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Abstract: In classification tasks utilizing k-nearest neighbors { kNN '} algorithm , insufficient feature representation of original data and
reliance on majority voting for decision-making can significantly hinder the algorithm'’s classification performance. To address this is-
sue , this paper proposes an Enhanced k-Nearest Neighbor algorithm ( EnDWKNN ) based on multi-view generation and evidence theory.
This approach aims to enhance the classification performance of kNN by providing a more comprehensive description of data features
and making more accurate classification decisions. It first employs multiple super-parent class-dependent estimators along with random
forest algorithms to classify the original attribute view, generating two new label views. Then, distance-weighted k-NN algorithms are
constructed separately on original attribute view and two generated label views. Finally, Dempster-Shafer ( D-S ) theory is applied to
fuse the predictions from different view-based k-NN algorithms, resulting in an aggregated final classification outcome. Experimental
results demonstrate that ENDWKNN outperforms traditional kNN as well as other competitors in terms of both classification accuracy
and root relative squared error metrics.

Keywords : classification ; k-nearest neighbor algorithm ; multi-view generation ; D-S theory
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TR, DT 56 BU S MAEERA AT S A9 4 SR T AS SCAY BTRRAN T

1) 58535 AL ELE BORIRBUE 2 ' W ER R, A5
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Fig.3 kNN classification algorithm based on multi-view generation and evidence theory
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7E D-S HEHR B, P(clx) 4 P (clx) o 71 P(c1x) B
RAER 3 AN IR TR, 3R (20) 4y iy T EATR RA R
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RAEHATHI
c(x) = argmaxP(¢lx) (24)
£5 ik , EnDWKNN () #5026 AR v LABRR] 43 il
G BB BERTER 23, 3 A ANER 1 AR 2 s, YRR B
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WA BN O(md + mu + N +3v) , 3rh d.u 1 v 4353
A YIGR— AR AR — R BT &5  — D BEVLERARAT — R
TAR A ke JE AR R AR I (B N O S YN ZRac A2 sk
#*1 EnDWKNN YIZkp BZR AR
Table 1  Algorithm flow of EnDWKNN at training stage

A YIGE R4 D
i : m 4~ SPODE i . m 4~ RF EiFIFI 3 1~ DWKNN i)

Step L XA REERHE A, (= 1,2, ,m) ;
Step2. Bl A, WA I A SPODE

Step 3. X1 j YCRH -

Stepd.  BOHLIEF log,m MFHEMEERGHLE A
Step5.  FUIBEHLAA g RE

Step 6. XA YIS x,(i=1,2, ,N) 5

Step7.  FMFEKE SPODE, KA (17) Bl S br4
Step 8. THIA B MIEARE LT 1 RSB P2 i BN
ARk

Step 9. ARG %, (i=1,2, -+ ,N)

Step 10.  FIIHEE M &4 RF AR (19) SlZE4r4
Step 11.  BIIAH S 200 58 AELE 2 AR AN B P ag § AL 50
FA e

Step 12, {K4H2 (12) ~ K (15) , 4 BIFE 45 L E T #9 8 DWKNN
Step 13. ;% | #4) E ) m 4~ SPODE #i# m -~ RF £l f1 3 4
DWKNN F

# 2 EnDWKNN JIliAB BB %R
Table 2 Algorithm flow of EnNDWKNN at testing stage

I :m > SPODE {81 . m 4~ RF #1513 > DWKNN AR 2 A7 I 5
) x

HUH AR SRR x FRIE c(x)

Step 1. XA MRU LYY x:

Step 2.  FTIFYE R SPODE, HHF(17) Bl br 4
Step3.  BUNERINAARE ZAEE | A4S0 E WA BN
AR

Step 4. X AR T x:

Step5.  FIFIMEINA RE ARIER (19) TEH345
Step6. TR IARE M58 2 IR B PR SL B
AR

Step 7. fif FI#I ¥ DWINN 28 M1, M2 1 M3 23 1T x (K248
SURAAG

Step 8. if3d=(20) ~ 2 (24) RAFHHEUIEASH x BZARIL c(x)
Step 9. 3 [ FrI LI EIZARIE ()

B BE )RR B B 28 T BL , #0035 B e e B AS [ B A
L. b T A 2 X WL A B 0 AR FE DN SR B BE 2 &2
Gat I, BRI R ZRBESCR O(2m + 1) o e Zom M T
D-S JiE4 BER 5 B A ). &2 , EnNDWKNN J&—M i 8 5.
AR k B A AL

4 LBERSHH

4.1 EWigESHIETLE

AR SCEFTA SE B SIS R S AT TE I R AT BR 2 P 5
3¥-£ %) (Waikato Environment for Knowledge Analysis, WE-
KA) | 5EH%, L8 5E 2 Windows 10 24;, CPU JiZ % 3. 80
GHz, W¥f 16GB. i 533885 RER A 10 KT 47 38 X ik
45 X T EnDWKNN B, FEULAR AR P IR 8L T =
10, BEESANAL & JEAPIRIENY & =10, H 7, FEULARAR 1 Pkt

BIA—EARK, HRIEEE L4 LIsr308 IE.
AT B iE EnDWKNN B5: (W 30d: , 4 0N 1Y kGE

AR R R TP BRI — R E N SR LT 2. BT

- BKNN' B T4 B8 TR 40 25 e 5 MU FR) k-3 48
wa HBHAEN 0, =0.95,8=1;

« PNNU® BP0 SR TR 4 e SR LN B9 k-3 4
%, RSB 5

« MKNN-*" 5 TR AR T +-48 2 2 v 55 30 U A4 k-4
B, XBMEIER kR4S, RS0 E N H=1/10;

- GRWISCDM™ . 5 Tl s Bt AL i k 4R 0, L
s FPE B B NI R B R R e RS &

- MAWVDM'"™ 35 F B 8 B AR AL A k IE4R 1, 1
2 AW N E R IUE ENEEEE.

K3 LBBURSERMR

Table 3 Description of the experimental dataset

, Sop 2R o i=REs
i b o gy PRE gy
breast-canner 286 10 2 Y N
breast-canner-w 699 10 2 Y N
Car 1728 7 4 N N
colic. ORIG 368 28 2 Y Y
colic 368 23 2 Y Y
credit-a 690 16 2 Y Y
credit-g 1000 21 2 N Y
cylinder-bands 512 40 2 Y N
dermatology 366 35 6 Y Y
diabetes 768 9 2 N Y
eucalyptus 736 20 5 Y Y
eye_movements 10936 28 3 N Y
grub-damage 155 9 4 N Y
haberman 306 2 N Y
hayes-roth 132 5 3 N N
heart-statlog 270 14 2 N Y
hepatitis 155 20 2 Y Y
ionosphere 351 35 2 N Y
iris 150 5 3 N Y
kr-vs-kp 3196 37 2 N N
labor 57 17 2 Y Y
landsat_test 2000 37 6 N Y
landsat_train 4435 37 6 N Y
letter 20000 17 26 N Y
monks 432 7 2 N N
mushroom 8124 23 2 Y N
optdigits 5620 65 10 N Y
pasture 36 23 3 N Y
pendigits 10992 17 10 N Y
promoters 106 58 2 N N
segment 2310 20 7 N Y
sick 3772 30 2 Y Y
solar-flare_2 1066 13 6 N N
sonar 208 61 2 N Y
spambase 4610 58 2 N Y
splice 3190 62 3 N N
vehicle 846 19 4 N Y
vote 435 17 2 Y N
vowel 990 14 11 N Y
waveform-5000 5000 41 3 N Y

W T 5B R RE AR LB, AR SR A A TP T — 4
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TSI AI— 2 K (AR SN ATSC 00, AR 7R 2P A ARt YR RARFRA T A T -
15T D-S LR 4 2 90 I A 2L LB ) Kk B XY Accuracy = LA — 100 (25)

B RE AR

SN K2 R4 HLAR 2 > i (UC Trvine M-
chine Learning Repository, UCT) I T 40 i K EI7 .4/
LRSI MEEIRE. 3 S T XERAREW S AN
R AR SR A B E R R B P,
FRAEAM Y RELER AR ERE AR E M,
“N"RERBIREA A RKERE A RE R BT
SER PR ANESE T T b A TR R M 2 T B
AR EAREA T A, R TE S F A SO 4 ff 5
WBAEHAT T LA TAL 28 AR, 3 S 5 HE WAL B TARFEAA R
BRgE AR B T RH - B e, B/ MR K (Minimum
Describe Length, MDL) X f7 A % {5 14 J& # #4753 Bt b 2.
BB AR R PR AN B e T A T PR PR Y B R A TR
B, 25— P Y R PSR TR AR Y SE A, X
B S 2B AR A B, A SR A TR T
XEER B “ colic. ORIG” $3E 5 + 19 “ Hospital Number” J&
LR zoo” B A HP I “ animal” J& 1.
4.2 iR
4.2.1 HEpHE

SYAYERG R B R R A T M B e BB kb
R AR, HAZ O B R A A e I 4R (BRI E RS ) b
] IE A AR ARk 5 T IR A SR . I e R B
TR TR AR Y AR BE AT, RIS BB A S I 5]
HEIEHIWILGE 25, MR, RUEE g e 5l
£ E RS ISR

Fomp TP R AN O 1E28 , H K SEAR S W (EZRAFEA
BTN BB, 7128, H ISR 82 W H AR 40
FP £R BT R (£ 28, (A B AR 8 BB MFEAR R FN
FEAITN A 128, (H B SEAR SR E I A HL
4.2.2 ARABXFFIRE

AR AT =2 ( Root Relative Square Error,RRSE) #8735
THEED LR MNA T BT R FUAR R A EL AL AR LR 2 6]
H) 22 T I Aik 2 ZE R T B AS 190 S AR R T — 1 TR B
RN R L. 5 0 U HA R (K AR AP A7 ER 22 1Y
BU(E BN, UL 43 AR P RE AR

AR T IR IR AT AR T

LA
qgﬁkg‘l(P"]‘_Pl‘)z

ZE(Pye-P)’
Hof N BRSO R, ¢ SRR AT R BN P,
AT x, BEERILN o MHER, P, i TR ST
Bl x, BIZRARIEN o, MESCHERAE, P, HEARIC ¢, BB S
MR, FE4r BRI B B, B8 HAE TR S &
SEZARE, AN HEE NN B B AR IO, R R s
B x, PIESTARILN ¢, WESEHER PLIRIEN 1, FWH 0.
4.3 ZRE5HH

F 4 fFES5 /3351 H T EnDWKNN #.7: 5 EKNN PNN,
MKNN .GRWISCDM .MAWVDM 7 40 303848 F a4k
R SRR AR UR BN ¢ 5 R W

RRSE(O1X) = x100  (26)

4 A[A) KNN St s R HE R R R

Table 4 Comparison of classification accuracy of different kNN improvement algorithms

s EnDWKNN EkNN PNN MKNN GRWISCDM MAWVYDM
breast-canner 70.23 +7.33 71.41 +7.11 68.08 +7.85 72.57 +7.38 70.69 £7.71 73.79 +5.68
breast-canner-w 96.15 +£2.27 97.04 £1.77 94.51 £2.68 - 72.57 +7.38 96.88 +1.89 96.84 +1.84
car 94.38 +1.66 93.43 +1.90 91.04 £2.07 - 90.31 +£2.24 - 87.31 +£2.08 - 92,17 £3.18
colic. ORIG 74.03 +6.58 73.45 £6.36 74.48 +7.07 72.31+5.93 74.70 £5.93 75.55+6.13
colic 83.01 +£5.99 82.77 +6.06 77.23 £5.53 0 82.09 +6.20 82.20 +5.95 82.85 +5.56
credit-a 86.16 £3.76 84.84 +4.10 80.58 £4.68 o 86.62 +4.08 86.42 +3.89 86.22 £3.50
credit-g 74.91 £3.55 75.55 £3.44 70.78 +3.86 - 75.31 +£3.14 73.66 +3.75 73.53 +3.68
cylinder-bands 81.69 £5.45 76.41 +5.18 - 83.37 +4.66 74.30 £5.32- 77.39 +5.45- 74.02 +£5.64 -
dermatology 97.62 +2.41 96.86 +2.67 97.18 £2.44 96.72 +2.77 97.98 +2.32 96.61 +2.70
diabetes 75.33 +3.94 77.38 +4.43 56.34 £4.38 o 77.85 +4.31 77.54 +4.41 78.24 +4.71 -
eucalyptus 62.84 +5.28 61.67 £5.75 60.03 +£5.92 61.10+5.73 65.26 +5.08 64.63 +5.76
eye_movements 59.97 +4.53 58.39 +4.75 56.28 +4.550 57.59 +4.80 54.65 +4.77 - 52.42 +4.88 -
grub-damage 41.77 +10.65 44.86 +10.14 42.17 +10.46 45.97 +10.44 47.19 £12.22 47.54 +11.22
haberman 74.85 +5.27 74.65 £5.40 26.57 £2.18 72.62 +4.97 72.42 +6.43 73.77 £5.57
hayes-roth 72.14 £10.29 77.08 +8.72 79.03 £9.61 - 70.63 £10.95 71.68 £9.85 80.32 £8.54 -
heart-statlog 84.67 £6.53 84.48 +6.90 72.22+7.92 0 84.19 +6.51 82.63 +6.86 84.00 +£6.61
hepatitis 85.77 +8.39 87.06 +8.33 83.92 +9.04 87.71 +7.66 85.24 +9.73 82.20 +8.89
ionosphere 93.47 +4.12 91.77 +4.36 03.53 +£3.93 90.66 +4.60 - 91.63 +4.47 90.65 +4.18 -
iris 94.33 +5.64 93.40 £5.72 87.13 +£6.98 - 94.33 +5.14 94.27 +5.10 94.33 +5.05
kr-vs-kp 92.07 £4.34 86.65 +£5.90 - 83.29 +5.80- 82.57 £6.23 - 92.20 +3.70 91.92 £4.33
labor 05.43 +9.54 93.87 +11.51 92.77 +11.26 92.57 £11.45 91.93 +12.03 85.83+12.78 -
landsat_test 89.14 £2.10 86.70 £2.17 » 88.10+2.11 86.07 £2.11 - 86.90 £2.13 - 88.10£1.96 -
landsat_train 88.39 +£4.20 84.82 +£5.04 - 87.51 +4.88 84.05 +4.97 - 84.66 +5.03 - 86.85 £4.78
letter 78.86 +3.22 75.73+3.34 - 80.05 +£3.04 70.06 +3.38 - 73.20 +3.40 - 75.13 +£3.04 -
monks 98.94 +1.56 93.13 +£5.03- 99.61 +1.19 77.57 +5.58 - 77.15+£11.7 - 76.03 +9.37 -
mushroom 99.85+0.40 99.54 +0.65 99.85 +0.40 98.31+1.60 - 99.47 +0.91 98.15+1.51-
optdigits 93.47 £3.20 93.13 £3.42 93.40 £2.91 90.62 +3.82 91.07 £3.63 - 93.31 +3.24

pasture

90.42 +14.23 89.17 +14.43 87.00 +15. 14 89.92 +14.33 90.08 +14.39 81.50 +16.00
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i EnDWKNN EkKNN PNN MKNN GRWISCDM MAWVDM
pendigits 91.53£2.24 88.21 £3.13 91.51+£2.23 82.17 £3.45- 84.81 £3.21 89.85 +£2.66
promoters 91.51 £8.66 90.26 £9.16 87.85+10.10 89.15 £9.83 91.21 +9.68 92.15+7.73
segment 88.06 £6.17 88.88 £6.03 87.50 £6.60 87.63 +6.35 85.20 +7.06 88.10 £6.52
sick 97.48 £2.11 97.03 £2.23 97.37 £2.40 96.58 +2.17 97.09 2. 11 97.16 £2.26
solar-flare_2 74.42 £2.91 72.98 £3.58 71.24 £2.53 - 75.27 £3.49 73.38 £3.05 73.29 £3.18
sonar 85.15 +£6.89 84.80 £7.43 84.96 £7.31 83.76 £7.77 80.75£9.18 75.51£9.39-
spambase 90.15 +3.84 90.07 £3.84 90.72 £4.02 90.09 +3.85 91.04 +3.76 87.93 +4.42
splice 91.44 £4.59 88.18 £5.22 85.48 £6.03 87.21 £5.24 - 93.26 +4.07 93.01 £4.70
vehicle 73.26 +3.87 71.80 +£3.43 70.23 £3.96 - 70.24 +3.24 - 71.31 £3.32 67.19£3.79
vote 95.77 £2.92 94.39 £3.30 92.98 £3.75¢ 93.75 +3.54 - 93.63 +3.28 - 95.56 £2.77
vowel 89.97 +2.99 85.37 £3.54 - 91.39 £2.60 72.57 +4.30 0 68.89 +4.19¢ 65.03 £4.27 -
waveform-5000 86.68 £5.76 84.46 £5.67 81.66 £5.20- 80.74 £5.49 - 82.66 £5.45- 80.04 £5.20-
Average 84.63 83.54 80.97 81.78 82.24 82.03
W/T/L 9/31/0 16/23/1 16/23/1 13/27/0 13/25/2

RS AIF] KNN Bk R A 07 ER 22 LA
Table 5 Comparison of root relative rquared error of different KNN improvement algorithms

BiEE EnDWKNN EKNN PNN MKNN GRWISCDM MAWVDM
breast-canner 109.09 +13.57 105.61 £14.19 122.67 £15.38«  99.13 +12.56 - 98.86 +9.19 - 96.05+7.52 -
breast-canner-w 37.06 £13.73 32.17 £12.66 47.73 £12.48 0 30.92 £12.97 - 34.92 £8.48 34.94 +7.50
car 43.17 +6.17 46.57 +6.49 62.18 +7.47 - 55.38 £3.26 63.26 +2.98 ¢ 60.91 £4.925
colic. ORIG 94.68 +11.08 95.50 +11.07 105.80 £15.12+  90.28 +8.55 86.29 +£7.58 - 86.40 £8.31 -
colic 77.27 £14.00 79.36 £14.20 98.06 £12.37 - 78.45 +£13.23 75.23 +9.53 74.54 £9.16
credit-a 68.67 +9.94 71.63 £9.78 88.03 +£10.77 - 65.98 +9.64 64.84 +6.10 64.02 £6.32 -
credit-g 100.35 +6.85 98.35 +6.59 117.70 £7.81 ¢ 01.84 +£4.85 - 92.76 +4.58 - 92.28 +4.32 -
cylinder-bands 74.19 £11.02 87.96 £9.58 - 81.68 +12.11- 84.47 £7.58 « 79.71 £+6.48 - 89.29 +8.01-
dermatology 24.57 +5.66 20.66 +11.56 21.55 £15.57 20.54 £8.94 - 49.36 £1.91 - 48.82 +2.67
diabetes 95.16 +7.31 96.67 +9.41 138.46 £7.13 86.12 +8.66 - 83.36 £5.75 - 82.60 £5.92 -
eucalyptus 83.06 £5.51 87.79 £6.30 - 100.76 £7.56 < 83.21 £5.59 78.16 +3.23 - 78.60 +2.88 -
eye_movements 94.01 +4.96 99.00 +5.20 - 115.09 £6.01 - 93.65 £4.41 91.77 +2.84 93.41 £2.45
grub-damage 112.94 +10.19 109.27 £10.52 125.56 £11.61 -  102.22+10.17 « 94.46 +6.56 - 95.90 £5.09 -
haberman 106.08 +10.74 111.81 £12.16 - 194.24 +4.01 - 105.76 +9.25 108.90 +11.27 97.01 £5.64 -
hayes-roth 80.46 +£15.54 72.22 £16.43 - 77.80 £20.10 73.19 £11.39 68.36 +8.97 - 65.31 £8.71 -
heart-statlog 71.44 £16.06 72.84 +17.57 104.96 +15.34 - 70.60 +=15.64 71.38 +10.88 71.00 £11.36
hepatitis 80.08 £28.75 77.47 £30.29 94.37 +30.76 74.67 +27.57 76.36 +21.67 80.92 +15.97
ionosphere 45.96 +16.08 54.14 +17.09 49.04 +20.25 56.60 £16.31 - 51.44 £12.71 0 55.55+£11.00-
iris 31.49 £23.03 33.49 +£23.62 59.13£19.16 - 30.09 £22.49 34.02 £12.67 33.83 £12.28
kr-vs-kp 46.77 £12.78 62.44 +13.83 - 80.58 £15.06 - 67.00 £8.69 o 49.52 +8.72 50.38 +8.85
labor 23.22 +34.90 25.66 +34.74 32.30 £46.23 30.16 £29.24 47.26 +26.37 o 63.26 £24.38 -
landsat_test 47.10 £3.09 53.35+4.28- 53.84 +£4.89- 53.45+4.15- 62.31 +1.73 % 68.59 £1.26 -
landsat_train 51.69 £5.93 55.63 +9.61 - 54.23 £11.10 56.14 £9.05 - 66.84 +3.37 72.72 £2.69 -
letter 64.21 £2.12 59.42 +3.65 - 64.24 £4.94 64.27 £3.13 85.19 £0.72- 84.61 £0.69 o
monks 15.13 +10.20 45.03 +12.82 0 4.57+11.76 - 70.63 +9.05 0 76.87 +21.87 o 78.87 £16.48 -
mushroom 4.14 +5.86 9.13+£7.950 2.66+7.24 18.92 +8.79 0 20.27 £3.29 - 26.02 £4.650
optdigits 66.72 £2.13 32.49+7.72 - 37.39 +£8.69 - 37.06 £6.52 - 67.92+1.73 ¢ 65.27 £1.79 -
pasture 30.86 £35.92 37.77 £40.74 41.43 +46.53 37.33 £33.69 43.22 +18.97 58.18 £16.58 -
pendigits 41.44 +3.62 44.37 £5.61 - 43.08 +5.76 52.61 £5.00. 67.70 £1.550 66.49 £1.29 -
promoters 50.28 £15.08 49.74 £23.12 58.85 £37.46 53.34 £16.51 54.57 +18.13 54.78 £15.99
segment 43.01 £9.42 42.36 £12.27 51.93 £15.41 45.30+9.45 64.52 £3.44 - 69.15+£3.130
sick 53.62 +31.28 58.39 +31.57 58.18 £43.14 69.43 £22.01 - 70.17 £19.89 ¢ 70.39 £16.52 -
solar-flare_2 70.33 £3.90 77.61 £5.19- 85.49 £3.75 67.62 +4.08 - 66.99 +2.08 - 66.23 £1.76 -
sonar 66.40 £17.01 68.66 +18.29 74.22 £23.14 66.41 £15.87 70.38 £13.63 79.47 £11.06 -
spambase 56.32 £12.19 58.64 +12.35 59.91 £13.77 57.94 £11.61 53.24 +9.50 62.94£7.63 0
splice 53.48 +5.81 52.89 +12.36 67.16 £14.83 55.43 £9.06 46.52 +7.64 - 46.45 +8.54 -
vehicle 72.46 +4.73 78.21 +4.88 o 88.91 £6.03 73.51 +3.67 72.19 £2.54 75.09 £2.37
vote 35.94 £14.10 43.58 £13.99 - 51.41 £17.94 44,30 £13.35- 46.84 +8.65 41.03 +8.56
vowel 43.97 +5.08 49.44 £5.65- 42.95 +7.00 63.69 +£3.45- 76.77 +1.71 6 78.95 £1.63 -
waveform-5000 55.73 £10.11 61.17 £10.75» 73.45 £11.06 - 63.78 +8.86 - 62.71 £6.53 66.29 £4.66 o
Average 60.56 62.96 73.29 63.54 66.89 68. 66
W/T/L 16/21/3 23/15/2 13/19/8 17/14/9 18/10/12

Bl ¢ KIS R p=0.05. RAPHIFFS o Hl - 5351
FONAICAR M Y EnDWKNN 535 B35 00 T HA s #E i) kNN kNN Bk BtAh, 3R 4 Fisk 5 IRHRIL B 1 40 R4 bark

BERAIAS SCHE ) EnDWKNN B3k B 2 25 T H A sl ok 1Yy
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R 8RR AR X S J7 1R 25 28 B 3908 DU R v/
(Win/Tie/Lose) 4. 41 28 HEMR FE FUAR AR X V- 7 iR 2 4HE
SEHEAL T B L TR B A b SR PR RR 4R R,
“B/ET (W/T/L) A 40E R T EnDWKNN 8 ik B 8 45
T, RERT, E W 2= T MBI kNN B BURE
AE TR 4 K 5 IRARZRES RAMES &, A T Ik
HEAY KNN B35, A SCHE 1 EnDWKNN 5355 B4 M RE 2 B
.

PR B L2 R BT -

1) 4 42 7 22 757 T, EnDWKNN (84. 63% ) £ 40 -4
gk LT3 4 28 HE 8 %2 5. EnDWKNN B i £ T EKNN
(83.54% ) .PNN(80.97% ) .MKNN (81.78% ) . GRWISCDM
(82.24% ) \MAWVDM (82.03% ). EnDWKNN 7E 16 ¥ $#
£ LB T PNN fl MKNN, 7€ 13 864 R 8T
GRWISCDM H1 MAWVDM, 7t 9 M BB T BKNN.

2) FEAR AR P 5 1R 25 75 1, EnDWKNN ( 60. 56 ) £ 40 4~
Bt 4 b V- ARAI -y 157 2 S /K. EnDWKNN B 48+
EKNN(62. 96) .PNN (73.29) .MKNN (63. 54) . GRWISCDM
(66.89) MAWVDM (68. 66 ). EnDWKNN 7 16 %k 5 4 B
BALF EKNN, 7 23 RS LA B8 F PNN, 7F 13 s
£ L BT MKNN, ££ 17 M EHRE L 8 8T GRWISC-
DM, 7£ 18 ¥4 3 BT MAWVDM.

R T L HI A SOT#R EnDWKNN 1 i # (R BA
Gt 2RSSR 4 TR S PMEM T BUR R fF S
BARI Y BUR TR S BRI I — i TS B
SPGB AT RN B R INE 5 B AR
A M ZEE , Z IS5 0 228 1 4 XHE HE P L, FRR R IR 22
B IE SRS T X0 B BR IR R 3 50 1 & BIE Bk 22 F sk £ Bk
Z A A ERR Msk B RN B T S G
2 BRI B T R SR MR I

RKOMETRART BUR RSB I M H 145
T o TR P AR RLR T AR L 9T A ISR e A g
- MFRATH BB AR RE T 5 i I AR R AR SOt f
BB AOPIEE R p=0.05, X ARMNEE KT

# 6 EnDWKNN 53k -5 A E 38 1 070 e v 2%
IHE R BUR SRS BRI 5 BRI
Table 6 Summary of Wilcoxon signed-rank test
for the classification accuracy scores of EnDWKNN

and other comparison algorithms

EnDWKNN EKNN PNN MkNN GRWISCDM MAWVDM

EnDWKNN -

EKNN o -

PNN . . -

MKNN o o _

GRWISCDM o _

MAWVDM ° -

#7 EnDWKNN Bk -5 HAS LLRIER
RRSE 4B I BUR SERRAT 5 BRI I R A5 0L
Table 7 Summary of Wilcoxon signed-rank test
for the root relative rquared error scores of EnNDWKNN
and other comparison algorithms
EnDWKNN EKNN PNN MkNN GRWISCDM MAWVDM

EnDWKNN -

EkNN ° -

PNN ° ° -

MKNN o . _

GRWISCDM ° -

MAWVDM ° ° -

EHp=0.1. AGIHEERAMER 7250 U % 5 1 , EnD-
WKNN & 2 F EKNN.PNN,MKNN ,GRWISCDM . MAWVDM,
FEERARNT 77 R 22 77 6, EnNDWKNN & % ), 7 EKNN ,PNN
GRWISCDM .MAWVDM.
4.3.1 HEik

R T BrUEAS 3L 4% EnDWKNN 5732 rft 2 400 /] A= i 20 4
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Table 8 Comparison of accuracy in ablation experiments of EnDWKNN

it EnDWKNN EnDWKNN_RF EnDWKNN_SPODE DWKNN
breast-canner 70.23 +7.89 71.02 +7.66 68.93 +6.92 71.97 £7.32
breast-canner-w 96.18 +2.24 96.38 £2.15 95.89 +2.37 96.85 +£1.87
car 94.36 £1.58 91.79+1.97 - 93.78 +1.77 93.85 £1.75
colic. ORIG 74.13 +6.06 72.72 +7.56 74.49 +5.67 73.70 £6.64
colic 83.09 £5.81 81.85 £6.09 83.50 £5.46 82.58 £5.93
credit-a 85.99 +£3.78 84.71 £4.30 85.67 £4.02 85.06 £4.14
credit-g 74.93 £3.31 74.15 £3.06 74.78 £3.63 75.29 £3.42
cylinder-bands 82.15 £5.25 81.76 £5.65 77.41 +4.95 - 75.98 £5.38 ¢
dermatology 97.54 +2.53 97.71 £2.34 97.57 +2.33 96.97 £2.72
diabetes 74.84 +4.35 75.10 £4.01 74.92 £4.21 77.20 £4.26
eucalyptus 62.66 £5.27 62.06 £5.55 62.46 +4.83 61.53 £5.70
eye_movements 60.02 £4.58 56.17 £4.65 60.44 +4.42 57.47 +4.84
grub-damage 42.35 £10.66 45.40 £9.15 39.57 £10.58 47.12 £10.56
haberman 75.13 +4.49 74.62 +4.70 74.32 +5.24 74.16 £5.48
hayes-roth 72.58 +10.85 67.95 £11.35 73.99 +10.68 71.78 £10.09
heart-statlog 84.70 £5.99 82.74 £6.70 85.22 £6.04 83.89 +6.58
hepatitis 85.64 +£8.79 86.81 £8.42 84.82+9.16 87.18 +8.38
ionosphere 93.33 +3.81 92.93 +3.82 92.96 +4.30 91.00 +4.58 -
iris 93.93 £5.61 93.80 £6.01 94.07 +6.13 94.27 £5.10
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s EnDWKNN EnDWKNN_RF EnDWKNN_SPODE DWEKNN
kr-vs-kp 92.45 4,22 86.80 +£5.85- 94,58 +3.69 86.33 +5.48 -
labor 95.40 +10.00 95.63 +8.67 94,53 +9.92 93.60 £11.15
landsat_test 89.01 £1.98 87.82+2.08- 89.06 +1.98 87.07 £2.16 0
landsat_train 88.41 £4.18 87.17 + 4.34 87.83 £4.22 85.20 +4.91 -
letter 78.77 £3.07 75.84 +£3.37 « 79.52 +2.85 75.80 £3.33 -
monks 99.19 £1.56 93.80+£3.42. 98.22 +£2.19 86.23 £5.08 «
mushroom 99.85 £0.40 99.37 £0.79 99.83 +0.50 99.56 +0.67
optdigits 93.65 £3.21 93.08 +3.31 93.26 +3.05 93.72 +3.18
pasture 90.42 £14.23 92.83 £12.81 90.17 £14.28 89.92 +14.33
pendigits 91.32 +2.39 91.56 +2.47 89.92 £2.42 88.01 £3.12-
promoters 91.59 £8.43 89.38 £10.99 92.55+8.10 90.05 £9.13
segment 88.41 £6.21 89.23 +5.99 88.54 +6.36 88.14 £6.18
sick 97.56 £2.09 97.61 £2.15 97.83+1.93 96.85 £2.34
solar-flare_2 74.38 £3.07 74.64 £3.24 73.95£3.00 74.77 £3.43
sonar 84.95 £7.84 85.78 +7.17 84.00 =7.80 85.05 £7.10
spambase 90.28 £3.86 89.59 £3.97 90.54 +3.97 90.13 £3.94
splice 91.17 +4.63 90.51 +4.86 91.97 +4.36 88.37 +5.12
vehicle 73.46 +3.87 72.70 £3.43 73.02+3.73 71.97 £3.54
vote 95.70 £3.01 94.25 £3.31 96.09 £2.97 94.50 £3.29
vowel 89.95 £3.01 81.72+4.20 - 90.19+2.70 79.95 £3.80 ¢
waveform-5000 86.68 £5.37 85.92 £5.41 85.76 £5.52 84.64 +5.18
Average 84. 66 83.62 84.40 83.19
W/T/L (7/33/0) (2/38/0) (10/30/0)

F 9 EnDWKNN 5 5; (M TH Bl SC 1 AR AR P iR 22 [h 3%
Table 9 Comparison of root relative rquared error in ablation experiments of EnDWKNN

Bl EnDWKNN EnDWKNN_RF EnDWKNN_SPODE DWEKNN
breast-canner 109.34 = 14.37 102.09 =12.85 - 108.29 =11.76 95.82 7.6l »
breast-canner-w 37.26 £13.21 34.54 £11.08 37.84 £13.44 35.71£7.29
car 43.47 +6.49 50.41 +5.51 » 44.31 +5.98 67.00+1.85.
colic. ORIG 94.97 £10.94 92.46 £11.27 90.47 £9.05 - 88.80+£5.13 -
colic 77.88 +13.64 76.65 +11.18 74.88 £12.76 - 78.01 +7.21
credit-a 69.24 £9.84 68.77 £8.66 68.90 £9.41 67.19 £5.81
credit-g 100.50 £6.48 97.35 £5.37 - 97.32 £6.53 - 90.47 £3.13 -
cylinder-bands 74.28 +10.50 73.20 +9.48 80.05 +8.15+¢ 84.03 £3.68 -
dermatology 24.59 +5.78 42,11 £3.05 » 42.43 £2.96 - 73.66 £1.13 ¢
diabetes 95.71 +7.69 91.70 +7.02 92.59 +7.49 83.34 £5.54 «
eucalyptus 83.15 +5.64 79.89 +4.71 - 81.16 £4.19 - 84.41 +1.87
eye_movements 94.04 +5.10 93.26 + 3.91 89.82 +4.20 - 91.18 £2.05 -
grub-damage 112.79 +10. 46 102.35 +£9.03 - 109.00 +9.41 - 95.50 +£4.39 -
haberman 105.96 +9.35 102.27 £8.54 - 101.89 +8.88 - 99.31+£7.79 -
hayes-roth 80.46 £17.01 81.67 £15.01 74.90 £15.23 73.50+7.44
heart-statlog 71.08 +15.58 72.62 +13.62 69.19 £15.34 69.48 =10.61
hepatitis 80.32 £28.88 75.05 £26.02 79.15 £26.79 74.98 +18.05
ionosphere 46.17 £15.67 49.21 +12.01 48.01 +14.87 61.69 £6.15 -
iris 32.97 £22.87 34.35 +20.33 32.92 £20.49 35.70 =12.71
kr-vs-kp 46.44 +12.79 59.25 +11.53 ¢ 42.86 +9.83 68.89£5.22
labor 23.07 +35.20 26.27 +30.88 29.57 £32.48 45.42 +17.86 ¢
landsat_test 47.15 +3.07 58.47 +1.93 - 56.97 £1.96 81.28 +0.84
landsat_train 51.74 +5.86 65.66 +3.51 - 64.76 +3.33 88.12+ 1.11»
letter 64.21 +2.08 80.86 =1.06 - 78.88 +1.04 o 93.89+0.29 -
monks 13.90 +10.19 38.12+9.00 - 19.47 £12.61 63.25+£5.000
mushroom 4.20 +6.05 11.55 £6.04 » 6.89+5.02. 33.33+1.91-
optdigits 66.71 £2.07 79.82 +1.12 5 82.02+1.19 92.87 £0.43 »
pasture 31.18 £35.85 34.13 £30.23 37.66 £30.70 51.82+17.69
pendigits 41.41 £3.60 57.85£2.05- 57.86 £1.96- 86.45 £0.56
promoters 50.52 +14.80 63.10+11.20- 62.11 +8.56 o 87.35+2.750
segment 43.10 £9.68 52.78 £5.35 52.04 £5.62 - 78.60£1.77«
sick 53.68 £30.98 57.97 £26.92 56.25 £24.72 79.33£13.52 -
solar-flare_2 70.38 +4.04 66.64 +3.53 - 68.19 + 3.41 - 67.13 £2.07 -
sonar 65.95 £17.28 62.89+15.10 66.04 £15.49 64.27 £10.58
spambase 56.19 +12.54 56.98 +10.93 52.87 +10.25 - 64.58 +5.69 -
splice 53.49+5.75 66.99 £3.97 o 69.30£3.20- 93.06+1.43¢
vehicle 72.40 £4.59 69.40 +3.38 - 70.51 £4.09 - 73.26 £1.98
vote 36.45 £15.19 42.92 +12.22 0 34.41 £14.39 45.45 +7.65 o
vowel 43,90 £5.30 60.15+3.10- 50.30 £3. 11 81.88 +0.79 -
waveform-5000 55.77 £9.76 58.25+7.50- 61.00£6.23 78.26 £2.26 .
Average 60.65 64.75 63.58 74.21
W/T/L (16/17/7) (13/17/10) (22/10/8)
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Table 10  Overall wilcoxon signed-rank test results
of classification accuracy scores for
ablation experiments of EnDWkKNN
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Table 11 Overall wilcoxon signed-rank test results of RRSE
scores for ablation experiments of EnDWkKNN
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Fig.4 Impact of different k values on the classification accuracy of algorithms
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