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ABSTRACT

Breast cancer is one of the leading causes of mortality among
women worldwide, and early detection plays a crucial role in
improving survival rates. In recent years, machine learning
techniques have shown significant potential in assisting
medical diagnosis by providing accurate and efficient
prediction models. This study focuses on the optimization of
breast cancer prediction and diagnosis using a hybrid machine
learning approach that combines K-Nearest Neighbors (KNN)
and Support Vector Machine (SVM) algorithms. The proposed
methodology involves preprocessing the dataset to handle
missing values, normalize features, and select the most relevant
attributes for classification. Initially, individual models based
on KNN and SVM are developed and evaluated in terms of
accuracy, precision, recall, and Fl-score. While KNN is
effective in capturing local data patterns, SVM provides robust
classification by maximizing the margin between different
classes. However, each method has its own limitations when
used independently. To overcome these limitations, a hybrid
KNN+SVM model is proposed, which integrates the strengths
of both algorithms. The hybrid approach enhances
classification performance by improving decision boundaries
and reducing misclassification rates. The optimized model is
expected to achieve higher accuracy and better generalization
compared to individual classifiers. The experimental results
demonstrate that the hybrid model outperforms traditional
methods in predicting breast cancer with improved reliability
and efficiency. This approach can assist healthcare
professionals in early diagnosis and decision-making,
ultimately contributing to better patient outcomes and reduced
mortality rates.
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1. INTRODUCTION

Breast cancer is one of the most common and life-threatening
diseases affecting women across the globe. According to global
health reports, early detection and timely diagnosis
significantly improve the chances of successful treatment and
survival. However, traditional diagnostic methods, such as
manual examination and imaging techniques, often depend on
the expertise of medical professionals and may be prone to
human error or delayed interpretation. Therefore, there is a
growing need for intelligent and automated systems that can
assist in accurate and early detection of breast cancer [1].
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In recent years, machine learning has emerged as a powerful
tool in the field of medical diagnosis and healthcare analytics.
Machine learning algorithms can analyze large volumes of
medical data, identify hidden patterns, and make predictions
with high accuracy. These techniques are widely used in
disease classification, risk prediction, and decision support
systems. In the context of breast cancer diagnosis, machine
learning models can help classify tumors as benign or
malignant based on features extracted from medical datasets,
such as cell size, texture, shape, and other relevant parameters
[2,3].
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Fig. 1: Breast Cancer

Among various machine learning algorithms, KNN and SVM
are widely used for classification problems. KNN is a simple
and effective algorithm that classifies data points based on their
similarity to neighboring data. It performs well in cases where
the data distribution is locally structured. However, KNN can
be sensitive to noise and may require high computational time
for large datasets. On the other hand, SVM is a powerful
supervised learning algorithm that constructs an optimal
hyperplane to separate different classes. It is highly effective in
handling high-dimensional data and provides better
generalization performance, but its performance depends on
proper kernel selection and parameter tuning [4].

Despite their individual strengths, both KNN and SVM have
certain limitations when applied independently. To address
these limitations, hybrid machine learning techniques have
gained significant attention. A hybrid approach combines
multiple algorithms to leverage their strengths and minimize
their weaknesses. In this study, a hybrid KNN+SVM model is
proposed to enhance the accuracy and reliability of breast
cancer prediction and diagnosis. The hybrid model aims to
improve classification performance by integrating the local
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pattern recognition capability of KNN with the strong decision
boundary formulation of SVM [5, 6].

The main objective of this work is to optimize the prediction
and diagnosis of breast cancer by improving classification
accuracy and reducing misclassification rates. The proposed
hybrid approach is expected to provide better results compared
to traditional single-model techniques. This research
contributes to the development of intelligent healthcare
systems that can assist doctors in making faster and more
accurate decisions, ultimately improving patient outcomes and
reducing mortality rates.

2. PROPOSED METHODOLOGY

The proposed methodology aims to develop an efficient breast
cancer prediction system using a hybrid combination of KNN
and SVM algorithms. The complete process is carried out in
multiple stages as follows and flow diagram is present in fig.2:

1. Data Collection

The dataset (such as Wisconsin Breast Cancer Dataset) is
collected, containing features like cell size, texture, radius, and
diagnosis (benign/malignant).

2. Data Preprocessing
Raw data is processed to improve quality:

e Handling missing values

e  Removing noise and outliers
e Normalizing/scaling features
e  Encoding class labels

3. Feature Selection

Important features are selected using statistical or correlation-
based methods to improve accuracy and reduce computation
time.
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Fig. 2: Proposed Methodology

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.114, June 2026

4. Model Development
Three models are developed:

e KNN Model:

The KNN algorithm is a simple and effective supervised
machine learning technique used for classification and
prediction is present in fig. 3. In this project, KNN is applied to
classify breast cancer data into two categories: benign (non-
cancerous) and malignant (cancerous). KNN works on the
principle of similarity, where a data point is classified based on
the majority class of its nearest neighbors. During the training
phase, the algorithm stores all the training data points. When a
new test sample is given, the algorithm calculates the distance
between the test point and all training points using distance
metrics such as Euclidean distance. It then selects the ‘K’
closest neighbors and assigns the class that is most common
among them [7, 8].

In the context of breast cancer prediction, features such as cell
size, texture, radius, and smoothness are used as input
parameters. The value of ‘K’ plays a crucial role in the
performance of the model. A smaller value of K may lead to
overfitting, while a larger value may reduce the model’s
accuracy. Therefore, an optimal value of K is selected through
experimentation [9].
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Fig. 3: KNN

The KNN model is easy to implement and does not require
complex training, making it suitable for small to medium-sized
datasets. However, it has some limitations, such as high
computational cost during prediction and sensitivity to noise in
the data. Despite these drawbacks, KNN provides good
classification performance and is useful as a baseline model in
this study.

e SVM Model:

The Support Vector Machine (SVM) is a powerful supervised
machine learning algorithm used for classification and
regression tasks. SVM is used to classify breast cancer data into
two categories: benign (non-cancerous) and malignant
(cancerous) is present in fig. 4.

SVM works by finding an optimal boundary, known as a
hyperplane, that separates data points of different classes with
maximum margin. The margin is the distance between the
hyperplane and the nearest data points from each class, which
are called support vectors. These support vectors play a crucial
role in defining the position and orientation of the hyperplane.
In breast cancer prediction, input features such as cell size,
texture, radius, and smoothness are used to plot data points in a
multi-dimensional space. The SVM algorithm analyzes these
features and constructs a decision boundary that best separates
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benign and malignant samples. If the data is not linearly
separable, SVM uses kernel functions (such as linear,
polynomial, or radial basis function) to transform the data into
a higher-dimensional space where separation becomes
possible.
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Fig. 4: SVM

One of the main advantages of SVM is its ability to handle
high-dimensional data and provide high accuracy with good
generalization. It is also effective in avoiding overfitting,
especially when the margin is maximized. However, SVM
requires careful selection of parameters such as kernel type and
regularization factor, and it can be computationally intensive
for very large datasets.

e Hybrid KNN+SVM Model:

The Hybrid KNN + SVM model is an advanced machine
learning approach that combines the strengths of both K-
Nearest Neighbors (KNN) and Support Vector Machine (SVM)
algorithms to improve the accuracy and reliability of breast
cancer prediction.

In this approach, KNN is first used to analyze the local structure
of the data. When a new data point (patient data) is given, the
KNN algorithm identifies the ‘K’ nearest neighbors based on
similarity (distance). This step helps in selecting a relevant
subset of data points that are most similar to the input sample,
reducing noise and unnecessary data.

After this, the selected neighbors are passed to the SVM model.
SVM then constructs an optimal hyperplane using these refined
data points to classify the input as either benign or malignant.
Since SVM works best with well-structured and less noisy data,
the preprocessing done by KNN improves the overall
classification performance.

5. Training and Testing
The dataset is divided into training and testing sets. Models are
trained and tested to evaluate performance.
6. Performance Evaluation
Models are compared using:
e  Accuracy
e  Precision
e Recall
e Fl1-Score
7. Final Diagnosis
The best-performing model (Hybrid KNN+SVM) is selected
for predicting whether cancer is benign or malignant.

3. RESULTS

The proposed hybrid machine learning model combining KNN
and SVM algorithms was implemented and evaluated using a
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standard breast cancer dataset. The dataset was preprocessed by
handling missing values, normalizing features, and selecting
the most relevant attributes to improve classification
performance.

mean_radius mean_texture mean_perimeter mean_area mean_smoothness diagnosis
0 17.99 10.38 122 80 1001.0 0.11840 0
1 2057 17.77 132.90 1326.0 008474 0
2 19.69 2125 130.00 1203.0 0.10960 0
3 1.42 2038 7758 386 1 014250 0
4 2029 1434 135.10 1297.0 010030 0

Fig. 5: Dataset

The given fig. 5 represents a sample dataset used for breast
cancer prediction, where each row corresponds to an individual
patient or tumor sample, and each column represents a specific
feature of the tumor. The features such as mean radius, mean
texture, mean perimeter, mean area, and mean smoothness
describe the physical and structural properties of the tumor cells
obtained from medical imaging or biopsy analysis. For
instance, mean radius indicates the average size of the tumor,
while mean texture reflects the variation in pixel intensity,
showing how uniform or irregular the cells appear. Similarly,
mean perimeter and mean area provide information about the
size and shape of the tumor, and mean smoothness indicates
how regular or irregular the cell boundaries are.
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These features are important because malignant (cancerous)
tumors generally exhibit larger size and more irregular
structures compared to benign (non-cancerous) tumors. The
last column, diagnosis, is the target variable, where the value
‘0’ represents a benign tumor and ‘1’ represents a malignant
tumor.

The given confusion matrix represents fig. 6 to fig. 8 the
performance of the breast cancer prediction model by
comparing the actual (true) labels with the predicted labels. It
is a 2x2 matrix where the rows indicate the true class (0 =
benign, 1 = malignant) and the columns indicate the predicted
class. From the matrix, 84 cases are correctly predicted as
benign (true negatives), while 48 cases are correctly predicted
as malignant (true positives). However, there are some
misclassifications: 6 cases are incorrectly predicted as
malignant when they are actually benign (false positives), and
5 cases are incorrectly predicted as benign when they are
actually malignant (false negatives). These values indicate that
the model performs well with a high number of correct
predictions and relatively few errors. The low number of false
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negatives is especially important in medical diagnosis, as it
means fewer cancer cases are missed. Overall, the confusion
matrix demonstrates that the model has strong classification
ability and can effectively distinguish between benign and
malignant tumors.
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Table 1: Results
ML Accuracy | Precision | Recall F1-
Model Score
KNN 92.31% 88.89% 90.57% | 89.72%

SVM 93.70% 97.82% 84.90% | 90.90%

Hybrid 95.80% 97% 97% 97%
Model

The given table 1 presents the performance comparison of three
machine learning models—KNN, SVM, and the Hybrid
KNN-+SVM model—used for breast cancer prediction based on
evaluation metrics such as accuracy, precision, recall, and F1-
score. The KNN model achieves an accuracy of 92.31%, with
a precision of 88.89%, recall of 90.57%, and Fl-score of
89.72%, indicating a balanced but slightly lower performance
compared to the other models. The SVM model shows
improved accuracy at 93.70% and a very high precision of
97.82%, meaning it is highly effective in correctly identifying
malignant cases with fewer false positives; however, its recall
is comparatively lower at 84.90%, indicating that it misses
some actual cancer cases. In contrast, the Hybrid KNN+SVM
model outperforms both individual models, achieving the

Precision (%)
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highest accuracy of 95.80% along with balanced precision and
recall values of 97%, resulting in an F1-score of 97%.
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This indicates that the hybrid model not only improves overall
prediction accuracy but also maintains a strong balance
between correctly identifying cancer cases and minimizing
errors. Overall, the results clearly demonstrate that combining
KNN and SVM enhances the classification performance and
makes the hybrid model more reliable for breast cancer
diagnosis.
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Model F1-score Comparison
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4. CONCLUSION

In this work, an optimized approach for breast cancer
prediction and diagnosis will be developed using a hybrid
machine learning model that combines KNN and SVM
algorithms. The proposed system will focus on improving
classification accuracy and reducing misclassification rates by
leveraging the strengths of both techniques. KNN will be used
to identify the nearest and most relevant data points, while
SVM will be applied to construct an optimal decision boundary
for accurate classification.

The methodology will include data preprocessing, feature
selection, model training, and performance evaluation using
metrics such as accuracy, precision, recall, and F1-score. It is
expected that the hybrid KNN+SVM model will outperform
individual models in terms of prediction accuracy and
robustness.

The proposed system will assist in early detection of breast
cancer by providing reliable and efficient diagnosis, which can
support medical professionals in decision-making. Overall, this
work will contribute to the development of intelligent
healthcare systems and demonstrate the effectiveness of hybrid
machine learning techniques in improving diagnostic
performance.
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