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Abstract: To overcome the disadvantage of those attribute reduction algorithms based on the discernibility matrix with high
space complexity, a compact storage structure called condensing tree(C-Tree) and corresponding efficient algorithms for
attribute reduction are introduced in the existing reference, respectively. However, the mentioned algorithms in the reference
only consider the case of the static decision table. Therefore, an incremental updating algorithm is proposed for attribute
reduction based on C-Tree in the case of inserting, which only needs to modify the related nodes in the corresponding paths
when updating the C-Tree. After dynamically computing a core, attribute reduction can be effectively updated by utilizing
the old attribute reduction. Theoretical analysis and experiments show that the proposed algorithm is effective and feasible.
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A7 1) g 24 5 T U5 18 IR B % T C-Tree 4
R 1R S P4 7 ST, FL) 5% T 0z 3 L 1k de N2
fia] fry 3 i UV % LR R BN 5 R 4
TH 00T (0 PR 2 105, SCik [16] (1 ) PR 2 e s A 5
WA SRR, T B AL ST I ST R X
S35 11 Je e 4 1 i T RVE Gk T SR [15-16] 11
AN, AR B8 ORI FH BB A% A o5t STk 1181 1
ANJR, SCHR [17] 31 HH — i 2 ) B 170 Jes 1 24 1y 38
B B, R RAT RO R T SE R A%, (R
B 22 TR B 1) A7 fih 45 40, A1 2 TR AR A K.

Ay S 222 9 R O 1) DR A 4 7 ST A s
M KIA S, A T —FhIE T C-Tree B ML)
fiay - OB A, BB R R B IINE B T
{1 Je8 1k 24 7. 1% 5592 ]l el B T B C-Tree, 7E3h7S
SRAFAZ I LA L, A7 R ) JA ) e 1 24 T 30EAT J
ek 24 5 110 18 et R ST, DRI w8 s 4 4 1 17 5
W, R oy AT RSG5 AR W, AR I B
S AT R
2 MHXMESEER
2.1 MAREE#S

A RIE, A5 R LT B AT K — L
RS, HIDRESE (K HL At LR & v] 2 0L STk [2-3].

WIREDT & — AWl (u,cUDb,V, f), H
hU R AN EMAESHRES WH DA%,
MU RKIRANU = {21,229, 2, };CU D JEE
BH CHEAMBMESE DIRKRIESE V =

U Ve Vo BB a IS 22U x (CUD)

ae(CUD)

— VI, Xt B € cUD, EZEMNKAZIND(B) &
S {(x,y) € UVa € B, f(x,a) = f(y,a)}, WL
IND(B) ¥ U 2153 A4 +42 E;(1<i<|U/IND(B))).
AR T RUR, W& R RS O m AN E M O,
Oy, -+, Cry, A BR B HUE S, IFH | - | R
B AR e, B — AN SR JE M D,
EYEFEZ 1,2,k D S HNEM R RLU H—
NNy {1, e, - s}, Hthyy, = {x € U« f(x, D)
=i},i=1,2---,k

EX1 WX CUNBEHN -ATHE PCC,
XWKRT P TFERAPXU) = {2z €U: [2U)),
CX}, K [z(U)], U TP 5 2 /£ R IND(P)
TR T E MRS

EX2 WPC %xﬁ%\{wmz,--- Ui} IR P

AR BE N vp(U) = Y [Pys(U)|/|U), Fehid P(U)
=1

k
= Zl&m(U)l-

EX3 WP CO FHpU) =(0), A4
fER C P, i3 yr(U) = vo(U), WP K CH—
A GRS T R SR D ) JB 4. Fr Ay C 1 s 1
LY AR C % (FRiFRA%), i A Core(U).

ohy CACE JeE 1k 4 BT ) B3R, ST [6-8, 171§ H T 2k
I 22 AR R ) e P A TR s, AT DG 2 S R 1 v S
FEAZ AN 8 1t 20 T S5 SR A SR ms T

EX 4 T4 €N RFERDT, & X255
B M = {m;} A

mi; =
(1)

{a€ C: f(zi,a) # f(z5,a)}, f(zi, D) # f(z;, D}
@, otherwise.

B 1w X4, v B ZE R A S RN S A
SRAAE SFEE s S0 T 45 58 I PSR K DT, H 22 B FRE h M,
P(P C O) NJEMHEL 1 HACY M TS dE= T
FEmi; Amyy P #9, HVS C P, AFEAETI0E myy
S M’ff?%mkgﬂs = .

PEL X245 E IR HER DT, JL 22040 o M,
JE& 1 a € Core(U) 1 HAL Y {a} J 2253 B M AE
JLE.

2.2 KGR (C-Tree)

h A R A 2 ) B PRV A A AT, DR 22 1)
S A BAN R, SCER (131 5IN T C-Tree &/
R

EX S BRI AL CLR 3 AN SR
BEER D) & H— A null” AR 45 & (F root %
TR AE AR R 7 1 e T T R AR DL R
PEL R AL 2) BRI 1 P iR — 4
attribute-name, count, stcount, parent, child, node-link
AN, HoP: attribute-name 2 3% @ 4 4 count id
SKAE BRI A RN B AR T R R AR R e R I H
stcount Tt 3K 1% 45 s BT 4% 1 45 2L count {H 2 Al
parent M child 73 71| 2 75 e AN 45 K4 1m) A2 45 SR 4R
B AN ) 1% 7 45 )R 9 2K 45 £ node-link 2 45 7] C-
tree 11 -EL A5 #H [7] [¥] attribute-name (B [F T —&5 125, 24 F
—ANGE RLEAEIT, node-link 2 null. 3) J& Pk %)
TR, 3 M attribute-name, frequency, head.
HH: frequency A J& T 44 attribute-name [ J& P4 7F 2=
S B S BRI I L, head i 1) C-tree W HLATAH ]
(1) attribute-name B 1) 5 45 s K FR S

Xt 145 2 10 R v 56 3R DT, 4 57 C-tree (19 35 28 |8
A 1) KR AR O 1R 25 8 M i B IR HEZ I (IR
JPad o R) Tk 2 2) B 25 0 R R Hh (R BN JE A T
25, T2 O B 1) J& M A1 4N C-tree 1, HL A AN
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BER A - 4 12 AR 1 D0 o 4 2 TR 3 DR 4R IR
J¥ R. C-tree [WA2 U VLR R W T
#7k1  GenCT (Generation of C-Tree).
BiN: DT= (U,CUD,V, f) h—h3EE, Hrh
U & n MM, C(C = {C1,Ch, -+, C}) 1157
A m AR, D sk @k
frH: —#R C-tree.
Step 1: 5B IESE C 145 J& 1 Fic SR A 41
FrHEF, ok R,
Step 2: #ilf N H A EREE ST C-Tree.
Step2.1: 7 37— C-Tree 1) # root, JfFric N
“null”, 45 [ root [ FREHIC N T
Step2.2: % 7.3k 3K HT, 4% [ R K R 5% & J8 P
% attribute-name, K JL frequency & head 43 7 & 4 0
F1 null;
Step2.3: for i =1 to |[U™Y| do
Ik iy i HPRADREGR, «/
for j=1to i—1do
if f(2:, D) # f(x;, D) then
if m;; # @ then { ¥ m,; P& B IEIL
WP BT F 84 [a|R), o A EME, RO
R ENE;
Wi H InsertCT([a| R], T)}.
/% PR E InsertCT ([a| R], T) K FH VA8 F (1) )5
VE, BT A% T P15 Pattribute — name = a,
W T .stcount 3 1, P.count 84 15 75 W A 587 (1) £
T-45 5 P, P.count & 1, P.stcount & 0, I i% k¥
RAEE R PHINT N1 45 i, IFH 5245 /i
stcount {E 3% 1; [F] i, 3 i3 node-link 5 1% 45 15 4%
LK. «/
Step3: for k3 144 J& PE table[i].attribute-
name do.
table[i].frequency=table[i].head #& 7] [¥] /i % & 1
45 351 count 1 Z 1.
Bl1 K1 —RER, ZRERILASDNR
A G, RN C = {C1, Cy, Cs}, Y m ik
A d.

R1ORER
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W Ca Ccs  d
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3 0 0 0 0
24 1 0 1 0
s 2 0 1 1

XFFBI L, HE X4 A ZE G M (IR MR

PRAE, X HALGS O =40), RIS (©2). d @) Wk, M
h5x5 IFRE, R = MAE 0 s 6 M AKIEEL 1,
A 2 (2) v 22 0 R B ) R = AR AR S s AR O C-
Tree 41 & 1T Zn (B AR &5 05 4h, B 45 4 attribute-
name: count: stcount &), B IHESI T R A
C1,Co, Cs. HIE 1T AT, 28 11 22 00 R M ) Al ¥ 0 3%
B4 2 3 45 Bk rh, BRI B KK R 35 S &
FECR 6, PRI 22 5 A0 e IR A oo 2 B 4 VR .
P=

T X9 xs3 Iy Ts
xr1 [ %) ]
To %) %)
T3 {C1,Cy}  {Cy,Cq} 1%}
z4 |{C1,Co,C3} {Cs,Cs} 1%} 1%}
x5 | @ g {C, 0} {Ci} @
(2)
k&

JEPE R Sk

c, | s

C, | 4

c | 3 |

E1 51 ERgERt 7o

YT =G N AR e g3, H 72 5l 50
M AN x N M NER M P E5HRKEIES
TCERI, M AR K, 52 & M2 Rl KA vk fg,
L A D A A5 1 22 DA B 1) i P &4 R AN
AR X T AN R B 4R, 3478 5l R K b a4
A RENEL G ERE AR ICR, XEAE 0
FRF L C-Tree I — 45 BE 12— 45 T4, Wl 2K
BRI 222 ) R B ) A7 i A QA ] A D 4R 2 i) R o P £ 6L
ALK
3 T C-Tree i AE 14 5

H TAET g, SN AR 1 e X, 45 C-
Tree f7-fifi 45 ¥ N A% SR Ad R0 P 24 187 1) = ZE SR WS

EX 6 XNTHEmkiERDT, HEFE1LE
J& ) C-Tree A T, N, 3 T W HA 45 &5, %5 N,.count>
N,.stcount, WFR I N, 45 S T4 Parent $8ET 2 MR 45 &4
root [1) £ Ny #6642 — S A A2 L, Wl A
L = (Ny,Na, -, Ng); B4 L PR £ 45 mio6h 1 (1) Ja v
AR AE R S(L).
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ol REBE g M, VLT U C-Tree AT, Ma €
Core(U) 24 HAX 4 T H A7 15 45 51 P A 1% P.count >
P.stcount, H:H' P 2 root FJF% 145 1.

WEB ST WA, @ € Core(U) M HALY {a}
N VR M AR TR, 0 {a} b 2 H B M
AF23 7038 24 HAE T A7 7E root [ £ 1 4 5. P A 43
P.count > P.stcount. []

HH g B 1 R] A, AR AR A C-Tree o, A AR F146AR
45 T 5 BT SRASAZ, AT ) C-Tree W] PRidi sk
fif A%, T 1, BB 1 TR, root %145 R, R
GEpeCy b A7 AR E 45, BRI Core(U)
{Ci}.

EIE 2 Y R SR DT, A5 A R 2 531
FERE R M, W0 H VR 1 AR ) C-Tree A T, #5 P(P C
C) N JBPELY T 24 HALE T HISA I T

DX TTHREREAREEL, A SL)NP #
@ JSAL (i SR AT 1) P AR TR Ry Aocide Jg P 2 i )

2) M TAEE R C P, TR — A A
Ly 115 S(Ly)R=9 JNOT.

W PREMENTE S A P Y M TP
A LRSS, HVYR € P, fFfE M il —
MEFITLEm A mN R = @, NP5 m XN 1A
WA Ly, P — M@ PEL T, WX T b AR =
— &AL L = (N1, Ny, -+, N,), HEE 1A 40,
HS(L)NP # 9, VR C P, S(L1)NR=2.

2, KT TR — R AR L = (N,
Ny, N), S(L)NP # @, HX VR C P, T 4 ff
15 B8 A% Ly 143 S(Ly) N P = @ WAz, W
L1 5, P Y M P ME AR TR AR, H
HFAEM PR DX ITTEmFEGEmNR = 2. X
Hom = S(Ly), Wi PiE—AN @tk 2. O

JE BEL 2 A T C-Tree [ J& 1 £ 18] 5092 1 e o 4
TR AR AR 2, TV R S 2
SRV, ST [13] 32 A 1 8 e U itk 29 ] 53005, 3L
WIS L 1) K YE 40 € IR SR, JL— B C-Tree T
2) fHin T K f## #% Core(U), reduct= Core(U); 3) thik
B T HAETS S(L) N reduct # @ H MR L, 45T
AN, W — 2P fe 528 Y o IF K o I 3 reduct,
B 3), B EE . A i C-Tree 3 5 & — 4 =51 [ I 45
LSRN e S N E ER A &

B 1, R LIRSV, T Core(U) = {C1},
PR R TS CLRPT AR (B CL 5408
— PR AR EE AT, B Oy b 4 ORI IT AR E
& Cy, W] B ERZ TR, VAR Cr c 11 —

LT {Cy, Co} B {Cy, Cs3}.

AT BT C-Tree & 1 29 1] SUE & S LR R
(1 e PR 2 i, i S T U R R AR A I, PSR T )
X BAEA WA, CAF B 8 1 29 1676 vl e AN 1T
A Ak, SRREIUIE T C-Tree 1) )8 1 £ fi 56 57 5
TEECT AT 2 H AR
4 FET C-Tree 1)@ PEZ 1oy 386 & X E B

BT o s, S ST B O 18 — B SR T I JE
2 fay 14 5 8T, A O — B SR T 1) C-Tree £
FSCARH I Jeg A 2 87 BEBK 53 SO e A 7 v, B
BRI SRy DT = (U C\JD,V, f), N T
DT [f] C-Tree A T, X 7 34 %5 G A4 B 1) HR 56 A
dtev = (Umev, C\JD,V, f),DT = (U,CUD,V, f),
Hrehu =vyedyure.
4.1 C-Tree BYEH

— Rl i B AR 3 T C-Tree f) J 1 24 7 434 1 5
T T A i C-Tree JEUEAT S ML 17, RIF BT A2 Bk
JEF DT(DT = DT Y dt™ ™) ) C-Tree FF 11T 8 P
2ytaT. AR, X I R R 2 1 A AR, Sl i, ey
5 VAR IR 7O 1 C SR A5 10 P 24 15 1) il b PRk
A B AR R8T 1) C-Tree S AH WYL o M 24 17 B T AR5
1) 22 H Ax.

U5 52 YR R N DT, 25 A R IR C-Tree by T4,
TPXT S0 1845 S A R PR PR S 36 e, AN LA Umew
ANFZES G J Urew FUed 2 R IR0 %, 25 Hit
TE R AT X 43 & M P B AE T A A A W TR A R0 42,
WK % 8 I A4 N 7O, 15 U HE N T g e
55 701 5 9545 2005 V. DT 1) C-Tree T. ¥4 4 T4 11
5B 545 UCT(Updating of Condensing Tree) 31 i 41
.

Hiy%k2 UCT

ffiN: 1) DT = (U C\JD,V, f) NIR R,
FHIY I C-Tree A T4, R Ky 45 € & PE 7 41; 2) devew
= (U™, CUD,V, f) hBr 0T G0 i sk 5 42,
DT = (U,CUD,V, f),U = UM | U .

HiH: C-Tree TPV FIT.

Step1 A= 5 T™°W 1] 3k & Ml root 45 ki, ¥ 4A 1L
Tmew,

Step2 {EHT IR G2 (M AT LA, I8 2E v
Aoy JE TP AR T R TRew, 2y, 20 A A G

for i =1 to |U™V| do
for j=1to ¢—1do
if f(z;, D) # f(z;, D) then
if m; # @ then (K my; 1% & PEFZ IR R K
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J¥ B BT 18K [a| R, a B JEE, RAILRMIE
P
if 75 TN FRAFAENS R IAT AL AR then
Wi H InsertCT([a| R], T°');
else Ui F InsertCT([a|R], T™); }

Step3 K5 B M0 G by Js vk HEER B N R EAT
FOAL, JEHRE A B ) X 43 Jeg 1k e #1470l il Tmew,
zi, x; ARG
for x; € U™" do

for z; € U°M do
if f(zs, D) # f(z;, D) then
if m; # @ then {¥f m; 1% & PEFLZ IR 7
JEBUTHIFCA [a|R), a N JEYE, RV HRITENE;
if A5 TN FPAF AR R AT AU AR then
W ] InsertCT([a| R], T°'9);
else W H InsertCT([a| R], T™V) }.

Stepd  for 3k o 115 & 1 tableli].attribute-

name do.
table[i].frequency = table[i].head $& [1] 1] B v 4%
&& 5 1) count {E .2 A1,

Step5 T = merge(T°, TW), g T0eW KA
FEARIEN TOM o, TS 2035 T DT (1) C-Tree T

1 53k 2 v] 4, UCT B Ak 4T UM v A ] S8 X}
(B I B AR, AN 7T B AR URe™ AN [A] R0 %
Unew Fyed Z [ AR 28N %L #5 Ny = (UM, Ny
= |U™Y|,m = |C|, W UCT i I 1] & 2% £ ok O (N,
+ No) % No xm), 24 Ny < Ny I, UCT ¥ 18] & 2% &
IALA O(Ny * Ny «m). A5 AFH SR T, FoF
IBAT SV 1 R W FE T DT (1) C-Tree, WIAH M. (1) 1 18]

FRIEH O((Ny + Na) * (Ny + Na) «m). "L, Bk
T UCT S35 T A 250t C-Tree 1) SEHTRCE.
42 ETF C-Tree MEMAEIEEXEM

TN LGS E IR A 2 15 R0 SE OB S (1) C-Tree
PRAFAT 2B (0 8 ML T, 5N T I E P

EE 3 JRGERREE N DT, k1R
J§IF) C-Tree 24 T SHr B4 % 5 4 B ¥ PR 536 0 devew,
H 590 2 2 HG I P B C-Tree Jhy 7% BT, #5 P oAy H
T 1G 2 [¥ JE M L i, Eo6 T T AT = BT %
AL LA S(L) N\ P # @ AL, W P ARFER DT FHY
JEPEL .

UEHY 6 T e (AT AT AT AR LAY
S(LYNP # @ WAL, W PEDT I % 8 Pk 2 i,
iM% F VYR C P, K PJE DT 1 & H 249 f, #fe
T O MAFAE A AR Ly A S(L) N P = o, Ktk
P APRFEFRDT T @ 2. O

EE 4 R4 ERRER DT, L 1R
J8I¥) C-Tree 4y T 7 0 Gy () ¥R S Oy dene,
F 5 2 A2 B P AR C-Tree by ToeY AT, 5 Py i
oA 3 1) JE M2 1], AR T b AR A R A A AL
WAL R S(L)NP = o oar, W PA sk
K DT R EPEZfa.

UEB A7 AR T PR AR 5 A Uk AR Ly A4S
S(Li) NP = @ oL, Weks Tev N TN 515 T, Ly
W T 4 s A, R P A ZIREDT T
Rty . O.

JEU45 58 1) pe 5K 48 O DT,y 503 1 42 i 1) C-
Tree A T 7 905 G 1 (0 1R SR Dl demew, M4
JE B3 MIGE B4, 24 Y S AR B AR 5 i, w1k 20
ST B R 1) PR 2 A K P R C-Tree
AT FIT 2) 45 B 20 ] P s a2 52 22 3, W P )y
@YY A, G T 45K, e B 1 PRI AT 3
¥ Core(U), FEAHE SCHR [131 11 ) & =X 1 24 195 1) S8
¥, tH Core(U) B4 & nl 13 21— @ P2 1.

3R 2 BT, JE T C-Tree 118 1 24 19 50 30 55092
EiiipY /I

#1753 IUARCT(Incremental updating algorithm
for attribute reduction based on C-Tree).

i N: 1) DT = (Ued C\JD,V, f) N &
Je e, AN C-Tree iy T, R My &5 5 (1) & P T 51
2) DT™% = (U»¥,CUD,V, f)l # # % % #)
vk s 2, W& DT= (U,CUD,V,f), U = UM
Unew; 3) P ok i T 1321 (1) & 1 2 ).

i — AN R L reduct.

Step 1: A BT I B F R 4 o, i 557% 2
PERC T FEEHT T 435I T

Step 2: i 2 #H 3 Rl B 4, 5 P 2 #E 3 1)
Z4F, W reduct = P, ¥ %1 Step 4.

Step 3: FHLSCHEK [13], A

Step3.1: HHEHE 1 FI T g5 PRt sk £34% Core(U);

Step 3.2: reduct = Core(U);

Step3.3: T 4519, B LY e 2R H 2115 3
— A LT reduct.

Step4: 45 .

1 5592 3 AT 4N, A8 B N B BL T, TUARCT i 4
PUT Step 3. 5HETF C-Tree M H:A & PEL TR VLA L,
5 I [R] AR i 24 15 S %5 0 T, BT C-Tree [3))
ABEVEL AT 20K O(Ny * Ny« m). K,
2Ny > Ny I, TUARCT R A7 R4 4 e Ja 4 24 1] 10 2%
. PeAh, B LR, TUARCT i 7] i Step 2 H 4243
) Jo PELA 7, DRI T ARk — 20 5 v s 1 240 ] S (.



1774 i=

s

* * %27 %

4.3 flieR

VLI GBI DL R, C-Tree FlJ& 1t £ 15
(ST, 43 LA R P AR L EA T i

O XTI, PN SR e = (1,1,0,
0) Fly = (0,1,1,1), W) B 553% 2 w] 453 5087 ) 1R oK 4
BT 2 frs. R Trew Sy =, R R P2 1 {C,
Co} BL{Ch, C3} WIS G BN AIG G 1) Jm ML .

R
JEPE B SkAREH

2 FEIREHREER T

BH2 XFH1L FEn— N 4% e = (0,0,
1,1), JUl T A9 2 WA BER Ja VR 4E M T, W& 3 o,
R Tmew AN b 2%, HLRUB PR T {C, Co} 5 H A 3%
7 LI EHEAAAS, o B 4 nl A, {Oy, O} AT
AN AN G (R PE L. i sUR ML {C,
Cs}, I Toev (117 s i 42 L 10 8 M4 AT JE B AL,
WO 2 B 3 40, (O, O3} Xt B sh 238 )i 1 @ 1E 4

.
k%
REE B ]
| 6 ........ ..........-
4 -------
| 4

3 EHERREGER T

LA 2B a] 4, B9k 3 A B A ) C-Tree I
JEVELTET, R R v e P 24 T 1 T k.
44 ZEHRER

C-Tree T &5 T C-Tree K @ L i sh &
BT IR G BEE D R, A A2 5% Wi i 1P 40 a7 S T 20 % 1Y) T
K 2, A1 LA, I 56 C-Tree & CO 8GR BEAT T MR, 4
J5 A, SCHR [13] 32 H ) C-Tree A=l B A S VAL
b old 5. AENAE A 512M, CPU 4 P1.73 GHz ] PC
BlL_E, F VC++6.0 5281 old F1 UCT 53k, 5256 $odf %
H http:// www.ics.uci.edu I ¥ % %% £ 415 28 Mushroom
(124 M5, 2245 JE Mk, 1A VSR Pk, 2438
Ay AN T A i 08 45 Dataset(7 000 /N X4, 23 /M4
PEJE R, 1A Pk 8 P, 2% i PR 0 v 3k VA 35 el

0~ 9 B BENLAE ). Jy 56 3IE C-Tree T8 594 10A
PE, 23 3\ Mushroom 1 dataset 19 /> %5 445 £ v Bl A1
H1HL 100, 500, 1000, 1500, 2000 4™ % % A5 Ay B 44 v
FEAE (v TR B A (UPeY), R 1% S A ki
PRI (DTOM) th 0 RAR (UM, Sz 2 S 4 A
K5 .

20
K 15}
£ ——old
= 10 —=—UCT
= 1]
=)
&5 /
L ' ' '
0 5 10 15 20
number of new objects/10°
4 EEE{TATE (Mushroom)
30
S 20} —e—old
£ —=—UCT J
=
2 10}
f 1 L 1
0 5 10 15 20

number of new objects/10°

5 HEXKIE1TATIE (dataset)

H1 1B 4 A& 5 0] WL, UCT Af 47 %4 75 C-Tree (1) 5
B, M 4 C-Tree A= BET 25 old 2R AR, i i1l 1A,
R P SRR R KON GO /NI, UCT v i 3542
t1 C-Tree (W HE BT RLAE; [A]F, X1 H7 1K C-Tree, 758 L
faj sEms— 2B S 0 N, TUARCT 1@ P4y _E 4t
AT SR [13] I AH B 3%, DR TUARC A7 450 4
w1 B AR M RCE.

5 4 ®

RS HE T O 1D v 285 o R R 48 A7 A 45 4 C-
Tree, e i T —Fh I T C-Tree 1 J& 1 24 fiay 184 & 3 56
S, B BN G ARG NG B Ja 1 4 1 1) 5 R
I 851 % A9 3 ok PR3 B BT C-Tree, 1 FH R AT 1) )&
24 T4 2 h B v e 2 40 17 1 398 R R AR
I T 22 G R ) e e 4 T 3 o TR 5, AR R )
AN TR B N B8 24 C-Tree HIMISE AR BN W], Wk
e PR LA TR (1 DO SR AL T — 4B I i 12

£ 2% 3k (References)

[1] Pawlak Z. Rough sets[J]. Int J of Information and
Computer Science, 1982, 11(5): 341-356.

[2] Pawlak Z. Rough set approach to multi-attribute decision
analysis[J].

1994,72(3): 443-459.

European J of Operational Research,



12 ) W PR A —FF AT C-Tree 49 B4 W3 X B4 ik 1775

[3] XUi&. Rough % & Rough #fE #[M]. b 50: Bl 2% H A, (Miao D Q, Hu G R. A heuristic algorithm for reduction
2001. of knowledge[J]. J of Computer Research & Development,
(Liu Q. Rough sets and rough reasoning[M]. Beijing: 1999, 36(6): 681-684.)

Science Press, 2001.) (12] B, PSRRI T 4 P05 VR KL AL R[], 2

[4] Jensen R, Shen Q. Semantics-preserving dimensionality %, 2007, 35(11): 2156-2160.
reduction: Rough and fuzzy-rough-based approaches[J]. (Ying M. Approximate reduction based on conditional
IEEE Trans on Knowledge and Data Engineering, 2004, information entropy in decision tables[J]. Acta Electronica
16(12): 1457-1471. Sinica, 2007, 35(11): 2156-2160.)

[S] Swiniarski R W, Skowron A. Rough set methods in feature [13] Yang Ming, Yang Ping. A novel condensing tree structure
selection and recognition[J]. Pattern Recognition Letters, for rough set feature selection[J]. Neurocomputing, 2008,
2003, 24(6): 833-849. 71(4/5/6): 1092-1100.

[6] Hu X H, Cercone N. Learning in relational databases: A [14] Yang Ming, Yang Ping. A novel approach to improving
rough set approach[J]. Int J of Computational Intelligence, C-Tree for feature selection[J]. Applied Soft Computing,
1995, 11(2): 323-338. 2010, 11(2): 1924-1931.

(7] 2% Jelonek J& P24 ] HVE R — ANtk 7). L1274k, (151 X1 5% FH.J P o /s 24 ] 1o 1 5 X B0V ). WL 7 2 4,
2000, 28(12): 81-82. 1999, 27(11): 96-98.

(Ye D Y. An improvement to Jelonek’s attribute reduction (Liu Z T. An incremental arithmetic for the smallest
algorithm[J]. Acta Electronica Sinica, 2000, 28(12): 81- reduction of attributes[J]. Acta Electronica Sinica, 1999,
82.) 27(11): 96-98.)

[8] Wang Jue, Wang Ju. Reduction algorithm based on [16] Orlowska M, Orlowski M. Maintenance of knowledge
discernibility matrix the ordered attributes method[J]. J of in dynamic information systems[C]. Intelligent Decision
Computer Science and Technology, 2001, 16(6): 489-504. Support. Dordrecht: Kluwer Academic Publishers, 1992:

(9] XI/ZDHE, BEAKEK, 52, 2%, Rough 4 m UL B X 10). 315-330.

THFIHLEEAR, 2003, 26(5): 524-529. (171 AW 7l 5l 2 Joll i o £ s P 24 fp s e R A
(Liu S H, Sheng Q J, Wu B, et al. Research on VED]. EEALEEIR, 2007, 30(5): 815-822.

efficient algorithms for rough set methods[J]. Chinese J of (Yang M. An incremental updating algorithm for attribute
Computers, 2003, 26(5): 524-529.) reduction based on the improved discernibility matrix[J].

[10] Guan J W, Bell D A. Rough computational methods Chinese J of Computers, 2007, 30(5): 815-822.)
for information systems[J]. Artificial Intelligences, 1998, [18] Hu F, Wang G Y, Huang H, et al. Incremental attribute
105(1/2): 77-103. reduction based on elementary sets[C]. Proc of the 10th

[11] P2, SAEESR. AR MR 1 —H e RN EVLT). VAL Int Conf on Rough Sets, Fuzzy Sets, Data Mining, and
985 Kk JE, 1998, 36(6): 681-684. Granular Computing. Regina, 2005: 185-193.

(L#EF 1768 W)

[15] etk gyt . SREE vk S ML gs 22 2 0] tHENL AR, Information Processing & Management, 2010, 47(4): 617-
2009, 32(5): 862-877. 673.

(Bi H, Liang H L. Resampling methods and machine [17] 3%, My, 220, % R Ut 1 RIS SRR 0. &

[16]

learning[J]. Chinese J of Computers, 2009, 32(5): 862-

877.)
Liu Y, Yu X H. Combining integrated sampling with

SVM ensembles for learning from imbalanced datasets[J].

2441, 2007, 18(9): 2412-2422.

(Wang L, Bo L F lJiao L C. Density-sensitive semi-
supervised spectral clustering[J]. J of Software, 2007,
18(9): 2412-2422.)



