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ABSTRACT
Kidney disease is a major global public health problem that greatly affects patients'
quality of life and imposes high treatment costs, especially in low- and middle-income countries.
Studies have shown that the prevalence of chronic kidney disease stages 3-5 in Thailand is 12.49%,
which is close to the global average but has been increasing continuously. Early screening for kidney

disease is crucial in slowing down kidney deterioration and reducing complication rates. This study
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aimed to develop a model for screening individuals at risk of kidney disease using data mining
techniques and to compare the performance of three data classification algorithms: Decision Tree,
Random Forest, and K-Nearest Neighbors (KNN). A dataset of 1,500 records from a public database,
including both at-risk and not-at-risk individuals for kidney disease, was used. The results showed
that the KNN technique with a k value of 11 yielded the highest performance, with an accuracy of
89.20% and an overall F-measure of 17.35%, demonstrating its potential for accurate risk group
screening. The findings of this research are beneficial for developing clinical decision support
systems to assist healthcare professionals in identifying at-risk individuals and planning appropriate
care, which can lead to reduced treatment costs and improved long-term quality of life for kidney

disease patients.

Keywords: kidney disease, data mining, disease screening model, K-nearest neighbors (KNN)
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p vedrinfinulueddefinumn laun suinvesnguiiognsfineurnsues LaEN1TNANTT ATIAEBU
ArTtalUresiauuy (model generalization) uUssgnsivainvans nsAnwiilveyaidulsslou
WAenfusuideuisuarnanisisbvesnisly machine learning Tun1s3fiade CKD Fsernnassiunans
nuyuassunsslassmiinua madawmaniidnenimg slunisasadulsalalaogiaunug unds
Sudunssdinms@nvifudlunguissrnsanalyuassainvaisnniy Wewaudnuuidang
undefouazannsmitlulaalagiddunanddn

Polat et al. [12] ladnwinslamaiianisvuniioswoyaiiioliadelsalaiess InswToudio
UsyAnBamuasdanaifiu SYM wag ANN (Artificial Neural Network) kamsfinwmua SVM Tuanaas
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1NANT199 2 AINISTRDS k NHANmMIgauTigaK-Nearest Neighbors 31u3unaud 11 Ae
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