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Abstract

To address the issue of reduced classification performance in traditional K-Nearest Neighbors (KNN)
when dealing with multidimensional and multi-scale data—often caused by imbalanced feature dis-
tributions and discrepancies in scales—this paper proposes an improved KNN algorithm based on
entropy weighting. This method combines the advantages of entropy weighting and normalized Eu-
clidean distance. By introducing information entropy to quantify the information content of each
feature and constructing an adaptive weighting system based on their importance, the approach

NES| M E&W, WELE, £3, K MBS, XM, R TREESEEK K BarMEED]. THENR SR,
2025, 15(5): 735-740. DOI: 10.12677/csa.2025.155145


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.155145
https://doi.org/10.12677/csa.2025.155145
https://www.hanspub.org/

FaW

enables differentiated processing of each feature in the distance calculation, thereby reducing the
over-sensitivity of traditional distance measures to high-weight features. Experiments conducted
on several datasets from the UCI repository demonstrate that the improved algorithm generally
achieves higher accuracy than the traditional KNN, with particularly significant improvements on
high-dimensional datasets. After determining the optimal K value through parameter tuning, the
algorithm substantially enhances classification accuracy, effectively overcoming the shortcomings
of traditional KNN in scenarios with imbalanced feature distributions and scale differences.
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Table 1. Experimental data
1. ZHEE

itk FARE FHIE 5L )
Tonsphere 351 34 2
Sonar 208 60 2
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Wdbc 569 31 2
Tictac 958 10 2

3.2. EWHRE S

AR 2 1 KINN SR0E R TR (A V25 28t (1) KININ 5092578 DY S04 £E (Tonosphere, Sonar, Wdbc, Tictac)
R SEE A SR AT R AT . B TR A S e e A R KB T R 2 IR AN 2R AT B A A
AT F B I S8 FAN B e M T R, O 7 BB — ) @, AR SO RH A HUE N K, DIRIREERZ
BT BeS S 2 R YR, TR S A SRR e AR . Rk, SERR I K = 1. 3. 5.
7 HATRI AT, BARGE R 20 553 LAKE 1 B, RAPEAT BAR BT RRZAT I B S R 2

Table 2. The accuracy rates of the classic KNN with different K values on various datasets

2. ZH KNN AR BIRE LRF K ERERE

Ionosphere 0.858 0.850 0.868 0.858
Sonar 0.841 0.794 0.778 0.794
Wdbc 0.936 0.941 0.960 0.965
Tictac 0.806 0.889 0.781 0.840

Table 3. The accuracy rates of the improved KNN with different K values on various datasets

3. MR KNN FE & HiESE EAE K ERERZE

Ionosphere 0.877 0.868 0.850 0.840
Sonar 0.857 0.841 0.810 0.746
Widbc 0.953 0.941 0.965 0.960
Tictac 0.792 0.778 0.940 0.969

SCE ) KNN S DU Sl iR BLE AR T4 58 KNN,  (HXSAN A KB I U EEAF AR 22 5
XTI M 2 S A B S A A B A i K R (U Tonosphere. Wdbc), KB EU/NE S0 KNN Fi% 58 AR
H, HA KRG, SUERRSA RS R B 5E55 2. X T Sonar 4R, 4 Kb K #Em &
W TR, U SRR TR EE R 5 2 T, TAE Tictac Hyagerh, TRk ZFECR,
SCHE SRR O K AR ABL TSR A3, MR R % 48 KNN 5k,

WEIRRE B2 R M RACR, 1ZIE NS B R T MHERE S otk A ERR 251 5
47 BA B KT AE SRR, ) 1 stk N B B T U AR . JU AR R AL E B
ZSFERORIEHR T, 7 RAEFR KGRI C N 8% .

BRI, ok KNN SRAE iR KB AF N 70 SEHER R Wl iA B BB M 48 KNN S, Jud:
TR 2 ORI R I B S o A P B 52 BRI A P S P T DA S R I 22 S P A
RN BEE R AE L IR R, R TU AR AR A RS K, R E A E I PR RE T RE 2 2 B BR W . FE4F
AL B 2 R R, AV RS THIR RO, ERHIE A B T SR T A R . b4t KB B s 5%
PERERIRBERI 3R o AESEPR Y, W45 & Ba e IRFERIEFF S8 1 KB, BAIR 20 R A 2 TS {E IR AL
HIFEEIY.
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Figure 1. Comparison charts of the accuracy rates of the two algorithms on different datasets under various K values
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