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Abstract

Attribute weighting adjustments are used in machine learning models to improve performance. In
this paper, we propose a novel attribute weighting method based on mutual information and ap-
ply this method to two classical machine learning models for classification. We study the perfor-
mance of our weighting method by conducting experiments on the Wisconsin Breast Cancer data-
base. In both machine learning models, our weighted attribute models tend to outperform the
corresponding conventional machine learning models in classification which also approves that
our weighting method is reasonable and applicable.
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2.2. kb= N 288

KR DTS 23 288 2 DU 2 e 35 16 (Bayesian decision theory)d i) — LA /) 380510 . 76 BT A AH S 4
R AP ERAENE LT, DU g SR8 28 R A AT i T 3K M 230 R AR ks B L 2R b RIE [ 7] 1E
Fhg& DUt Hr o 628 T, b T 2R A S BB I AE L, 45 BTG 20 SRR AR T B0 I S e 2 1) o gk A [
SR, FERZHESERRR A, ORI, S 7RI — a8, BB AR T — e b gk DLt f oy
A%, RIFE e F vhid 2428 e L0 Jg M [R] FRAH FLAKHOC &, 01 TAN (Tree Augmented naive Bayes) LA
Jx AODE (Averaged One-Dependent Estimator).
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Table 1. Features description in Wisconsin breast cancer database

#= 1 BHTREIRERIEER A

#H JE 44 R R A BIHRIAL
1 Clump thickness eyt ¥
2 Uniformity of cell size g 7o
3 Uniformity of cell shape B ¥
4 Marginal adhesion s et 7
5 Single epithelial cell size B 7
6 Bare nuclei e a
7 Bland chromatin B 7
8 Normal nucleoli s et 7
9 Mitoses R 7

3.2. SEIGLER

X TR ZR DU S8 R A SR HE R ISR 3R D34,

SIS SE RGHER 2 .

Table 2. Classification accuracies (%) for Naive Bayes

= 2. AMEDIMHET KRR SRR

KA F T8O 52 AR UESRHEAT S 88, JF
THE T 458 XGRS 170 05 L LS P RS FEORBEAT SR RE VPG o Bild,  Tudfr s SRR & S s St
TIN5 AT, RKIESE S DT EBI—MEAINRSE, b 4 RIS A EE NGRS, H
U, A A AR I ST 80 A — A 20 S HER T, X LS Al P 1P S A R AE CIIE T 1) 73 RS T

2SI IEST L AhaR DUH-$7 73S 4% IAURR 2% DUH-H7 3-S5
3cv 97.00 97.00
5cv 97.15 97.15
Tcv 97.15 97.15
9cv 97.16 97.16
10cv 97.15 97.15
1llcv 97.16 97.16
Average 97.13 97.13
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X kAR TTIE USRS AN k SE&BT7i%, BT HAE— P ik 22 SO SR AR 1, AR IR
M, NTTANE T 5 XRHIE » KT TTiE S A B N a4, 12 15 0 KB 5 4 2T HR AT
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Table 3. Classification accuracies (%) for k-NN

= 3. KL AR AR

k k T4 5 TAL K 3248 75 ¥

1 88.29 91.59

3 89.49 92.49

5 90.39 92.49

7 90.39 92.19

9 89.79 91.89
Average 89.67 92.13
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ULARTT BRI 73 KGRy 89.67%, T AN SCHE HH A AU (R~ 14 7 SRS FEIA FI) 92.18%., T Hd e T
2.46%I1 ) KL o (K, AT RAAS H AR SR IR k A A1 A AL AE 73 S UERA 22 07 TH 1 R I TAE G 07k X
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DR G &G INERI—FHF RN 2 —, 75 2D i TR i X — 45 R AR A X T
K ATARTT I, SEARAERARN], ASCHR AL K AR PERE L TA Gepi . T K A4 AR S 4L
Gr2Rds,  IAMARSCHR Hh AR ISR 2 T AR FH FAE A 5 4R [9] -
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