ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 35,No. 4,Jul. 2020,pp. 630—641 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2020. 04. 004 Tel/Fax: +86-025-84892742
© 2020 by Journal of Data Acquisition and Processing

BHENMEEEEREBARARMEAE
oM KRR BRI, RER

(1. YIS K 2 B B2 2 Be , JURE , 6100665 2. DU U K~ 8 BB A5 2 5 8 75 B BT ST T , )R , 610066)

B E:REAERRAARTAH LA EEMIERG T LR CEMIINARERTHREINEE
AR, 2R AANE EZANK AR AR LANEZ ARG SRS EME, ZEEIR AN RELA
BRFEN . ALK TABAMRE FIRMAESLREZAMEEEZFMRL B LK BRLAN, @K
B EAZ B AR, R AR Z AN AR EANE B R A AR AN &, F B R A TR U2 & A
BACIE R AR TARZIANZRZE RBELRAERARFRFTRBARGMEET, RARRELAEHNS
UCIH B ERAZBIERERE ik, ATART R, BXEEEZE BREAHH LA Z R

KT . AFIRAAE LR 13 B AR EAME B B R M B A B

hESES. TPIS XEARER A

Neighborhood Complementary Information Measures and Heuristic Attribute Re-

duction
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(1. School of Mathematical Sciences, Sichuan Normal University, Chengdu, 610066, China;2. Institute of Intelligent Information

and Quantum Information, Sichuan Normal University, Chengdu, 610066, China)

Abstract: The information entropy system serves as a fundamental theory of uncertainty description and
approximate reasoning, and it has been introduced into rough sets to implement data analyses and
intelligence processing. Classical complementary entropy, conditional-entropy and mutual-information can
effectively describe roughness and fuzziness, and their system expansion has application significance. In
terms of neighborhood rough sets, neighborhood complementary information measures are extendedly
constructed, and their heuristic attribute reduction is investigated. According to analytical simulation and
granular replacement, neighborhood complementary entropy, conditional-entropy and mutual-information
are defined, and their system equation, double bounds and granulation non-monotonicity are achieved.
Based on the neighborhood complementary mutual-information, non-monotonic attribute reduction and its
heuristic reduction algorithm are proposed. The validity of property and algorithm is verified by decision
tables and data experiments. By virtue of neighborhood expansion, relevant information measures and
attribute reduction have application prospects.

Key words: neighborhood rough set; information theory; neighborhood complementary information mea-

sure; uncertainty; attribute reduction; granular computing
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MI(D;A)=H(A)— HC(AID)=H(D)— H(DIJA) (2)
Ko
|D | |D |D | |Dj|
Zwmww Ewn WV 5
''''' L2 130D, 215~ D, <venl[214 DD, —[ 214

HCAD=22 g o 22 o U

i=1j=1 i=1lj=

E HE 268 3% U/IND(A)=U/IND(B)Y Bl VY[x],€U/IND(B), 3[x2].€U/IND(A),

st.lx]sS[x ],

H(A)<<H(B),HC(DIA)=HC(D|B),MI(D;A)<<MI(D;B) (4)
%ﬂ1%&Tﬁﬁzﬁﬁﬁw%,ﬁﬁ&%%mﬁzmz%ﬁquumz“ﬁ%
p@xnmabﬁ—%PQlWﬁ*mﬁﬁ R p (1 — p ) 2 0 1 B 5B 3 — plog p

HEATAR B AR I, DTk — 37 28 S 0 M e 220 T 2% 1 SR UL R 8 R M AN SR S
AN EAF B R A S5 T P R A5 A 22 B] I AE B G R A G R T LA BE HORURE M 5 BRI 1 S5 S 2
PESL, F S b, U/IND(A) 5 U/IND(D) B A & T 4 M ) 40 i 7 48 1, #2801 b s B
H(D),HC(AID )7 BIX R T2 L1 H(A),HC(D|A); £, %2 B 152 Bt 5 B AME B B 1) R4
TR E 2 W 3R B AN B R G B R SRR b R AK OC R U/IND(A)= U/IND(B) W]
AC B,

A0 TR B B2 2 2 BUOMLRE 4R 1 4 i, LR AL R AR R 02, XK ER DT i A={c\,-+.c, ) =C,

l

DU S XsF 0 B S R B (e, y )= EV x,c)— f[(y,en)l]| o AR p= 11 Manhattan 5 25 R, il

RS0, M W4T IR 7 (2)={yEUld,\(x,y)<<0} 1T LLIE S4B % & NR, ={(2,y)€U X
Ulyen) (a )Vﬁ%ﬁﬂ%%LUNRA {(ni()eeU={ni(x)y, ni(x),}, K ni(x) (i=1,-,n)
R n AR

EE 3 (1)F 0, <0, M VxeUH ni(2)Sni(x). #H 0=0, M n’(x)=[x]s. (2)F
ACB, Y2 UF n’ (2)2nh (2T dic U/NR, = U/NR}).

A1 5k T FC R 3 205 4 A A SOHT RS 4 2 TRV B R A . R TR B 3, AR LA SR 0 =0
SHGE AL, B0k 18 A B 45 4 2 ELAR SRR 45 18 1k B 25 MUBLRE 52 5 BE AT, AR B 56 TR 1 T4
Z 10 B 33X R R SR BT B T R
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ZMHAME B RS SE ] T2 MORBS A o BT XS 5K A9 SR BURLRE 48 , Ay B AR 8 AR B AME BB
EOULEEERY K SHBN A T EEH XN REKR DT LA E F UNR,=
(nh(2) i€, n} 5RH D U/IND(D)={(D,[jEL, - ,m }.
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SEEEL. EM2EN T MEe R U o o 6 o o«
TP . AN B R AR A B R Ty o 08 L0 070504
SR AR, R e Akt gy e 00 08 06 0509
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BI1 W& DT IR LR UIND(D)= e
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E%ﬁo%ﬁ%?ﬁJﬂmQ@m%N¢§iﬁ%ﬁﬁﬁ;
3 4 2 5 2 5 2 5 1 6 1 6

(1)NHg({(l,(,z,(,g}):7><7+7><7+7X?+7X7+?X7+?X?:11020,
2 1 1 2 1 1 1 1 1 1 1 1

(2)]\]HC[)({Cl,Cz,Cg}):7X7+7X7+7X7+7X7+7X7+7X7:01633,

N T e = )

22 1. 2 2 3 1. 2 1 3 1 2 1. 3 1
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F2 ETEMEENSERES

Table 2 Neighborhood and coverage based on attribute chaining

Sg {c1) {cr e} {creaes)  {enenesed  {enenescnes)
7% () { &1, 200,05,24,25,26,27) { &, 20,25,25) {2y, 25,25} {x,25) {2}
7’ (x5) { a2, 25,24, 25,26,27) { &1, 20,25,24, 25,2627} {x,2,} {x,2,} {x,}
n% (3) { 21,0, X5, X4, X5, 36,07} {2, 20,25,25} {1, 25} {xs} { x4}
n% (xy) {a,20,25,24,25,26,2;) { &g, 24,275,207} {xy, 27} {227} {xy)
7% (x5) { &1, 20,05,24,25,26,27) { &1, 20, 05,24,25,26,27) {xs}) {xs5}) {xs5})
n’ (x4) {a,20,25,24,25,26,2,) { 26,27} {26} {26} {26}
7% (x7) { &1, 29,05,24,25,26,27) { &9,24,25,26,27) {xpaq} { a2} {x:}

{21, 25,25,25) {x, 25,25} {x, 25} {x}

s { &1, 29,05,24,25,26,27) {x,25) { x4} {xy)
ny (x;)€
U/NR, { &1, 20,205,204, 25,26,27) { 25,204,252} {x, x5} {xy, 27} {25}

{xs,27} {xyx7} {xs} {ay{ x5}

{20,204, 25,2627} {as){as) {26} {ag){ a7}

®3 ETEMEENSEHEIMEEER
Table 3 Neighborhood complementary information metric based on attribute chaining

JEH {c1} {creq) {cre00q) {cr o cq04) {crencaeq 50
(1)NH,;(A) 0.000 0 1.020 4 1.102 0 0.7755 0.857 1
(2)NHC,(DIA) 0.489 8 0.816 3 0.163 3 0.040 8 0.000 0
(3)NM1,(D; A) 0.000 0 0.6327 0.591 8 0.449 0 0.489 8

(4)NH4(D) 4 0.489 8 1.4490 0.7551 0.489 8 0.489 8
(5)NHC,(AID) 0.000 0 0.387 7 0.510 2 0.326 5 0.367 3

TR IGR BT LK R G (8), R 3R 3 5 (3) 4 BB A% T 50 (4)15 ()R BE | {H Yy 22, 4%

T ()5 G RE R M2 . AN NH, (D), = H(D)— % xS 3 % 04898, % A BL{ cpc,) 5k

{er,cop s ) IREAN AR50 J2 A% KT 50 UL, NH, (D) 4 MR T A T AS [ 3 AR T D R H (D), k1
NMI,;(D; A)# H(D)— NHC,(DIA)#eit 1), f )i AR AR S o f b M 18 5% 1) 3 55 404k, X
5 i B AR S ST R v R B i g TR A U T BT A B R R RLAL AR SR . OC T B MR BE , B
SR ICFE BA I (B Ve e UA 0l ) (2) 20, (2) 2 Dnfe () BEFEE BB L RIBE"S
“ R BRRLE A G R AR A B 2 P BB s R A B B |[U/NR, |= 1<<|U/NR,,, .,)|= 5<
\U/NR,.,.,.,|=6>|U/NR,, ... |=5<|U/NRJ|=7.

EHE8 & U/NR, > U/NR,, WEFA B EAME B ERIEA S B LKA RENE
(L RO LR S AL R BRI RN KR

(1) NH,;(A) 5 NH,(B); (2) NHC,(DIA) 5 NHC,(D|B); (3) NMI,(D;A) 5 NMI;(D;B);
(4) NH,; (D), 5 NH, (D) ;(5) NHC,( AID)5 NHC,(BID ).

BT 1A 50 P, B 8 H AR AL 5 RN AR I T M S R R Ak AR B M . 32 B R 3 b
AR OCHLH . St b B B 2 BT X 2 2 A R v R R TS 2 R H T

NG
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B RN

3 ETMBEHERRHNEBEAXEEAE
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e SRk R LR R S AR R

EX3 HETHKEEXRDT, RS CHHI CH—NAE 4 (1) NMI, (D; R)=NMI,(D; C)(2)Vre R,
NMI,(D;R—{r})<<NMI,(D;R).

EX4 EHacA,ac(C—A)KT AN SN EZE 55 0 sig, (a,A,D)=NMI,(D;A)—
NMI;(D; A —{a});sigo(a,A,D)=NMI,(D;AU{a})— NMI;(D;A).

X L) 24 87 3 SR A 1 4R 35 B D BLAR R 8 S 3 R IR TR AR 40 L A R O 1 Bk A T A v < ST b
BT, WEHEE sig,(a,A,D)RRTEA TR JEPE o 77 A 09 5 T 483 AN 545 B A5 Bt , i oh 5
B sigo (a, A D)RIETE A FIGINE Tk a 7 A AR B &, 79 35 $ 4L 1 PReskl 24 7 09 Jg PR B AL . 5
NMI,; (D; C—{c})<<NMI,(D; C), leh} A sig,, (¢,C,D)> 0,8l ¢ T CREER, Bl LIME CHE
BEMETF L. B, sigo, (a,R,D)> 0B a ¢ T R JZ T B A, PR A DL 36 B fie K A0 J 22 B2 1) ) 1 J
PEIMA R DL SE jii PR ST o T R X P R Ok Bt — A B R U R, DU A B — A
21 o

EiE 1 AT OANEAESNE ARG LA

WA RIEEDT AR 0

B LT AR E AN AR B R EARI R,

Step1 #ER=(;

Step 2 Ve, €C, 5 sig,(c,,C,D), %7 sigy, (¢;, C,D ) > 0, WSt 885 R < RU{ ¢.};

Step 3 fr;%:?ruuﬁm#mp.awm, D;R) 'ﬁNMI D;C),# NMI,(D;R )= NMI;(D;C), Il
NS5 WA 440
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Step 4 Vaec(C— R), 5 sigo(a,R,D), I 1% £ 40 8 @ 1k o 2 5 5 K 8 P o, 347 050
R<RU{a"}, 31 AL TE 3;

Step 5 Vr,€R,# NMI,(D;R —{r,})=NMI;(D;R ), MHATEH R<R —{r};

Step 6 R R,

VL VARAR T SCHER[ L5 TR Al SR 0 58 1 25 0, O 32 B R F AR S b B A% 8 B S0 M o 8 R A7 J5 R oK
R R, LRIH#ETGM. PR2ETHNEEE R L MECTIARZEBUIFEAIMAR, L5E
SR LM IFAN AR A RANE R 2955 1 2%, Wk A D B 4, 3 B K A/h 0 2 B 109 J 1 A DIl 1) 49 24 B
B (RO 55 155 ORI I B SR 31k AP IR 5. R SIRMMBR IR B M. Mk, DB 6 i th 25 28 . %
SRLVK R A PR AT 1) — A e T AT S B R AR L i P 2 RT AE DG B [ B % B R T AT Y,

B2 ETH 1A RERIAACEE SIHE, T E B IR E LA S Bk, P58 1A
R=0C. L8218 CFE Ry oy 2

sig;, (¢;,C,D )=sig;, (¢;,C,D)=sig; (¢,,C,D )=sig;, (¢;,C,D)=10.0408> 0,

sigi, (¢,,C,D )= —0.1837<C0
HHH B { e s cn o AN T ERPETRER AN R b I R I N R={c\,c5.c0, 0500 HIRITTHEA
NMI;(D;R)=0.6735>0.4898= NMI,(D;C)

Tl R 2R 450 1, AP IR 50 A0 3R 5 S0 S 10 U AR S BR . FR

NMI,(D;R —{c¢,;})=0.5918<C0.6735,NMI,(D;R —{c;})=0.7959>0.6735
W R BE ¢, TRER c1hcuycs0 HREFT N R={c\,csc5)0 H

NMI,(D;R—{c¢,})=0.8367>0.7959

WM o), PR coveso HREH NR={c, 5} H

NMI;(D;R —{c¢,})=0.3878<C0.836 7, NMI,(D; R —{¢s})=— 0.2245<C0.836 7
BB, 2B 6 i il e A AR AE SR R={cu, 500

4 UCI##ELE

AT ST il SCH S 6 ke 5 IR S8 U E MG &0 5 D S A AR S b AR R R A A SR A D R
FARIR B AR B M a R ATRE 1. BARM UCTHLE 2% > B4l % (http://archive.ics.uci.edu/ml) BEH 5 254k
PEAENF 4), B JE R F R -t/ M AL B s Tl ik 34, 475 F Mlanhattan 5 25 o6 550, SRR 2 003K 4

Fza SEUCIHBEHR
Table 4 Description of five categories of UCI data sets

bR a4k A5 FEASL  FRMFmvEg Ry des ARk AR
(a) Breast cancer coimbra BCC 116 9 2 1.2

(b) Breast cancer wisconsin BCW 699 9 2 1.5

(c) Indian liver patient dataset ILPD 583 10 2 0.9

(d) Wine Wine 178 13 3 1.8

(e) Tonosphere Tono 351 33 2 8.5

Ay 48 A A A TR B { ¢} 1,00} C oo © CORBETE {1, el = (AL)o R BL

J% 8 NH,(A,),NHC,(DIA,),NMI,(D;A,), % 524t T W T A . 09 F 415 BAH, I’fllﬂ“J ﬁéi{éé&zﬁ
5 28 (R AR AR 6T I AL B4 &, 3P RE H 8198 8 NH,NHC ,NMI), 3T F 5500, 4K 1as, 3FE W
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RS SEHMEXTEHEENIMHTEENMSEE
Table 5 Three kinds of neighborhood complementary information values for attribute chaining with five cat-

egories of data sets

ﬁﬁ% Tﬁﬁl}’;ﬁ Al AZ A3 AJ AS AG A7 AX Afl AI() AH A]Z A]X
NH;(A) 0.0000 1.5343 6.5408 13.4605 17.137 2 23.2151 23.6928 21.9603 17.4359
(a)
B NHC,DI|A,) 0.4946 12.1070 31.3915 36.356 9 31.8435 20.5132 12.4695 8.3050 3.846 0 — — — —
CcC
NMI,D;A,) 0.0000 0.8264 3.3276 6.7118 8.5611 11.5917 11.8587 11.0608 8.838 0 — — — —
NH,; (Ay) 0.0000 1.4355 26.1220 53.3437 58.154 8 49.673 6 54.493 3 45.297 2 45.654 1 — — — —
(b)
NHC,DI|A;) 0.4550 5.9080 29.606 8 22.826 4 15.3603 4.2008 3.1663 1.5142 1.2527 — — — —
BCW
NMIL(D;A;) 0.0000 0.904 3 18.8525 40.028 8 43.516 4 39.686 2 45.077 9 38.3957 39.046 0 — — — —
NH(A,) 0.0410 1.1052 5.2938 31.2828 62.6615 68.156 2 72.056 1104.323 5106.903 4 97.825 2 — — —
(c)
NHC4DI|A;) 2.8055 0.7366 5.0386 25.6095 50.8156 52.0823 54.081 1 60.158 2 38.666 1 25.596 9 — — —
ILPD
NMI,D;A,) 0.0235 0.4758 2.2603 13.0250 25.8224 27.873 1 29.3498 42.718 3 44.357 3 40.953 8 — — —
NH(A,) 0.0000 0.0000 0.0167 1.0177 4.0479 15.627 1 31.5759 40.1416 40.0026 35.9799 31.5395 26.6218 21.1528
(d)
Wi NHC4DJ|A,) 0.6583 0.6583 1.9518 18.887 3 50.147 7 90.152 3 59.7807 31.3835 18.9216 8.3573 4.2930 2.0860 0.3948
mne
NMIs(D;A;) 0.0000 0.0000 0.0116 0.7225 2.7266 10.9214 23.7498 31.1826 31.289 2 28.958 7 25.496 6 21.266 3 16.821 3
NHy(A,) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0453 0.4451 2.9786 9.878 8 21.8854 39.153 2 51.0552 56.748 3
(e)
. NHC4DJ|A,) 04602 0.4602 0.4602 0.4602 0.4602 5.0040 21.9978 51.1359 81.8056 99.6728 99.497 7 79.361 6 62.754 5
ono
NMIyD;A,) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0292 0.2757 1.7406 5.6741 12.6552 21.5069 27.071 3 29.610 1
40 70 110
35¢ —— NHC 60k —— NHC —— NHC
—— NMI —— NMI 90 —— NMI
301 sob so b
251 70 b
o & 40+ @ ool
I8 20 E] ry
® 30+ i
15r 40 -
10f 201 30r
20+
L 10 L
3 10}
0 1 1 1 1 1 1 0 1 1 1 1 1 O 1 1 1 1 1
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9 1 23 456 78 910
B A B A B A
(a) BCC (b) BCW (¢) ILPD
100 110
—— NHC oo| — NHC
80 - —— NMI —— NMI
70t il
60} Zg I
50 B oL
- 40 & sof
i 40
30+ 30k
20 20k
10 10}
0 1 1 1 0 b A 3 1 1
2 4 6 8 10 12 2 4 6 8 10 12
BHEAS BHEA
(d) Wine (e) Tono

Fl1 528 UCIEHE AR G T @ L1 B 1 3 A &R Ik 4 ME R Ay Ak J R A2 1k
Fig.1 Non-monotonic changes in complementary information of three neighborhoods of attribute-added chain in five

categories of UCI data sets
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GURaE IR R o E I R0 i R R B AR N #6 WHMEETHAMER
BB AR BEBEAM, B VMW A 8044 Table 6 Reduction results under two algorithms
R(F6 7). Lk Rkl SCHR[15)5 %

AN SCRE T 5 AR R AR OC T SCHR[15], 0 TARERT  (2) {er e, a0} {er e 0
Fe L, #h 78 7 SCHR [ 1510015 B0 18 K 580 it B 405 S 56 (b) {c1, ¢35, Cuy €5y Co) {er, ¢, €3y €y oy €2
hR I TR AN SA B . R T MG E R, (c) {er, ¢y sy co) {e1, ¢y oy 10}
MRS 1 M H 4 1 3P (45 R S5 R S £ (d) {er, 7y croy iy sy {er, €y sy 01y oy €l
R, e R AR B R SR 1SR, O A G {c1, ¢, €5, Cuy €5y C1py {Cr, oy €y, Coy €5y Cras
SCHRIIST A AWM 6 R AL el ae) e o)
VR MG R (R 6 20 2) B B U] b iy 22 S s e B
SCHR[15 PR VE Y 2 g0 Ab B LU B0k 1 75 B8 2 1 F ) o 2% B SR a5 R X Lbml L, IS5 B mH B A —
FRARMLLAE L (ELIS 6 09 249 fa 25 SR B AT 28 SR, T13R S(a) 1 { ¢4, 0, €6, 0o} {01, 00, 05, 00} 55 IXRIORH A 5 25 53 1
R T W Y BE AL o BE TR OG0 A, P BB i LA A [R] A8 AR B SR AN, AR X Bl 245 B Rl G i 00
TLNEE p(1— p) 5 —logh A HE B WL 35 P A0 1 25 5 o (HJZ 3K P B8 2 A RO 22 S AR A h & R
AR DT S50 i3 2 Ja e 110 35 45 55 W, BRIV b B2 B B AT A [R) 9 24 17 R R O o R A R TR
[f] o Wb AR SCHE 16 SCHR[ 15 187 19 52 1) TUAR IR BT BEAT T S5 K el | S 36 v AR AR 0T s 0%

5 HRIE

BE T M RS ADL 5 0R A i, A SOH 28 SIOHLURS £ 19 28 i B M5 B R R T 3 408 SO A £ 14 408 Jel L b
R RS TARIN R R LR H (D)8 NH, (D), AR, 3145 R0 Ak B8 1 30 J8& Sk s Ak A B
PP, R R A 3 1 OC T IR AL 5 WU SRR T o Bk T AR B AN AR R B R AL AR R 1, 42 R R 2
LR R A2 IR JE AR S SE R AR E T OF T 45 AR p A Rk o AR BRE AME SR S R 2
A S ABL A IR A 5T 5 107 Y, 481 G vy LA 2 6 1 48 3ol B D R 1R VR 1 S PR 2 T AT R S5 N o
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