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Abstract

With the development of network, a large number of high-dimensional data are generated in the so-
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ciety, but many statistical methods are difficult to be directly applied to high-dimensional data. How
to obtain the denoising simplified data with low dimensions and key information is an urgent prob-
lem. Rough set theory provides a method for reducing data dimensions, called attribute reduction.
The purpose of attribute reduction is to obtain a minimal subset of attributes without changing a
classification property of the original data. Until now, different attribute reduction methods are
proposed for different classification properties, such as lower approximation preservation and dis-
tribution preservation. In an ordered decision system, the traditional attribute reduction algorithm
is based on discernibility matrices, and the computation complexity is high. To solve this problem,
we design a backward greedy heuristic algorithm to compute a reduct for lower approximation pre-
servation. The experiments are conducted in six UCI data sets. The experimental results show that
the algorithm gets a correct reduct and is better than the traditional discernibility matrix algorithm
in time efficiency.
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FRESEFR [ 12 Pawlak 32 tH A AL BRASORI B0 7 28 G 20078, A FHE SR A28 (2] (3] a4y
HT[ATRIBLES 27 2 [S154008 . R ZITi[6] [7] [/ HIREAEHE 10 h () — Fh Bl dl P 4 7772 SR MR 20 87 ] LALRIIE
JEEHEEE ) —Fh 73 FAFIEAS, SRIEIRTG I/ NRRIE 748 . Pawlak AURESEH FH 240 R ROk R 0 FE A, (R
FEPLSEATE T, FEAREAE BB 5o R REAT IR, Bl MRS = mihis S A 2%, PRk
RAREHYSR RGN —FE. EFREKRGEY, BEEIEERAE T, TEREAR R RE R P (5
KFR. NTNINFRKRGHIRIVE WSS, Greco £E[9]He H T L # At £ 77 74 (Dominance-based rough set
approach, DRSA).

4, XF DRSA FIWFF E A AEN . X T FPRE RGP 3 K5 E, £ RFEN18 T
ZAFRRBMELI R SIE . Yuan SE[10152H 1 I BAERIF LTI SRS ARFF LT 1) 5008, FFER] 1 #Fh
FOREE R M YE . Xu SR T TR FFAFI 5% . Qian F5[12] [13]4 DRSA N T8 (E Hdl M
XM EHE, $RH T O34 RARERM L fai 5.

DA b4 R (R B T 22 AR R 14] R A RIS MR AT TH S0 o R X R ik e 5 2
ML EgE R, EiFENR R ERER. N TRABELT IR, EREENETFRE RGP
T IRARAEIE[15] [16] [17]. 8 RAFIERWERIE A R REHESR R — MRS R, HEREE. A
BT ER AR, TEF R RGP T NIERAR IR KA, LR, AR E LR
B — AN IR T, HAERT R BT Xu S5E[11]5E H 22 5 HE R 0

2. XS

BE—NFRERGE S =(0,A=M UN), O RFHARES, WM. 4 ZEEES, Hrh MR
KBS, NRUVSEBISES. M T Vaed, VxeO, a(x)RmFEAR x EREANBIE o TIHEUME. &
1 H— MNP EE RS, i@iﬂz0={xl,x2,x3,x4} , %ﬁ:ﬁ‘ﬁ;@kM:{a,b,c} , (}%%E@%Nz{d} o
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Table 1. An ordered decision system

#® 1. FRKRRS

(0] a b c d
x| 1 1 2 1
X 2 2 1 2
x3 1 3 2 2
X4 1 4 5 3

X1 ENFERRES =(0,4=M UN), WTBcd, i&
R;={(x,y)erO|VaeB,a(x)Za(y)}.

M R: RIS B FIOMRAK R, (x,y)e R % x (EIRIEAE B FIRTF y. LR =N, K.
o RRE—ANE R (. SOHFREI X R, RS R TS itk LA B . T
BeM, [x],={yc0l(r.x)e B} A[x[ = {y € O|(xny) e Ry} Jobh x KT RIEAE B 1A AE0R 35 255R1 %

PR, AT UERILE N, [, ={yc0|(nx)e Ry}, HR[x], Jbed x e THRHKR Ry BB
Bk, KT R MURMALMEEILN O/ Ry = (N, Ny, -+, N} ={[+];, [ xe 0} .
EX 2 [9GE—NTFRKERG S =(0,A=M UN), W FBcM, N, cO/R,, ic
By (N)={xe0l[x], =N, }:

(V) ={xe0l[],nN, =2},
Ry (N,) FIR: (N,) 435109 N, % T IR YESE B B 3N b3 fol.
3. TIEMGRFFL B ERERETE

TE N AE A, B — A REAKT B35 B 2 P (0 — SR e PE RN, CRAE LT AT 5 RIS, BPLR
UE T E AR o Xu Z5[11E P RSE R4S e LT ML e

EX 3 [T NTFRERGES=(0,A=M UN), ¥ FBcM, O/R;={N,,N,,~-,N,} , B2
JERFERGE S 1A N I AL a7 75 35 & LU T 7 A«

1) VN, €O/R;, R,(N,)=R;,(N,),

i

2) YPC B, 3N, €0/ R, R:(N,)=R;(N,).
AT DERIE T ARHTG S KRR RMRFEAAE, 20 2 RIESRAF I 2T B 2 RV 2 1IN a1k
THE. N TIWFE NIRRT, XufE[11]%0E 7 —NZEANERERE, Wk 2 P,
Table 2. A discernibility matrix algorithm for lower approximation preservation
(DMALA) [11]
2. BT TIERINEANEEERE(11]
fiN: FURSRARGES=(0,4=M UN).
. S BETH FILIAfE .
LIESKAFRIESE MR, WA REAR TSRS 2 [x] -
255 O/ Ry, i —A N iHSEFIERL Ry (N,) .

3 ZE IR

4 A48 72 0 R AR 2 22 0 B

5451 7y BEAR AN AT 22 50 pR B AT Y s, R LAl T G
6.4 BT R A O, A — A A U — A T .
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4. BT HRBENRZNEE

A R 22 U A R R R v AR T S TR S 2R, U e 2 — 4 NP-Hard
IR, DRI Xu SE(1 BT IR AR M S SRR B, e DAL IAE 2 FEAR B A 4 b0 O TR
WEME, AWRTRBEL, 27— FIEMLERE R .

EX 41844 E—NFRERGE S =(0,A=M UN), W FBcM, O/Ry={N,N,,--,N,}, it

. _ 1Y
)/B_|O|,Z:|:

Wy MRS B R T R EEIE N BRI, Horb || R ah R4
FETUMUEZ, 45 I NI L RIS 2 LT .
EXS[18)4E—NMTFRERG S =(0,A=M UN), T BcM, BRFIKERG S IK—TFL)
AR AT YD
D 75 =7
2) YVPCB,y, %7,
BETE L 5, ASORRBUEE R ZAM, SOt 7 —DMa R8s, IO ez b
FMBRTURJE M . FE RPN 3 Pk,
Table 3. A backward greedy algorithm for lower approximation preservation
(BGALA)
=3 AT TEMRBNERREEE
BIN: FRERGES=(0,A=M UN).
. S KL B.
LEFPERIESE M T, A O/ R: (06— N iP5 FIE R, (N,) -
25y o
34 B« M.
438 M A MR 0, BE:
A= }/;(a} 3
V5 =7, WAB=B-{a} .
5.5t B.

Ry (W),

L m FFREAANKL, n FoRAAHRIALE o 595 BGALA 8 1 BRI 2 25 R0 T 1SR IR LS i ot
B, BHRSEAE R O(min’ ) o 5 425 R—ANERIIE R, ZERRUOEAINIG— R R TER T A0 O
e, HRH IV SZ AP O (mn® ) o A TUARIRIE BN, 40t 20T 455 B SIS OSSR (0] S A2 O (mn” )

5. SKIE ST

AT SIS L Xu ZE[11] 5L DMALA FIUA SO 5E BGALA. SEEG X LE FZEH AN J7 11 .
T L R LR (DMALA, BGALA)IZI TS5 5, 381 BGALA 1] L3RG AI DMALA M [FE 1211 . 2R )5
Xf DMALA Hil BGALA g A7 8 AT R H o AT SE50 By FH I AEAFC B v Windows 10 64 Fi#fE R4,
Inter(R) Core(TM) i5-8400 #bEE2S, 16G IE1T NAF . SEIE FH I 4a FE1E 5 v Python3.6.5, 4ii¥#s A Pycharm
Community Edition 2018.3.6. SZ5affi FH ¥ 6 2H UCI &£ Wik 4 s

Table 4. Data sets description

4. BWEERHR
e LACITE S FEAEL JE %L
1 Absenteeism at work 740 19
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Continued
2 Chronic kidney disease 400 24
3 Dermatology 366 34
4 Flags 194 28
5 Lymphography 148 18
6 Stalog (vehicle) 846 18

5.1. #JEIGRIEE

7% 5 N DMALA fll BGALA WA EyERI 20 45 BT Lh. B4 B8 ML B4 BIBUF R AN 1 FFI6HIE
BHOR 4. NEFITLIEH, DMALA o] ISR ZA FIEWZ)fE, BGALA HEERT—A FiZ AL .
MmH, £ DMALA {1 EH T FIEZLfEY, A2 BGALA 115 2T 2AHFI . 1X/NsE

5045 L BGALA i 455 & DMALA it HE Ry —,

Table 5. The comparison of the reduction results

+® 5. ABLERIEE

fe AN IR NI B L el

5 s DMALA

1 Absentecism at work {1,2,3,4,5,6,7,11,12,13,14,15,16,17,19}
{1,2,3,5,6,7,11,13,14,15,16,17,18,19}
{1,2,3,7,9,10,13,14,15,17}

2 Chronic kidney disease {13.5.7,8,10,11,14,15.16,18,24}

BGALA

{1,2,3,5,6,7,11,13,14,15,16,17,18,19}

{1,3,5,7,8,10,11,14,15,16,18,24}

{3,5,6,9,10,12,16,18,19,20,21,23,

3 Dermatology 24,26,31,33,34)

{1,2,3,4,5,6,7,8,12,13,15,16,17,19,21,
22,23,24,25,27,28}
{1,2,3,4,5,6,7,8,11,12,13,15,16,17,18,
19,21,22,24,2527}
(1,2,3,4,5,6,7.8,11,12,13,15,16,17,19,
21,22,23,24,25,27}
{1,2,3,4,5,6,7,8,12,13,15,16,17,18,19,
21,22,24,25,27,28}

4 Flags

{3,5,6,9,10,12,16,18,19,20,21,23,
24,26,31,33,34}

{1,2,3,4,5,6,7,8,12,13,15,16,17,19,21,
22,23,24,25,27,28}

{1,2,3,4,5,6,7,8,11,12,13,14,16,17,18}

> Lymphography 12,3,4,5,6,7,8,10,11,12,13,14,16,17,18}

{2,3,4,5,6,7,8,10,11,12,13,14,16,17,18}

{1,4,5,6,7,8,9,10,12,14,16,17}

6 Stalog(vehicle) 1,4,5,6,7,8,9,10,11,13,14,16,17}

{1,4,5,6,7,8,9,10,12,14,16,17}

5.2. BJIEIEFTEL

Kl 1~6 JE7~n T DMALA. BGALA 7E 6 ZHEE4E Bk xf b Hoh B AR R B AN, iRk
BATH A, MR AT LAE H, BEE BRI, BGALA (47l th 44 44, 1 DMALA ()i
ARk A i R N Ehi K. RS H &b, BGALA [T IS KT DMALA [3s4TiF ], {H24)8 1k
BHB AR, BGALA iz fTh A1 ZHL 2 /H T DMALA Mig/T Al XANSZIG S RN, 78 A m 4i %

YT, BGALA I R4 BEZE AL T DMALA.
6. B4

FEFFRAR G, NUTIAL 8] 0 22 AR R S (R S 2 v, AR T B R A e R i 2 vh . ASGERE S
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Figure 1. Absenteeism at work
1. Absenteeism at work
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