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Improved Rule Based Classification Algorithm with Multiple Covering Instances

Zhou Zhongmei', Li Shasha’

(1. College of Computer, Minnan Normal University, Zhangzhou, 363000, China; 2. Auhui Open University, Hefei, 230000,
China)

Abstract: There are three problems in rule set which is extracted based on classification algorithm. First,
too few short rules in the extracted classification rule set decrease the number of high quality rules. Sec-
ond, there are such few rules in rule set that almost all of the examples in the training data can be covered
only once. Third, despite lots of extracted rules, some examples of small classes in the training data fail
to be covered by any of these rules. Herein, a modified example multiple coverage classification algo-
rithm RCIM, which is based on generated rules, is proposed. Here are the features: (1) for the purpose
of improving the quality of rules, not only the quality of attribute value but also that of its complement
can be taken into account when choosing the first item of a generated rule. (2) It can generate high quali-
ty rules at a time as many as possible. (3) It deletes the examples in the training data only if they are
covered at least twice. What's more, it can restudy each of the attribute value of the test data to extract
rules when encountering the data difficult to judge. The algorithm RCIM not only can efficiently extract a
large quantity of rules but also largely improve the quality of rules. Experimental results in many data
show that RCIM has achieved higher classification accuracy than many other algorithms.
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FRIU P 5328 J5 vk 46 ) I 2 5 0 i I3 — 2 0 D00 A Sy 3 2R R, O B T G R R 3 A A R S 491 ) 00 .
TR 53 25 T v T SR i IR R0 ) e 2 R U JB S R O RE IRCRR AR R Y A S M RS . H AT AR T
WA 43207 1k ETOR B AE - (D SR IO BN B 2 AN BE I8 B0 2R 8088 H i — A SE 0k 2 2% R ) 7 45
(2) I T 0 AN 2 o KLU0 BT 6 AN e 3 R 4 A R UK B K i O ) 1) SR B IR AN B R A
SEAFIVEE o (3D 20 SR AN - A7 B DI KA /N IS 1 — 2 S B 28 R R B AE AT — SR RN G

6 B A6 3% 42 M U 2 2 J5 3% (First order inductive learner, FOTL) 875" & 5 F 00 i 43 25 05 v
G B Wk R — A S & A IR 75 A5 B A v 3k BI04 7 A — A R ) 5 e
2 — R N AR RS % 5 4 A R0 DU 5 0 P A N 2 S 81 s A S O A U 2D 3R L R U R TP T A Y S
BEMER . BT U0 2R 80808 v i S ) B e R 00 A  — U N Bk FOTL 5395 42 T 43 248 A0 DU 48 179 38 8 ¢
PR AH IR 23 2 D) 4R b RO ) Bl R AR D R BAEA BN R R AR, —REZ ML FEDY
B 432545 ¥ (Classification based on predictive association rules, CPAR)™ #E 2K ME# % L F FOIL
SR VR R U YR IR & A SR U0 R X g A 32 BB i G Ji P (L 3 R O 1 s A v
B T A e A0 8 M 5 G 7% 42 26 BRI . PR o L CPAR B 3 R AN — YR B 7™ A 1 22 43 2B L T L 7™ 26 1
U AE rh AL B L FOIL 39k 218 2, Xt )2 CPAR /- B % LU T FOIL Bk — A1 HE
JE P o P A SR S A e R Y B M R R 0 T M O RO Y B 1 355 R 4
I S T R A R B R s R AR R M R R M A B S B A AU BOAR R
R G 1 B 8 745 00 D0 4 9 0 D 2 555 1 5 o T A 0] o LA it P R DU i 20 3 8 ST 461 A e R
W 25— WK, BRI UE o D SRR B3 7k A R S Bt b 09 43 2 eI S M) AR N o o 2R 95 Y5 2 Hh ek 9 3K 1 S0 B
26 W 5 W 445 75 (Classification based on pruning and double covered rule sets, CDCR-P) &k, Hi =28
R S R I 2B G T A IR B S 1) P G D e L X A 3 S Ji P A 0 i) A T A R R
IFAE B A T N7 0 2% 0 B0 122 ob R P 2R SRR SR SR ORI DN 5 JC K DI B8tk 0 AT 4 0L O X g 4 B
TWE SR BOR I . CDCR-P 5832 ] LU A5 )1 25 K408 v 0 4 4> S 401 BE Bl B8 U0 28 55 PO, SEIR 25 R 1
T U o E T4 IR ML R AT SR AN B8 22 L S UE B R AE — SE RS BN AN OCHRAr 2R 0T

Y OCHE A3 2 T vk A WA IR - (D) 45 7 fe /) SCHFBE AV /D AR R . (2) 32 Ul J2 T A 45 0
SR — 20 S e Ay S FL N 247 4326, 4 S B 43 2 (Classification base of association, CBA) 8y HI £ &
28 B 4325 (Classification based on multiple class-association rules, CMAR) & 3048 B F R B2k
AR AR R 200 IR 43 2 B L Bl 43 SRR Y 52 % BE 5 e o DR 3L 0 Sl i R 3 0l v T — 6L 4t
A T R DU ) SR L dn e R SR VFOTL B0k o AR T 24 I 2 B8040 2 AN 1 68 5080 I |l 7 DG 056 43 2 o
INSCA B R BR A WIS o R A A/ 2 1 — 6 S ) 22 AN R AT AT DG 1B 43 28 D) e T 5 0 A, O IR
432 A D) £ H A 20 R0 U] 7 A R R AIG S BB A b T R R S . TR R R SR Ay S R R
FR o A bR TR Ay R ER R

T SR Z2 B 0 RO R R RN DU (Y SRR ORI R N4 i B A DT B 1 43 S A ME R 2R AR S
B — o gk 0 2k TR0 0 S ) 2 78 15 19 4 28 BB % (Rule-based classification with instances covered by
multiple rules, RCIM) . RCIM 535 () 24 4 5. (D TESBOR IS 1 I, A% J& BT A & R (e
ARG W LT IR T B SR A T B MR AN IR . A SCHRLT )T DAE AR SR R R L R M N
I Ll B PR AR BT . 2 i (D B 1 G 4 2K B3k CCCS™ 4 i (Complement class support, CCS)
Jr 2R B R PR W AR EOOCH A SN . (2) P T 3 2 4R B W R A5 R 0 R (A R A A b IR AR



1234 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 6, 2017

SR TE S 1A 2 S B Jr RN o (3) S S ik 3o 4 RN AR T A L — U A R B 22 A MU L O £ I
B304 1 S 491 2 /0 ol B A D) R RO DA . () 22 S S0 T 3 T BT B L SR I Lazy ™ 2% 3 5 ik A
FHAZ AR S A9 4 Jes P (L S SO A I R4 EA T 0o > SR BOULN . S 3 25 SR 3 W] RCIM 5503k be LAt vF
ZEET T 0 MR A

1 HBXEX

R T A Ml M A R (R b DA R R RN A A IR R SR BE L B A B L FOIL 3 25 Fn 2 Tt
JE B iR PR A AF IR . SR Laplace 3 B B8 5 5 25 40 S0 09 47 I8 . | T S8 B R0 B AR BE i o LT 1
S N B SCHR BRI T BTN FOIL #8825 3 THBE 1 Laplace 38 B8 (0 52 S .
EX 1 HAEEME o W FOIL ¥4 35 Fr1c 8 Gain(o) , € X R
Gain(v) =| P* | (og | P* | /(| P" |+| N" |) —log | P| /(| P|+| N |» (D
Kb [P I GREE M T A B & A R o ECH s |NT [ IR BT A il b & A TR HEE o 19
BH I PIAINGE DA EGREHE | N[ il g e G i gcE
EX 2 BB o TR A Lift(o) & CH
Lift(v) =P(v U ¢)/P() P(e) (2)
KA PCoUo BINGRE T By L4, FEE A B AL o 200 ¢ MEE, PCo)F1 PCo 43 b I 2545 1 R
PR o B R FN 28 51 ¢ 1 BRI A 2
Lift(v) >1 FRJEMHAE v FIZEH) ¢ IEAE, Lift(v) <1 FRBHME v FI2 5 ¢ AMIE. Lift(v) =1
TR BYEAR o A5 ¢ R,
EX 3 (Laplace 5% E) &M » 1Y Laplace 3& FEAR 12N Laplace(r) s 28 LK
Laplace(#) =(N,+ 1) /(N,, + K) 3)
AN N - BN ZRAE 2 ¢ v SE A 3 T IR B N O BN - i I R4 rp S 5 35 R KA
PRI MEH .
B S 3 AT T, R 25 000 1 [ {5 B — R (R R X P AR Y Laplace 38 B R — 2 —FF

2 RCIM EiE 5

2.1 RCIM EEREUA M &L K 2.
1 25 B0 o 2R B A A TE S L HO AR 1 O 5 B 76 L K AT B B R L 7
b 1 o R 5 — A 2 S T 2K, o
) B L A 8 0 000 52 7 0 5 I hilﬁfifm
P J7 1 AR SR UIE 2 10 47 B0+ K e

AT L A 2K (0 H 0 5 TR R 4 2 0 1D Student Credit Income Buy-Computer
. ] l'l X Yes Excellent Medium No
%o ﬁt!?ﬁ’fﬁﬂ%/\éﬁ Hj E?@Fﬁﬁﬂ'ﬂu E/‘J zy Yes Excellent High Yes
PGSR . x5 Yes Excellent Very high Yes
Bl 1 YNGR ML 1 iR, BN RE X No Fair High No
3 AR & M, e )5 — %1 J& P£ Buy-Computer x5 No Excellent  Medium No
Fy i JE M A Yes Ml No Wik, &I 45 T No Fair High No
PR Yes R RIER. DN P H A X7 No Excellent Very hhlgh Yes
N - N e g s N N Fai Hi Yes
H B B R 125 30 NGREUE Sy r ° . 0 °
k) No Excellent Very high No

A, RCIM 3k 58 HUIE 28 Fr A7 0 40 ) 3= . .

xio No Fair High No

A AP ER X 4 DB IR
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(1) 42 HUH 2 2% 0 1 Ja P 8 P ) kb s A R BE Dy 1 R0 2 (9 6 1 43 R

VA8 /N SCHEBE AR/ B A5 BE 35 0 30 %0 B I h 4E vh A5 A4 Ja 4 8 R 4 #h 19 FOIL 1 25 Fn 42
TEEE 3R 2 B2 Yes SEG0 1 i A J& M4 (8 FE P B AN FOIL 4 45 Gain FI&TFEE Lift, & F, 3K 2
o I A I 45 Y B /N SRR R /S A (E B HLAR T EE R T 1 R (A R R PEE R AN AR AL I FL R
F, ={Student= Yes, Credit= Excellent, Income= Veryhigh, Incomes~ Medium} ,}% F, ¥ JC & W M 1% &
AR 2 I R F,  Fo ORISR W 2 oD KRR /N BE R HRFHEER T 1,
KR 2 MIWEES A FOM EF, hon R M A5 EE R 100 %, W) B3 AR O i A4y R S vp . &
oAV F, RPN IJCE Student= Yes A Income= Veryhigh 1 Student= Yes A Income7 Medium #] H
SR 1009, HAEA K2 9N Yes LI, F, dh H 450 % 4 Student= Yes A Credit = Excellent, Cre-
dit=Excellent A Income= Veryhigh #l1 Credit=Excellent A Income# Medium,

2 EMENUREMEEHE Gain 0 Lift &

Tab.2 Gain and lift values of attribute-value pairs and their complements

& TEH Gain Lift J& 1 AE 19 #b Gain Lift
Student= Yes 0.443 7 >1 Student= No —0.292 3 <1
Credit=Excellent 0.290 7 >1 Credit= Fair —0.204 1 <1
Income= High 0. 000 0 =1 Income# High 0. 000 0 =1
Income= Very high 0.443 7 >1 Income# Very high —0.292 3 <1
Income= Medium 0 <1 Income7# Medium 0.387 6 >1

(2) 7 B 4 R 14 2 HLI

KEA F SR F, GIFE ik E JFEsE Fob FOIL 1 25 Gain™>0 B IC R E N Fh 75 JF
7 2R b U R % IR FOIL 3 45 8 i R 2=/ AT HEF . x4 b 45> oo K RCIM 533 A il A A
Ko W WEEEPILE-DICER, BB 2 WREEEE D FOIL 4 5 KR HEME S « 84 W
1A X R PR o 1Y 25 0B I e RO T S o WA S . 3 A I o Y SR PR RO
PR AAAER) . Fh 2 FOIL 45 H A RIOTR 5 « A MR 2 MR X,

3 M ILR Credit=Excellent {25 FF 8408 4 19 B A7 J& ML B Y FOIL 34 45 Gain B9{H. M
3 A PLE B, 7E Credit = Excellent #9) &5 5038 )52 b B A & K FOIL 3 25 {H 9 76 &£ & Student = Yes, {F
Credit=Excellent [ 5 {4048 g A7 76 1 b7 4 v FOIL 3 25 {8 fi K 19 € % A Income = Veryhigh, ¥
XA ICE D9 5 I E Credit= Excellent %32, 15 3] {1 B 45 2K Credit= Excellent A Student= Yes Hl
Credit= Excellent A Income= Veryhigh.

NS S 20 B A5 Oy 10000, I K ax s R 3 Credit=excellent £ ENFHBEE

AR AR AL I B 2 SR 2 R S B A S R #J Gain f&

100% , i ¢ 4 =t iy R T B . W Tab.3 Gain values of attribute-value pairs in
94k 4 3 Bk 2 4 1 R AR o o e 1 R M M S i Credit=excellent conditional database
B N o 2 0 30k 010 £ A R Gain
15 B O 022 1 I {3 4 455X Student=Yes 0.2499
PR R A 2R g UK AR O RN . A 0 X Student=No —0.176 1
IF o FREIN 5 o o] i R 00 4 5 O e T R Income= High —0.176 1
SRS B 200 o R IBORIL U o R L AR 1 Income= Very high 0.249 9

(3) 30 2R TE 288 114 52 1) o 90 D) 6 5 7 O B A DU A Income=Normal 0.000 0
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RCIM 5 B — i 1 B2 114 Fr A7 0 2R 40 A6 B0 D) i o % i JBC A R D 2 o G e T 28 v S5 491 g 42 JEORH D
PO S 0 o G SR T 2 b S 401 AR O 5 1 B A D gk S 40 A Bk o B SR T 2 R O A T S A T
PRI O 5 P O LA O AR BB S ) i /N S AR B R B /N A R T R (L T A ST e e A L BRIP4

CA) M I e A T 288 1) 552 491 58 18T 2 BT A T D e 42

5 UCIE 28 9 S B 8 N B3 i« 7 LE 2 TP AT S0 A A D o A R0 Y R I A L O PR R R R IE 2R
S A M R o R0 S G R WA 2.

Bk 1 RCIM 83K MR e e 5 2 1L

AR T, Bk Foo F, i N4 R

ML R 25 WL A1 Q

Q. push(F)), Q. push(F,)

while ! Q. empty()

pattern x = Q. front() ; Q. pop()

if o 5 EAR RS

R EMEP R RICE p B TR RILE 2.

Ef x5 pisp.

if(E )G (x+ p,). confidence==100)// A5 & 100 Y% i}

R=R {x+p;}

else if (&3 J5 (x+ p,). confidence x. confidence) // B A5 EHF 2T}

Q. pushO

else continue; // & {5 & L& T+

end if

end if

end while

Hik 2 RCIM kS IO )

N NI T /N SFF L sup,,, - /N EAF B confi,,,

o AN R

ML R hyzss ik Fo L F, s

while [p |> 0

B v UL v, B2 B support, B {5 confidence, #H 5 B lift

T 2 45 5 /D SCHRFRE sup,, /N BAR BE confiy, S Lift =1 85 45 0 14 Ja % {8 75 21 00 0] F0 DG 6 1-35
I

HIOGHE 1-3i4E F, 15 2 5CHK 2-4E F, 57 ¥ 4k candidate

for each item p. incandidate

R T p BN

R=RU {r}

end for

— 2% S B A R ) A U B DA b O e R U i ) S 451
end while
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2.2 T ET SR

LT R F 43 24 B 1 3 R OK B A E Ol 100 Y6 BRI L Sk T X 4 3 S R A L fifi ] Laplace
94t J3E JRE i R DU 4 e IR K ke B R el DRI AL P HE P o R o 00 A 2 481 4 HE R D) £ rR 5 o S 451 D
TC B FIT AT R 5 X A 203 32 Y T 3 AR LI o AR B3 45 200 v LI 49 F- 4 Laplace 58 J5 , IF 28 JCP-
49 588 JBE 5 R 8 2 M Dy S A 0 S 081 9 K53 o S e O S B 4 I D 3k I 3 A W LG i L R T Lazy (1952
DT R 2T o IR R B IO A R I S A B — A JeR M R A9 R AR A B I R 4R HE AT ke
21 RIS R B HL I £ A U £ 5 g TIN5 9 o X6 5 9 i B0 4 e ity L0 3 A R R S AR
P18 DR 70N B R 0 /INHE Y 355 JBCHe T IAD 1 0 0 3 4

3 RCIMEESILBERSNHH

RCIM F3k7E 20 4> UCH fdla e 15 3 At 5k CBA,CMAR K CPAR #EAT 5B 45 R Xt H, 5
5 55 AR R ) 10-37 22 UK AETT i - BORE RO 48 10 AR UK P iy 9 Jr 4R 4R 46 LRI 09 1 44
TSR . SR A5 R 10 IR E5 R m P . S0 P /D SRR S BN RN 100
FOIL 14 £ Gain (¢ /MR 0.5, 78 ML $ A 3 A2 vh 2By B 45 LK T 45 T 6000 b, PR E b 7
R

FAME GG HT Bk 4 FhE CBA,CMAR,CPAR Hil RCIM [ 43 R fEff %6 . K4 )5 —
Fram iy TRAFREAE 20 DEEEAE AP0 RMERf A . th3R 4 7] LI RCIM 53k 17 2 20 v
AR T A S FAE . 1 E MR W] 4 PR A BRI SRR R L R R R T
RCIM BEE WG T e b 19 52 9 45

% 4 HE3% RCIM 5 CBA,CMAR,CPAR ## &3 L
Tab.4 Accuracy of CBA,CMAR,CPAR and RCIM

Bl 5 J& M 5 S CBA CMAR CPAR RCIM
Austral 14 2 690 0. 849 0. 861 0. 862 0.862 319
Auto 25 7 205 0.783 0.781 0. 820 0. 820 000
Breast 10 2 699 0.963 0. 964 0. 960 0.964 203
Cleve 13 2 303 0. 828 0. 822 0.815 0. 838 280
Diabetes 3 2 768 0. 745 0.758 0.751 0.781 200
German 20 2 1 000 0.734 0.749 0.734 0.751 000
Glass 9 7 214 0.739 0.701 0. 744 0.673 160
Heart 13 2 270 0.819 0. 822 0. 826 0. 840 700
Hepatic 19 2 155 0.818 0. 805 0. 794 0.865 417
Horse 22 2 368 0.821 0. 826 0. 842 0. 829 100
Tono 34 2 351 0.923 0.915 0. 926 0.931 825
Iris 4 3 150 0.947 0.94 0.947 0. 933 300
Labor 16 2 57 0. 863 0. 897 0. 847 0. 863 333
Lymph 18 4 148 0.778 0. 831 0.823 0.831 429
Pima 8 2 768 0.729 0.751 0.738 0.781 200
Sonar 60 2 208 0.775 0.794 0.793 0.802 857
Tic-tac 9 2 958 0.996 0.992 0. 986 0. 984 300
Vehicle 18 4 846 0. 687 0. 688 0.695 0.699 874
Wine 13 3 178 0. 950 0. 950 0.955 0. 988 900
Zoo 16 7 101 0. 968 0.971 0.951 0. 960 900
S 4 0.8426  0.847 2  0.847 3 0.850 400
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CBA, CMAR, CPARFIRCIMYEfi% 4} L1

K1 CBA,CMAR,CPAR #1 RCIM #Y #i#f K% Lt
Fig.1 Accuracy comparison of CBA,CMAR,CPAR and RCIM
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