learning Repository, which consists of 569 cases, 357 benign and 212 malignant. It aims to develop the assessment necessary 
for each Kernel based on its accuracy, precision, recall, computational efficiency, F1 score, and area under the curve (AUC). The outcome 
reveals that, in general, the polynomial Kernel will provide top-ranking results across the various features, thereby enhancing accuracy 
(96.84%), specificity (97.76%), and AUC (0.9966) compared to the linear and RBF kernels for use in disease classifications of cancers. 
These findings indicate that the polynomial kernel adeptly captures complex, non-linear data relationships, making it a strong candidate 
for developing more accurate SVM-based breast cancer detection models.
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INTRODUCTION

Breast cancer is one of the leading causes of cancer-
related mortality among women worldwide, presenting 
a significant global health challenge. Early and accurate 

diagnosis is important in the improvement of patient outcomes 
and survival rates.[1] Traditional diagnostic approaches include 
mammography, ultrasound, and biopsy – all with their 
disadvantages. Mammography has wide usage, though one 
may also expect false positives and negatives, especially in 
dense breast tissue. However, while highly sensitive, biopsies 
are invasive and require a great deal of time. Moreover, 
they may not be suitable for all patients.[2] The inherent 
variability in the interpretation of medical images adds to 
diagnostic inconsistencies and can further delay diagnosis.[3] 
Such limitations call for newer methods of diagnosis. While 
these traditional methods are good in many cases, they can 
sometimes have difficulty with data with complex relationships 
or many dimensions.

Machine learning can be a very promising avenue 
for improving medical diagnosis by enabling the analysis 
of complex datasets with high accuracy and speed.[4] 
Supervised learning algorithms, especially those developed for 
classification, are quite effective at distinguishing.

While the field has dealt mainly with segregating between 
cancerous and non-cancerous tissues using different features of 

medical images or clinical data, a variety of machine learning 
algorithms are used to achieve the end goal. Support vector 
machines (SVM) are among them that have acquired great 
attention for being robust and capable of dealing with high-
dimensional data on the availability of small-sized samples. 
Basically, kernel functions map input data into a higher-
dimension feature space to create non-linear separating 
hyperplanes; therefore, increasing classification efficiency on 
complicated datasets can be developed correspondingly.

In light of existing related studies on machine learning 
for the detection of breast cancer, comparative studies, which 
would focus comprehensively on the performance of various 
SVM kernel functions using some specific breast cancer 
datasets, are few and far between. While various studies have 
been conducted on the application of different kernel functions 
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for the detection of breast cancer, there is no comparative 
study on the performances of Linear, Polynomial, and radial 
basis function (RBF) kernels on the different publicly available 
datasets of breast cancer.[5] This will indeed be very helpful 
to point out which of these kernel functions would best suit 
the optimum detection and classification of breast cancer in 
various scenarios.

The main purpose of this research is to gauge the 
performances for different kernel functions of SVM on breast 
cancer datasets, such as a Linear, Polynomial, and RBF kernel 
for the most appropriate kernel regarding their performance on 
breast cancer data effective detection and classification. This 
study will carry out the assessment of the various functions of 
kernels and their efficiency in performance and develop insight 
into choosing the appropriate kernel function among the options 
given for the choice of a kernel function in certain datasets.

LITERATURE REVIEW

Traditional methods for diagnosis of breast cancer include 
several diagnostic modalities such as mammography, 
ultrasound, and biopsies. However, these methods are not 
without their limitations.[6-9]

Machine learning, or more specifically supervised 
learning, has developed to effectively enhance the detection 
and classification of breast cancer. Various studies have been 
carried out that apply several machine learning algorithms, 
such as artificial neural networks, SVMs, and ensemble 
methods, on the imaging and clinical datasets for the 
diagnosis of breast cancer.[10] Of all these, the most promising 
performance is offered by SVMs, which classify the images 
and clinical data of breast cancer due to their capability to 
handle high-dimensional datasets with fewer numbers of total 
observations effectively.[11]

The SVM works by constructing a hyperplane that 
maximizes the margin between the data points of different 
classes and separates them in high-dimensional space. Data 
points closest to the hyperplane are called support vectors, 
and they uniquely define the position of the hyperplane. 
Major performance bases of SVM are kernel functions, as they 
allow non-linear classification without explicit computation of 
transformation in higher dimensional space.[12]

The selection of the kernel function in SVM plays a 
crucial role in choosing the model’s implementation. The 
linear kernel, the simplest model, is sufficient for linearly 
detachable data but cannot be used when dealing with 
complex and non-linear datasets. A  study has revealed that 
SVMs employing a linear kernel can achieve high accuracy on 
smaller datasets.[13] Conversely, the RBF kernel is one of the 
most adequate functions for breast cancer detection. Studies 
demonstrated that RBF-based SVMs outperform other kernel 
functions in accuracy and robustness, especially in non-linear 
datasets. For instance, one study revealed that the RBF kernel 
performed an accuracy of 89.1%, exceeding the polynomial 
and linear functions.[14] Similarly, another investigation 
revealed that RBF models optimized with genetic algorithms 
achieved accuracies of 97.71%.[15]

This research paper investigates the effectiveness of kernel 
function selection, compares the performance of different 

kernel functions, and discusses optimization techniques to 
improve SVM classification accuracy in breast cancer data.

MATERIALS AND METHODS

Kernel Functions

Linear kernel

The Linear kernel performs a dot product of input vectors and 
is suitable for linearly separable data.[16] The linear kernel 
tries to find a line that maximizes margins and minimizes 
misclassification. It is intended to find a hyperplane that 
maximizes the margins between classes and, at the same time, 
minimizes misclassifications.

K(x,y) = x.z + C� (1)

C is a parameter that controls the trade-off between the 
margin of the decision boundary and the accuracy of classifying 
the training data.

As the value of C increases, the tolerance for 
misclassification decreases, resulting in a narrower margin.[17]

Polynomial kernel

The Polynomial kernel maps input data to a higher-dimensional 
space using a polynomial function, with different degrees 
influencing the model’s complexity.[18]

K(x,y) = (γ x.z + C)d� (2)

γ is a scaling parameter that determines the influence of 
the inner product x.z. d is the degree of polynomial

RBF

It is one of the most popular kernels. RBF kernel measures 
similarity based on the radial distance between data points, 
using a gamma parameter that controls the influence of each 
data point.[19,20]

K(x,y) = EXP(-γ‖x-z‖2)� (3)

Where γ > 0

Each kernel has advantages and disadvantages, and the 
best choice often depends on the nature of the input data.[9]

Whereas much research has been directed toward 
machine learning in the detection of breast cancer, the 
literature indicates a lack of comparative studies that have 
analyzed and compared the performances of different SVM 
kernel functions on different datasets regarding classification. 
Therefore, the literature demonstrates the need to conduct a 
systematic study of different SVM kernels by using publicly 
available datasets related to breast cancer. In this respect, 
therefore, the present work meets this gap in the literature 
by comparing the different types of SVM kernels in-depth, 
as much as possible, and intends to determine which kernel 
best fits the purpose of detecting and classifying breast cancer, 
including the discussion of advantages and disadvantages 
associated with each kernel.

Dataset Description

The performance of the various kernel functions in 
SVM was compared using the open Wisconsin Breast 
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Cancer (WBC) dataset from the UCI Machine Learning 
Repository.[21] This dataset contains 569 instances, and each 
instance is characterized by 30 features (variables) computed 
from digitized images of the fine needle aspiration. These 
features describe the cell nuclei’s properties in the image, 
including radius, texture, perimeter, area, smoothness, 
compactness, concavity, concave points, symmetry, and fractal 
dimension, with measurements for mean, standard error, and 
worst values. The dataset is binary, with 357 instances labeled 
benign and 212 instances labeled malignant.

Data Pre-processing

Before training the SVM classifiers, several pre-processing 
steps were performed on the dataset. First, an inspection for 
missing values revealed that none were present in this specific 
dataset. This guarantees that all features contribute equally to 
the classification process and helps avoid potential numerical 
instability issues. In addition, the processed data was divided 
into a training set (70%) and a testing set (30%) aligning with 
common practices to balance model training and evaluation.

Evaluation Metrics

The confusion matrix, Accuracy, Sensitivity, and Specificity are 
key metrics used for evaluating classification models. Each one 
exhibits distinct strengths and shortcomings depending on the 
specific problem, particularly with respect to class imbalance.

Confusion matrix

It is a metric that illustrates the performance of the classification 
algorithm based on the data contained within it. For a binary 
classification, it can be expressed in table 1.

Accuracy

Accuracy measures how many predictions were made correctly 
regarding all cases predicted. Accuracy means all positive and 
negative results were true. It is simple to understand and 
compute and work well when the classes are balanced.[22]

Accuracy
Nmber of correct predictions
Total Number of Predi

�
     
      cctions

TP TN
TP TN FN FP

�
�

� � �
	

� (4)
Sensitivity

The sensitivity (Recall) is the degree of effectiveness in a 
classification algorithm that classifies data points into a 
positive class.[23]

Sensitivity�Recall( ) ��
�
TP

TP FN
� (5)

Specificity

This is the measure of a degree of effectiveness in a classification 
approach in classifying data into the negative class.[24]

Specificity �
�
TN

TN FP
� (6)

�
* *

*
�,� ,�,F

Precision Recall

Precision Recall�

�

�
��
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� � � �
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2
��3 � (7)

F-scores

The F1, F2, and F3 scores are obtained by setting β to 1, 2, and 
3, and taking a positive real number. F1-Score matric combines 
two different metrics (precision and recall). These metrics are 
the most used performance metrics in medical research, which 
involve diagnosis and classification.[25]

Area under the curve (AUC)

The AUC is a vital metric of performance for any classification 
models. The higher the AUC, the better the model.[25,26]

SVM Implementation

The SVM classifiers were implemented in MATLAB R2022a, 
using the (fitcsvm) function for appropriate corresponding 
types, namely Linear Kernel, Polynomial Kernel, and 
RBF Kernel, and 5-folds cross-validation for tuning the 
hyperparameters so that the generalizability of the model 
could be checked, and overfitting was reduced as far as 
possible.

RESULTS AND DISCUSSION

This section is followed by comparing the performance of 
three SVMs: Linear, polynomial, and RBFs. A  confusion 
matrix was then created to evaluate the performance of the 
models, which allowed several parameters to be calculated, 
such as accuracy, precision, recall, specificity, and F-scores, 
such as the F1, F2, and F3 scores. Furthermore, AUC can 
also be used for the measure in the comparison of classifiers 
since high AUC will indicate better performance in all 
thresholds of possible decisions. These metrics provide a 
comprehensive evaluation of the SVM models, with a focus 
on recall and AUC being especially significant in the medical 
domain.

Linear Kernel

Table  2 presents a summary of the test results using the 
classification model. Out of the (212) positives, (203) were, in 
fact, positive, while (9) were false negatives; likewise, out of 
(357) negatives, (345) were true negatives, and the remaining 
(12) were false positives. Further computation on the accuracy, 
sensitivity, and specificity evaluation measures could be done 
as per the following:

Accuracy �
�

� � �
�

203 345
203 345 9 12

0 9630. �

Table 2: Confusion matrix for linear kernel model

Predicted\Actual Positive Negative

Positive 203 9

Negative 12 345

Table 1: Confusion matrix for binary classes (negative and positive)

Predicted\Actual Positive Negative

Positive True positive (TP) False positive (FP)

Negative False negative (FN) True negative (TN)
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Sensitivity�Recall� � �
�

�
203

203 9
0 9575. �

Specificity�True nagtive rate� � �
�

�
345

345 12
0 9663. �

Polynomial Kernel

Table  3 shows that out of (312) positive class data points, 
(202) were correctly identified as true positives and (10) were 
false negatives. Of the (357) negative class data, (349) were 
true negatives, while (8) were false positives. The calculated 
values for metrics are as follows:

Accuracy �
�

� � �
�

202 349
202 349 10 8

0 9683
�

�.

Sensitivity�Recall� � �
�

�
202

202 10
0 9528�.

Specificity�True nagtive rate� � �
�

�
349

349 8
0 9775�.

RBF Kernel

Table  4 shows that out of (212) positive classes, (192) of 
them were predicted in the positive class, which is called true 
positive, and the left of them (20) of the data got negative that 
called False Negative. Furthermore, from (357) negative class 
test data, True Negative is (346), and False Positive is (11). 
The following are the performance metrics calculated in this 
regard, which include accuracy, sensitivity, and specificity.

Accuracy �
�

� � �
�

192 346
192 20 11 346

0 9455. �

Sensitivity�Recall� � �
�

�
192

192 20
0 9056. �

Specificity�True nagtive rate� � �
�

�
346

346 11
0 9691. �

Table  5 presents a direct comparison of the three SVM 
kernel models using key performance metrics. The Polynomial 
kernel model demonstrates superior overall performance 
with the highest accuracy at 0.9684, precision at 0.9619, 
and specificity at 0.9776. While the Linear kernel achieves a 
slightly higher recall of 0.9575 compared to the Polynomial’s 
0.9528, the latter demonstrates a more balanced performance. 
The polynomial model also has the highest F1-score of 0.9573, 
a better way of measuring the balance between precision and 

recall. The RBF kernel lags in most metrics, including the 
lowest precision at 0.9458, recall at 0.9057, and significantly 
lower f-scores, where the highest score it achieves is the F1 
score of 0.9253. Crucially, the Polynomial kernel model 
achieves the highest AUC at 0.9966, followed by linear with 
0.9955 and RBF with 0.9818, indicating its superior capability 
in distinguishing between malignant and benign cases overall, 
solidifying its position as the best-performing model among 
the three in the table.

As shown in the graphs from Figure  1, the Polynomial 
Kernel model displays a receiver operating characteristic curve 
with an AUC of 0.9966, the highest among the three models, 
indicating superior discriminatory ability. The Polynomial 
Kernel’s curve is closer to the ideal top left corner compared 
to the curves of the other two models. Next, the Linear Kernel 
also demonstrates strong performance with an AUC of 0.9859. 
Its curve is slightly below the Polynomial model’s, showing 
excellent discriminatory power, though not quite as good as 
the Polynomial Kernel. Finally, the RBF Kernel has the lowest 
AUC at 0.9818 (rounded from 0.98175), and its curve is visibly 
further from the top left corner, indicating comparatively lower 
discriminatory capabilities.

In all the graphs, the dotted diagonal line represents the 
performance of a random classifier with an AUC of 0.5. Since 
all models have curves significantly above this line, it suggests 
that all three models are notably better than a random classifier. 
Overall, Figure  1 visually confirms the numerical results in 
Table 4, reinforcing the conclusion that the Polynomial Kernel 
is the best-performing model for breast cancer classification.

DISCUSSION

This study offers a comparative analysis of three widely 
used SVM kernel functions: Linear, polynomial, and RBF, 
specifically for the classification of breast cancer using the 
WBC dataset. We assessed each kernel’s performance using 
various evaluation metrics, including accuracy, precision, 
recall, specificity, F-scores, and AUC.

The results are quite consistent: the polynomial kernel 
surpasses both the linear and RBF kernels in all respects, 
particularly regarding overall accuracy, specificity, and most 
impressively-AUC. Such results complement other works 
in which the efficiency of polynomial kernels on complex 
classification problems was underlined. In fact, in one of 

Table 4: Confusion matrix for the matrix of RBF model

Predicted\Actual Positive Negative

Positive 192 20

Negative 11 346

Table 3: Confusion matrix for polynomial kernel model

Predicted\Actual Positive Negative

Positive 202 10

Negative 8 349

Table 5: Performance metric comparison

Metric Polynomial 
kernel

RBF 
kernel

Linear 
kernel

Accuracy 0.9684 0.9455 0.9630

Precision 0.9619 0.9458 0.9442

Recall 0.9528 0.9057 0.9575

Specificity 0.9776 0.9692 0.9663

F1 score 0.9573 0.9253 0.9508

F2 score 0.9546 0.9134 0.9548

F3 score 0.9537 0.9095 0.9562

AUC 0.9966 0.9818 0.9859

AUC: Area under the curve, RBF: Radial basis function
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the studies, similar results were obtained, representing the 
polynomial kernel as one of the best for classification tasks, 
mainly due to its non-linear connections’ detectability within 
data.[5] Furthermore, many researchers have proved that even 
though the RBF kernel may be a suitable choice for most of 
the intricate data, it always requires appropriate parameter 
tuning.[20,27] Our case reflects that the RBF kernel was not able 
to achieve similar performances attained by the polynomial 
kernel.

It is justified that this kernel is performing better because 
the polynomial kernel maps the input data into higher-
dimensional space using a polynomial function and hence 
grasps more complex relations within the data.[23] Increased 
flexibility becomes important in modeling the intricacy of 
medical datasets for which classes cannot always be separated 
by a linear boundary.

The linear kernel also performed very well with an AUC of 
0.9859 and Sensitivity, proving that there was a certain degree 
of linearity inside the dataset. This is important because linear 
kernels are computationally simpler and sometimes can give 
decent results with far lower computational costs. However, 
our analysis suggests that due to its capability of capturing 
more intricate patterns, the polynomial kernel achieves higher 
accuracy and specificity. Although effective for many problems, 
the RBF kernel exhibited considerably lower performance on 
this classification problem.

Lower AUC and lower precision, recall, and F-scores of the 
RBF kernel indicate poor generalization of the Radial Distance-
Based similarity measure for the chosen dataset. This may be 
due to either the nature of the dataset or some problems in 
RBF hyperparameters, indicating that kernel selection needs 
to be specific to the nature of a dataset. This is most significant 
in medical diagnosis, in which early detection is critical. 
A  higher AUC for the polynomial kernel means increased 
chances of successfully differentiating between malignant and 
benign cases and fewer false negatives. Sensitivity is of utmost 
importance for better patient outcomes, reducing the chances 
of late intervention, and is very significant for kernel selection 
in medical contexts.[22]

Although this work presents a critical study of the SVM 
kernel functions using the given dataset, one should also ensure 
that it is not without its set of limitations. The model does not 

fully generalize to other datasets on breast cancer, each of which 
may have variable features and dimensions. Further research 
work must exercise this comparative analysis with other datasets 
and variations in parameters to assess the generalizability of 
the polynomial kernel overall in different scenarios of cancer 
detection and robustly develop our conclusion.

Further work could be extended to other types of 
kernels in SVM or other machine-learning approaches to see 
whether these produce superior results. The conclusion of this 
research really proved that kernel function selection is very 
important in any SVM-based medical diagnosis system. So far, 
the polynomial kernel has resulted in the best performance 
in classifying breast cancer using the WBC dataset and thus 
serves as a very strong tool toward more effective and reliable 
model development with an emphasis on higher AUC and 
increased Sensitivity.

CONCLUSION

This study certainly establishes the supremacy of the 
polynomial kernel function of SVM for the classification 
of breast cancer using a WBCD dataset. Upon rigorous 
evaluation, a polynomial kernel function demonstrated the 
highest accuracy with specificity and AUC, with a significant 
lead over linear and RBF kernel functions.

These results point out the importance of a proper kernel 
function in the development of the SVM-based model for 
medical diagnosis. This can be interpreted that the polynomial 
kernel captured non-linear patterns with complexity, therefore 
finer discrimination of benign and malignant tumors was 
allowed. The higher AUC and specificity in the medical context 
mean the reduction of the number of false negatives for early 
and correct diagnosis.

These study findings also provide the basis for the optimum 
performance of SVM models in breast cancer datasets. It 
is important to contribute to the formation of a basis upon 
which future studies can be conducted based on these results 
with other datasets of breast cancer using different machine-
learning methods. In general, the study postulates that a 
polynomial kernel represents an important step forward in 
machine learning toward developing effective models for the 
detection of breast cancer with the ultimate goal of improving 
both the care as well as the outcomes of the patients.

Figure 1: Area under the curve for each Kernel function of (polynomial, linear, and radial basis function)
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