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GwMKnn: MKnn algorithm for Nominal Data by Gini Weight
CHEN Xue-Yun'?, GUO Gong-De', CHEN Li-Fei', LU Wei-Sheng'
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Abstract: MKnn is an improved version of the k-nearest neighbor method, but it uses general approach to deal with
nominal data, that is, if its value is the same then to 0, different to 1, thus the classification efficiency is suppressed a
certain degree on the data sets with more nominal data. The concept of Category's Gini is introduced in this paper to deal
with the shortage of the processing on nominal data, which statistics the contribution of samples in same class by its data
distribution for its category and takes it as the attribute weight, used to estimate the similarity for different samples. It
aims to optimize the MKnn method and promotes its applications. The experimental results demonstrate the effect-
tiveness of the proposed method.
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PIAEAE T RAT I 40, BT AR, B REARR e A
IR, & I AREL 5 o — AMREA, T ) — AN FEAR
AT AL IEFEA TR DL, FRATTRR AL AS (1 3 208 2
ENIE AR, XAEHRATIRVE, P22 BT B AR A I
TH BN A AL BRI, K4 2 P08 B 25 oy ok
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59544 ComputeCG

N WZEdESE D
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geit n={ D TRbr5 A k AR KL

Step3  MRIEAXQ)UE Puk) , BV Ins HHEME
fi.0) LI HE

Stepd MR A () IHEEEEE R EL Gini(k, j),
B‘-JF%LJLI M JE R EL

q-

Step5 LA Gini(k, j)1E AALEIR[H];

End.

2.3.2 H CompGiniDist v 5 FE A5 FE A R 7E j J8 1 F 1)
RS

51544 CompGiniDist

A A X 5 X, JEYE j, BEE Ginik, jk=1,
2’...’(1;

Bt FEA X, S FEA X AE j B L B BE B GiniDist
(o)

Begin

Stepl ¥4tk GiniDist(x;,x;;)=0;

Step2  FIWT X, fEIEIE j LB RS
TS )E B HREA X, SRR X AE)m it j EREAASE,
WIS X; B eS80 2 e R AAUEE, JFE4S GiniDist(x,
x)= Gini(y,, )

Step3  WIRAHAE, W GiniDist(x;,x;,)=0;

Step4 G AR S8 0 F i 2, W) GiniDist(x;,,x:)=
(xje- xji)z;

StepS

End.
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54 GwMKnn

N VIZREESE D, FEAR L REAIAAE j s Ik L
PE Y GiniDist(xx;:), 17773 BFEA X, ITWHL k;

Bt T X 935y

Begin

Stepl  WIEAAR AR, W1, N(X)=¢, Y(X)=¢;

Step2  VFEFEA X, L B INZHEA X, i=1,2,+,n [A]
R

dist (X, X,)= \/él GiniDist (x ;,,x ;

IR [H] GiniDist(x;,x;:);

Step3  fiR#EEE S MNEHRLE D P X, 1 k ik
26 N(X));

Stepd X T X, RENITAR X, € Ny X)EEHAT T
T PN 2 BR
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Stepd.1  MEHEAE D thakAe X 1 k 46 N(X));

Step4.2 AR X, W2 X; 1) k JT4R Ny(Xp)Z— W
nx; ZE E v B YX);

Steps  Ziit Y(X)HH NI RIEH, JFHEA
s 2 FNBRBEAE A X, SR AIARAE;
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End.
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SEHG R 10-4728 SUIAIE 57k, AEIEFR1) 10 AN
8 EHHTIISR. DR, 38 3 BERLR RIS RN S A 4y
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F, - (B> +Dpr F1-Measure,iX ISP BRI A0S B,
Bp+r Fle 2pr
Forb, p RIERER, r AP, BB IERRM p+r
AL B AP TS LU A 24 R B 1, RN
R 1 SRBHR RN EAE B
A Hfin KIg
Helnse SIA JRHERH . ) KAHH Ko
JEEEH JEPEEH
Balloons 76 4 0 4 2 35: 41
Dermatology 366 34 1 33 6 112:61:72:49:52:20
hayes-roth 132 4 0 4 3 51:51:30
House 91 17 0 16 2 54:37
house-votes-84 435 16 0 16 2 168:267
Labor 57 16 8 8 2 20:37
Monks 124 7 0 6 2 62:62
Splice 3190 61 0 61 3 767:768:1655
Voting 435 7 0 16 2 267:168
Vowel 990 14 10 3 11 90:90...:90

P ) (Micro-F1) 72 X Bt A 1 28 il oF 55— A
F1-Measure; %1~ (Macro-F1) & %} & N8 5] 1+ 5 —
/N F1-Measure, FXJ3K15 1] F1-Measure AT 5 ATy
RIAS 211, TICT 38 5 22 1) 52 40 R 0 — L8R L 2R 45

FACR RGN, M0 %1190 BUBE 22 (1) S Bt — e Bk
KR, AR K H Micro-F1 A1 Macro-F1 fi#x
BT R RAS I RRGE. K 2 N 5 Bl Redex) &F
N3 B BEAT 73 R P AF () 73 RS L

K26 P SRE N KX LE

LICITES NG T Knn MKnn EwKnn EwMKnn GwKnn GwMKnn

Micro-F1 72.37 72.37 74.87 75.39 73.55 75.66

Balloons
Macro-F1 72.36 72.36 74.34 74.99 72.89 75.22
Micro-F1 97.02 95.87 97.84 97.57 96.91 96.39
Dermatology
Macro-F1 89.61 86.12 92 91.33 89.25 87.66
Micro-F1 62.2 64.02 70.23 71.36 71.44 73.41
Hayes-roth

Macro-F1 47.36 50.24 59.74 62.18 61.34 64.69

Micro-F1 94.07 96.37 95.6 96.81 92.64 94.29
House

Macro-F1 93.91 96.25 95.45 96.68 92.5 94.15

Micro-F1 92.53 94.28 93.89 94.05 88.6 86.64

House-votes-84

Macro-F1 92.23 93.98 93.56 93.69 88.35 86.34

Micro-F1 87.89 89.65 86.49 87.89 89.65 92.28
Labor

Macro-F1 86.54 88.82 85.94 87.49 88.7 91.83

Micro-F1 77.18 77.42 70.56 73.63 78.71 81.69
Monks

Macro-F1 77.16 77.39 70.38 73.57 78.55 81.66

micro-F1 81.6 85.83 84.54 85.6 79.56 85.03
Splice

macro-F1 73.86 78.63 74.24 76.14 71.39 77.49

Micro-F1 92.92 94.14 94.6 94.37 94.11 94.07
Voting

macro-F1 92.65 93.84 94.31 94.07 93.85 93.75

Micro-F1 93.84 97.53 94.52 97.69 94.1 97.54
Vowel

macro-F1 73.43 87.75 75.77 88.47 74.32 87.79
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F& 741233 U-Boot.

&k U-Boot H3k FI¥) Makefile SCfF, 625 1882
1T Ak B2 )i smdk2410_config H #x 4 n B H bx
mini2440_config.

mini2440_config : unconfig

@$(MKCONFIG) $(@:_config=) arm arm920t
mini2440  NULL  s3c24x0
3.3 u-boot.bin THEIHE B SR

Mt N F] u-boot-1.1.6 H &5, MIRIATLL T
T

make mini2440_config

make

R LB G, S AE u-boot-1.1.6 H 3 N K
u-boot.bin A, f# ] H-JTAG % AK T &K Nor
Flash 445, R 5% u-boot.bin 5%'5 2 Nor Flash /1.
RE MR, BALTF RN, AT LU 2 2 b o 2 4
Kl 2 prosifs .

U-Bool 1.1.6 (Jan 17 2013 — 16:35: 44)

DRAN: 64 KB

Flash: 1 KB

NAND: 64 MiB

¥ Warning - bad CRC. using defaull environnent
In: seri al

Out:  serial
Err:  serial

2 U-Boot B i 5l e 4 2 i (¥ i 45 5

L2 i H A5 SR WY, CPU AT e 1% 1
B, BEI T LA MERBENE U-Boot #5174 3
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] Download u-hoot

| Download Linuz kernel
Download JFFSZ image

| Dewnlaad YAFFS image

| Download to SDRAM & Run
] Boot the system

f] Format the Nand Flash
s] Sel the boot parameters
r] Reboot u-boot

q] Quit fram menu

Enter your selection:
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