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Abstract

Early prediction of chronic diseases have become increasingly critical in modern healthcare. To support
this need, automated health prediction systems using biosignals such as heart rate, blood pressure, and
blood glucose levels have been actively studied. Among various classification methods, KNN is widely
used due to its simplicity and effectiveness in certain scenarios. However, conventional KNN treats all
features as equally important, which may conflict with actual clinical priorities. In this study, we propose
a dual-weighted KNN classifier that integrates both distance-based weights and feature-based weights. In
particular, the model assigns higher importance to blood glucose levels. We also develop a system that
enables real-time health status prediction for user input and evaluate the model across various values of
k. Experimental results demonstrate that the proposed approach improves prediction accuracy compared to
traditional KNN, validating its effectiveness for health monitoring applications
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Table 1. Medical data: example of Feature Weight
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Algorithm1 : Dual Weighted KNN algorithm

step! @ Receive the test sample x.

step2 : Compute the weighted Eucleadian
distance between x and each
training sample z;:

step3 @ Select the k nearest neighbors
N,(z) based on the calculated
distances.

step4 : For each neighbor, calculate the

neighbor sample weight :
v
dw(a:,wi)QJre

(where € is a small positive value to avoid

division by zero)

stepb @ Calculate the weighted sum of
neighbors for each class c:

‘5::: Z wl * 1y17(,

,EN ()

stepb : Determine the predicted class y as
the class with maximum weighted
sum:

Z;: argmax, *9(',
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Fig. 2. Results Reflecting Feature-Based Weights
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