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New Associative Classification Algorithm for Imbalanced Data
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Abstract The rule-based classification algorithms, which have good classification performance and interpretability, have been
widely used. However, the existing rule-based classification algorithms do not consider the case of imbalanced data, thus affect
their classification effect on imbalanced data. In this paper,a new associative classification algorithm ACI for imbalanced data is
proposed. Firstly.all the association rules are generated. Then,the rules are pruned by an imbalanced rule pruning method. Final-

ly,the remaining rules are saved in a CR Tree for new instance classification. Experimental results on 27 public data sets show

that the proposed algorithm performs better than the compared algorithms.
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Fig.1 Diagram of imbalanced association classification algorithm
2.2.1 F A KR

e WS BURE D, e/ 3R BN BUE minsup , B /NE
15 BT AE mincon f AR /NR A BIE minK . ACL7E A4
AL OC R B B, B OSE M E CCFP BT, 4% U5 fif I CCEP-
Growth B 3L CCFP A v 42 i G HL U

1 CCFP ##f #4

g CCEP iy, B ety dt misk 3k H, i Ji$iie 4k D, 0
BT SR BE KT minsup WA BTG, I 50 B I MR SRR
KBTI AN H, H R — 550 5% L — 900 % 050 K%
HHE,

WhE AR BREE - AR A R R T, ¥k
D iSRRI AR T b, 3 A — &350 d; B, R T 45,
R B 2/ 25 Current, RUGE 7 H A Y R4 2031,

X T YT RAR BRI I, R d AE T, N
W= I, WH d B 1,. B Current [ F 97 /5
Node #1432 1, . PR F 77 45 Node % B 4 X /55 41 Current,
RIGURSL T H, AREE N — 0235, 402 Current (5715 55
MRS I T ER 1, TR — 18 N AER Current 1Y
T LI N B8l Current, T H A 84 g %1
SRR IR, BIMCAR 5 50 R B 9219 i 21 1 1) T4 % 7 11 4% A
FebRe th g WA KK EAT, H B H 38 5 5¢ . CCFP-Tree
M 5E R . 7R CCFP B b HA AR () Ja A 1) <2 451 T LA e 52 iy
2% FE A8 A5 (R B [R) B 26 ] DL {8 28 1 0 0 A

2) IR HL ) 4% 4

CCFP W #4 @ bf 2 )5 , % 2 i 1 CCFP-Growth 55 ¥ 7
CCFP # o ¥ 38 Br A 6 /& minsup, minconf Ml minK 04335
DRI 42 4 o AR A T 3 5 i O AT . MY RO IR
SEIEHT A A A S T SRR SR T N CCFP-Tree
T 55, 2 55 3k UFY 325 60 25 9 R AR L B R B AR
2.2.2 MK

fii I CCFP-Growth B8 A LT A 16 2 e/ S HE B B A
JEE 0 T (6 1 A BR ) Fr) SC B R0 22 )5 5 g W] LA AT R0 R BT
TEZEAT ML BT I ACT i 1 — Bl S 24 4 K000 6 99 05 . i
7 1 e f A Rt L U AR AR SR R LB AR R O (E AT HE
7 A5 2L B RN AR & R, SR JE X5 R il B0 AR K i AT
i [T R < X — AR o, T BHR A DK - B 35 11 55 B

Xof R A R0 T o A B0 1, SR - WA TE S AT AT S, DK -
MR M BR . T Ak PR S A [A] R, ACT XK [ (9 24 5 &
TN T 04 H 0N B 26 SRR Limits, 47 35 9% 5249 14 0 00 4% %
X NS Limir B K S BN D I BR . 7E Rl — 2k AR
I R O S A e RO A R U ) S R R A B L TR
i 190 0 K R 0 i T
2.2.3  FLW Ak

L 2 5Y 2 S5 . ACT 4 F8) 4% 1 80 ) 77 % B CR W07,
CR M2 — B a7 284, B A AH [ M i B0 00 2 2w 4%, fii
CR R £E At B8 R AT LAAT 24955 8], 38 1T LN CR A% J7 i 4 75
FHLI . 7 R — S H AR 1 B0, K H 00 Jr A 26 0 S ) R 0
PR A 55 Sl F 4. J34h, N CR W AT LUAR 25 5 b 15 3 41
M B9 HEF . CR B B9 H2 F1 CCEP W fil 44 2 it F2 25 01, 0 o 2
it I Sk 36, I DA 25 B F 4 45 B AR U3 AR o
2.2.4 #EHGSE

of B0 S0 o AR AR T 6 T S 1) A O B RN U Ok A S
d AR, WIRPIAE 5 d BRI B A A B9 26 4
2 T S A9 ) 2 o 85 I e 3o 4 O T R T 1 2 A 25

W T d BRI ELA A [5] ( 2RAR 25, AR 48 28 45 45
W DCIEHLIN 4320, HL AT AH TR AR & R0 09 R — 2. 439033
o 2R U 9 PN D B A 4328 B B AR (A
T X6 I 9 2R 4 . AR O (Y BRSO R R

PRI (D
max X
Horb max X R HN r=X—>c R B,
max X = (min{sup(X) mup(c)}*w‘ [ Tle
(2)
_ 1 1
e_sup(X)sup(c)+Sup(X)(|T‘ *Sup(c))Jr
1
(\T\*sup(X))sup(c)jL
1 (3)
(T —sup(X) Tl —sup(c))

3 BEEILARERESN

3.1 HiEXH
ACT I S B R PR o3, 5 — AR Je A AU A 2l A0 45
U A oA O % 5T IR O A 1 A AR B A A e R Y
ZJE KRB B CR B 5 58 — 88 70 2 56 T CR A 415 i1 7 52
Bior26. SR 1 gl T REELG Ay SIS R P AR .
R A LS I8 & D, LK 4 DS BE R $ minsup,
minconf sminK M limits, HiiH E— N FEHETREAHTRE
S35 1 CHEALIN Y CR A,
Bk ACTBAL 2 72
A D A Il 25 B R 4K s minsup 4 SRR EE B (A s minconf A B {5 A 1
{H s mink R 8 B {H ; limits 2y 5520 HL) 455
4t : CR-tree S A7t 8% B9 22 5 #0001 g
1. T. H=HeaderTable(D, minsup)
2. R=Node(NulD) ;
3. T. root=R
4. for each d €D do
5. ¥ dA T
6. end for
7. a=Null



490

Computer Science iTHENE#  Vol. 47,No. 6A, June 2020

8. RS=CCFPGrowth(T,minsup,minconf.mink,null)
9. Rules=RulePrune (RS, limits)
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12. end for
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Table 1 Dataset
R . ] o s ol s A SHE HHE
%5 HAEE EH B KHHK O REAK EH% LE R
1 abalone-17_vs_7-8-9-10D 2338 2 9 58 2280
2 abalone-20_vs_8-9-10D 1916 2 9 26 1890
3 abalone-21_vs_8D 581 2 9 14 567
4 abalone-3_vs_11D 502 2 9 15 487
5 car-goodD 1728 2 7 69 1659
6 ecoli-0-1-4-6_vs_5D 280 2 7 20 260
7 ecoli-0-1-4-7_vs_2-3-5-6D 336 2 8 29 307
8 ecoli-0-1-4-7_vs_5-6D 332 2 7 25 307
9 ecoli-0-1_vs_2-3-5D 244 2 8 24 220
10 ecoli-0-1_vs_5D 240 2 7 20 220
11 ecoli-0-2-3-4_vs_5D 202 2 8 20 182
12 ecoli-0-2-6-7_vs_3-5D 224 2 8 22 202
13 ecoli-0-3-4-6_vs_5D 205 2 8 20 185
14 ecoli-0-3-4-7_vs_5-6D 257 2 8 25 232
15 ecoli-0-3-4_vs_5D 200 2 8 20 180
16 ecoli-0-4-6_vs_5D 203 2 7 20 183
17 ecoli-0-6-7_vs_3-5D 222 2 8 22 200
18 ecoli-0-6-7_vs_5D 220 2 7 20 200
19 flare-FD 1066 2 12 43 1023
20 glass-0-1-4-6_vs_2D 205 2 10 17 188
21 glass-0-1-5_vs_2D 172 2 10 17 155
22 glass-0-4_vs_5D 92 2 10 9 83
23 glass-0-6_vs_5D 108 2 10 9 99
24 led7digit-0-2-4-5-6-7-8-9_vs_1D 443 2 8 37 406
25 yeast-0-2-5-6_vs_3-7-8-9D 1004 2 9 99 905
26 yeast-0-2-5-7-9_vs_3-6-8D 1004 2 9 99 905
27 yeast-0-3-5-9_vs_7-8D 506 2 9 50 456
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Table 3 Comparison of number of rules for minority class

between ACI and CMAR

ACL » # %  CMAR D # %

B & NS 5 5 %
abalone-17_vs_7-8-9-10D 1730 51 21
abalone-20_vs_8-9-10D 1300 20 10
abalone-21_vs_8D 976 24 8
abalone-3_vs_11D 764 4 2
car-goodD 712 45 16
ecoli-0-1-4-6_vs_5D 272 18 9
ecoli-0-1-4-7_vs_2-3-5-6D 548 30 15
ecoli-0-1-4-7_vs_5-6D 397 29 13
ecoli-0-1_vs_2-3-5D 408 21 11
ecoli-0-1_vs_5D 196 17 8
ecoli-0-2-3-4_vs_5D 432 20 10
ecoli-0-2-6-7_vs_3-5D 320 18 9
ecoli-0-3-4-6_vs_5D 140 22 11
ecoli-0-3-4-7_vs_5-6D 564 24 12
ecoli-0-3-4_vs_5D 464 20 10
ecoli-0-4-6_vs_5D 220 22 11
ecoli-0-6-7_vs_3-5D 320 18 9
ecoli-0-6-7_vs_5D 152 18 9
flare-FD 20586 131 54
glass-0-1-4-6_vs_2D 512 4 2
glass-0-1-5_vs_2D 0 0 0
glass-0-4_vs_5D 1280 6 3
glass-0-6_vs_5D 1216 6 3
led7digit-0-2-4-5-6-7-8-9_vs 1D 768 40 20
yeast-0-2-5-6_vs_3-7-8-9D 752 34 17
yeast-0-2-5-7-9_vs_3-6-8D 1200 74 37
yeast-0-3-5-9_vs_7-8D 448 12 6
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Fig. 2 Influence of rule number threshold on classification effect

of ACI
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