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Extracting Association Rules in Three-Way Concept Lattices

LIU Meiyu, QI Jianjun, LIU Wei

(School of Computer Science and Technology, Xidian University, Xi’an 710071, China)

Abstract: Aiming at the problem that the association rule extraction based on formal concept
analysis focuses on positive association and ignores negative association between attributes, an
association rule extraction method based on three-way concept analysis, named 3ARM, is
proposed. The intent of object-induced three-way concept is composed of two parts, including the
positive attribute subset that expresses the semantics of “jointly possessed” and the negative
attribute subset that expresses the semantics of “jointly not possessed”. The 3ARM algorithm
uses these characteristics of object-induced three-way concept and the generalization and
instantiation structure of three-way concept lattice to efficiently extract the positive and negative
association rules. Based on the characteristics of the closed itemsets of three-way concepts,
candidate concepts containing frequent itemsets are selected from three-way concept lattices for
mining, so unnecessary searches are reduced. By studying the relationship between three-way
concepts, extracting non-redundant positive and negative association rules from parent-child
concepts, and then extracting the positive and negative rules from sibling concepts to supplement

the rule set, the knowledge in three-way concept lattices can be fully dug up. Experimental
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results on the MovielLens dataset show that using the 3ARM algorithm, when the minimum

support is 10%, 86 027 positive rules and 93 685 negative rules are obtained. The number of

positive rules obtained by 3ARM is 0.9 — 1.5 times more than that of FARM, reducing the

redundant negative rules of FISM by up to 28. 3%, and reducing the running time of the FISM
and FARM algorithms by 44% —63% and 27 % —62% respectively.

Keywords: three-way concept analysis; three-way concept lattice; association rule; positive

association; negative association
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Table 1 Formal context (G,M,I)

G a b c d e
1 O O O O
2 O O O
3 O O O
4 O O

(1234,(¢,9))

(123,(ab,9)) (14,(de, ¢))

(123,(abc, de)) (1, (abde,c)) (4,(de, abc))

(¢,(abede, abede))

K1 OEL(G.M.D
Fig.1 OEL(G,M,D
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1 for (X,,(A,,B,)) in OEL(G,M.D:

2 if | X;|<<s|G| then

3 continue

conf(—mC="D) =
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5 put supp(TB,=A)) into S

6 put supp(A;="B,) into S~

7 put conf(TB,;=A,) into C~

8 put conf(A,="B,) into C

9 for (X,,(A,,By)) in (X,,(A,,B,)). Parent-
concepts:

10 if supp(A,;=A, —A,)>s and conf(A,=>A, —

A,)>c then

11 put A,=A, —A, into R’

12 put supp(A,=A, —A,) into S*

13 put conf(A,=A, —A,) into C*

14 if supp(—B;="(B,—B;))>s and
conf (—7B,="(B, —B,))>c then

15 put T B,=>(B, —B,) into R~
16 put supp(TB,="(B,—B,)) into S~
17 put conf(TB,="(B,—B,)) into C~
18  for (X;,(A;,B;)) in (X,,(A,,B;)). Child-
concepts:
19 if (X;,(A;,B:))#(X,,(A,,B,)) then
20 if supp(A,=A,—A, NA;)>s and
conf(A,=A,—A, NA;)>c¢ then
21 put A=A, —A, NA; into R,
22 put supp(A,=A,—A NA;) into S*
23 put conf(A;=A;, —A, NA;) into C"
24 if supp(—B;="(B;—B;()B;))>>s and
conf(TB,=(B; —B, (1B;))>c¢ then
25 put 7B, ="(B,—B, (1 B;) into R~
26 put supp(—B;="(B; —B,(1B;))
into S*
27 put conf(—B,=>(B,—B, (1 B;))
into C

28 return R ,S",C",R ,S .C
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BB SC R R

IR 9O~13. 48 B X, . (A, , B))) FIACHE & 2 [A]
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Table 2 Association rules and their support and confidence

7 F ) AR BHFE
1 g=ab 3/4 3/4
2 $=>de 1/2 1/2
3 ab=>c¢ 1/2 2/3
4 Tg=>"e 1/2 1/2
5 =" 1/2 2/3
6 de=>"1c 1/2 1
7 e=>de 1/2 1
8 abc=>""de 1/2 1
9 “de=>abc 1/2 1

HU 1 ~5 e R H) Y A 106 R AT 2 G 6
~9 B MR AE . A AR R s A A R
IO 1.2 4.5, T UK 98 5 B A 08 5 R B i
B o N AR AR e rp L X LE RN AT LI
PP S (A 77 B M 8 TS 1 D s 4R B R0 — SR

3 S Ko Hr

SR H R T R Tz A A Mov-
ieLens 5098 % . %098 % 4H B 5 : User (userID, age,
gender, occupation) , Movie (movielD, title, genres,
tag) ,Rating CuserID, movielD, rating, timestamp) ,
Hopr, Rating &% 47 610 A I P X5 9 742 %8 L 52 19
100 836114,

3.1 EHN S

58 B E B AL BB A 5 57 OF 4]
SRS WAL A% . OF ML A% 20 75 21 1 A & 8
A F M & %t %5043 31 S 13 583,137 229, £ MLl 4
503 k10 787 .87 984, AT LU H , 78 A [F] A 1
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Fig. 2 Positive and negative rules distribution from 3ARM

3SARM Hik 5 FARM Bk £ U i 18 L 0
XPLEANPE 3 BRI LA H . 0 b 58 3 45 3 A 1
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o LR I3 Hr Al MR 28] A2 1 56 R K 3 22 248
3 SARM kA5 B 57 22 1E MU i) 3 2250

101
—a— 3ARM
gl —& FARM
5
6
&
=
R4
t
Sk

,‘_!4—'1 1 1 1 1 1 1 1 1 1
30 28 26 24 22 20 18 16 14 12 10
BANZRE/ %
K13 3ARM H k5 FARM HE 15 3 09 1 AL ECR
Fig. 3 Comparision of positive rules between 3ARM and
FARM

3.2 GiEN 5T

S PPl i O Y B R0 A AT S A L X SARM B
545 FISM 833k 47 % . FISM 5 35 & Bal-
akrishna 2545 H A9 — B 3 T 50 58 00 1 6 5 I )
PR R Bk 1Y) FP-tree 2B B B0 4E L PN
W IR i A B . 3ARM B8 3k 5 FISM
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TR N 22% ~30 %0, 3ARM Bk 5 FISM &%
2 B3 B B A0 0 KK B AH Y 5 BE SRR BE B/ . BARM
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Lo AT DA B FISM B8 3 i O30 g 60 0] b A7 76 28 B
TR TCASHI, i SARM &3k F) = 32 M 45 19 48
e D\ Fe KM S PR AR 1 37 Ak 5 ) Ak G & 4R B
FLI), Wl D T TR F B AR R

14

—&— 3ARM

12 —A— FISM

£ B/ 10*

0
30 28 26 24 22 20 18 16 14 12 10

BANXEE/ %
&l 4 3ARM H ik 5 FISM 5115 3 (4 4 58 0 400
Fig. 4 Comparision of negative rules between 3ARM and

FISM
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Xt 3ARM 3 .FARM %4 3 f1 FISM 8 #1942
ATHF B AT XS b, SE e 25 R E 5 s, i/ B U
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FRLI0 ) BsF ] S AN A 4 K 28 A% R OE A 3 4% 1Y) B
] BARM B335 ) iz 47 B (] 2 ] B 41 B iE #0070 472
FLIN B 5 B E] o S R IE 2 - P L FISM 5505 19 13 47
i ) A 4, 5 AR i FP-tree B4 4 B JA) 1 SE B [,
SARM B33 X 040 P AT — R R AT DL g 3. OE
BRGS0 FP-tree D F5 %2 9 YR 451 4 850908 P

0
30 28 26 24 22 20 18 16 14 12 10
BN/ %

K5 3ARM.FARM J FISM 5% )iz 17 i [0 % L
Fig. 5 Comparison of running time of 3ARM, FARM and
FISM
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