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Article Info ABSTRACT:

Breast cancer is one of the most frequent and having a high
mortality rate among women. Early detection of this enhances

Volume 6, Issue 1, January 2024 survival rates from 56% to more than 86%. As a result, an accurate
. and dependable approach is required. Predicting cancer survival is
Received: 09 December 2023 becoming an increasingly difficult task in medicine. Researchers
have widely employed machine learning methods to address this

Accepted: 01 January 2024 difficulty. The k-nearest neighbour (KNN) technique is the most
. ) widely utilized among the various machine learning algorithms.
Published: 28 January 2024 This article examines the performance of various KNN versions

(Classic one, adaptive, locally adaptive, k-means clustering, fuzzy,
mutual, ensemble, Hassanat, and generalised mean distance) in
predicting breast cancer survival. This study carried out massive
implementations and experiments using Haberman's Survival Data
Set, which was collected from Kaggle, to analyze these variants.
For comparison analysis, we took into account the accuracy,
precision, and recall performance metrics. Based on performance
metrics, this study determines that the Hassanat KNN version
performed the best, followed by the ensemble approach KNN.
Based on four performance criteria (Accuracy, F1 score, Precision,
and Recall) for survival prediction, the presented research
summarizes which KNN variation is the most promising candidate
to pursue. The results of this study could be utilized by beneficiaries
and healthcare researchers to choose the best KNN variation, for
predicting breast cancer survival.
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1. Introduction

Cancer is a formidable disease, and breast cancer stands out as one of the most frequently
encountered cancers impacting women’s health globally!’. It is associated with a high
mortality rate across different populations. Despite the progress made through recent
technological advancements that have somewhat lowered mortality rates, there is an
immediate requirement for the development of predictive models that can detect both the
onset and recurrence of breast cancer in its early phases?. Conventional statistical techniques
and software have long been employed to identify the determinants influencing breast cancer
survival rates. While these traditional approaches fulfil their intended functions to a degree,
they lack the flexibility and robustness necessary to accommodate new variables®.
Consequently, the development of rapid and resilient computational models has become a
primary focus for researchers and scientist. The survival rate for breast cancer is notably
higher than that of other tumours, as individuals can survive without breast tissue®.
Conventional methods have relied on different pathological traits, including hormone
receptor expression, tumour size, and nuclear grade’. However, the introduction of powerful
and efficient computational algorithms has facilitated the examination of high-dimensional
parameters and the selection of key features by researchers®!®. This study explored the
potential applications of the current approach in clinical research. Also, this paper discusses
how breast cancer survival rates can be detected using different versions of KNN algorithm.

K-Nearest Neighbour

A supervised machine learning approach that is mostly used for classification is the k-
nearest-neighbour (KNN) algorithm. It is extensively utilized in the prognosis of diseases®®.
By considering the features and labels of the training data, the supervised KNN algorithm
predicts the classification of unlabelled data®.By considering the k nearest training data points
(neighbors), which are the ones closest to the query it is testing, the KNN technique can
typically categorize datasets using a training model that is comparable to the testing question.
Ultimately, the algorithm employs a majority voting mechanism to determine which
classification should be finalized. Because of its highly flexible and simple-to-understand
design, the KNN algorithm is one of the most popular and basic types of machine learning
algorithms used in classification tasks'®. The approach is well known for helping with
regression and classification problems for a variety of data types, including ranges, sizes,
label counts, noise levels, and contexts??.

K-NN and its versions

Classic KNN Algorithm

A supervised machine learning technique that is primarily utilized for classification is the
traditional KNN algorithm®*. The technique uses a variable parameter called k, which stands
for "nearest neighbour"” in English. Finding the closest data point or neighbors for a query
from a training dataset is how the KNN algorithm operates. Based on the closest distances
from the query point, the closest data points are located. It locates the k closest data points
and then uses a majority voting mechanism to determine which class showed up most
frequently. The final categorization for the query is determined by looking at the class that
showed up the most.

Adaptive KNN (A-KNN)

A variation of the method called Adaptive!®?! KNN concentrates on choosing the best k
value for a testing data point. To find the ideal k value for every data point in the training
dataset, it implements a different approach. Next, for each testing data point, the primary
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algorithm locates its closest neighbour in the training dataset and takes on its k value. Using
this inherited k value, the KNN variation continues to operate like the traditional KNN
method to predict the result.

Locally adaptive KNN with Discrimination class (LA-KNN)

This variation'® calculates the ideal k value by taking into account data from discrimination
classes. The discrimination class idea takes into account the number and distribution of
neighbors in the k-neighbourhood around a specific testing data point who belong to the
majority class and those who belong to the second majority class. To define discrimination
classes, the algorithm goes through a number of processes. Following the selection of one of
those classes, a ranking table with various k values, Centro centric distances, and ratios is
formed.

Fuzzy KNN (F-KNN)

The membership assignment principle serves as the foundation for the fuzzy!? KNN
Algorithm. The modification considers the k nearest neighbors of a testing dataset from the
training dataset, much like the original KNN algorithm. Subsequently, it allocates
“membership” values to every class included in the list of k’s nearest neighbours. A fuzzy
math approach based on the weight of each class is used to compute the membership values.
The categorization result is then chosen for the class with the highest membership.

K-means clustering-based KNN (KM-KNN)

The KNN version that is based on clustering combines the widely used methods of k-means
and INN. This deviation organizes the training dataset based on a predetermined variable (the
number of clusters) using the k-means method®. After that, it determines the centroids of
every cluster, creating a fresh training dataset with the centroids of every cluster. Using this
new training dataset, the 1NN algorithm is run, and the single nearest neighbour is selected
for classification.

Weight adjusted KNN (W-KNN)

The implementation of attribute weighting is the main objective of this KNN algorithm?®
version. Initially, the kernel function is used by this approach to apply a weight to each
training data point. The purpose of this weight assignment is to allocate greater weight to
points that are closer together and less weight to ones that are farther away. Any function that
lowers the value as the distance rises can be applied as a kernel function. Next, the output
class of a particular testing data point is predicted using the frequency of all nearest
neighbors. This KNN variation takes into account the significance of various features for
classification while generating the kernel function for a dataset that has numerous attributes.

Hassanat distance KNN (H-KNN)

An algorithm based on the distance measurement formula is the Hassanat! KNN algorithm.
This modification suggests a more sophisticated method for calculating the separation
between two data points while adhering to the KNN algorithm's basic structure. The
utilization of maximum and minimum vector points, as in weight attributions in other
versions, is the basis of the new distance calculation known as the Hassanat distance. Like in
the original KNN method, this variant's Hassanat distance metric determines a testing query's
closest neighbours and applies the majority voting procedure.
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Generalised mean distance KNN (GMD-KNN)

The primary applications of local vector constructions and repeated generalized® mean
distance calculations are the focus of the generalized mean distance KNN variant. Sorted lists
of each class's k nearest neighbors are first stored to facilitate the algorithm's operation.
Following the conversion of each list to a local mean vector, the mean distance is calculated
iteratively until a final value for each class's distance from the testing query is obtained. For
the testing query, the class with the least distance is therefore considered to be the right
prediction.

Mutual KNN (M-KNN)

The mutual neighbours principle is the primary objective of the mutual® KNN algorithm. In
order to change the training dataset, the method first eliminates sets from it that do not share
any k nearest neighbors with the other sets. This results in a training dataset that has been
trimmed and has fewer anomalies and noise. Then, the algorithm discovers the k nearest
neighbors of the training dataset using the testing dataset, and it finds the k nearest neighbors
of the testing dataset's nearest neighbors. This makes it possible for the algorithm to identify
their shared nearest neighbors, who can then be evaluated as potential candidates for
classification. The majority voting mechanism is used to classify the testing datasets.

Ensemble approach KNN (EA-KNN)

The KNN variation, to solve the issue of having a fixed "k value for classification, EA-
KNN* is based on an ensemble technique. The k-nearest neighbors of a testing query are
found by this approach using a K max value of n, where n is the size of the training dataset.
Following that, weight summation operations are applied to the list of closest neighbors,
which is sorted based on distance. In order to complete the weight summation procedures, an
inverse logarithm function for "k" values is added repeatedly for values ranging from 1 to K
max in increments of 2. Subsequently, the class with the highest weight summation is
considered the anticipated classification for the testing inquiry.

Tablel. Comparison of Performance Measures among different KNN variants.

KNN and its version Accuracy Precision Recall F1 Score
Classic KNN 0.70 0.65 0.70 0.67
Adaptive KNN 0.70 0.65 0.70 0.67
Locally Adaptive KNN 0.72 0.66 0.72 0.68
Fuzzy KNN 0.74 0.72 0.74 0.73
Weighted KNN 0.70 0.65 0.70 0.67
Hassanat KNN 0.75 0.71 0.75 0.72
GeneralisedMean Distance 0.69 0.73 0.69 0.70

KNN

Mutual KNN 0.26 0.82 0.26 0.15
Ensemble Approach KNN 0.77 0.59 0.77 0.67

K means clustering KNN 0.77 0.59 0.77 0.67
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Figure 1. Accuracy comparison among KNN versions
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Figure 2. Precision comparison among KNN versions
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Figure 3. Recall comparison among KNN versions
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Figure 4. F1 Scores comparison among KNN versions
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Software Used

For scripts that are implemented under Anaconda3, the Python programming language
(version 3.7.1) was applied. The k-NN algorithm and its variants were applied using libraries
from the scikit-learn package (version 0.20.1).

Availability of Dataset

The Haberman's Survival Data Set which has 306 instances with 4 attributes was taken which
was available in Kaggle. It is open source and freely accessible to all users. This data
encouraged improved prediction of outcomes.

2. Conclusion

Intelligent use of ML algorithms can optimize the impact in a highly supervised manner.
Future difficulties will demand several approaches for training, testing, and validating the
models rather than relying on a single solution. It will give the expert and researcher more
flexibility when integrating these methods into the prediction of breast cancer. In this study,
we employed various KNN algorithms to predict breast cancer survival. The accuracy,
precision, recall, and F1-score of ML classifiers were also evaluated. Researchers are better
able to make judgments and raise public awareness of breast cancer at an early stage thanks
to the technology advancements and advances in fundamental principles in these machine
learning methodologies. The development of this technology will help in determining cancer
therapy more precise and targeted at a reasonable cost.
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