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Abstract Fuzzy association rules can be used to represent human knowledge in terms of natural language,and has at-
tracted a growing amount of attention from the communities of Data Mining and Knowledge Discovery. However, so
far, most approaches of mining fuzzy association rules are based on the measures of support and confidence for classical
association rules., From the viewpoint of fuzzy implications, fuzzy Horn clause rules, degree of support, implication
strength and some related concepts were defined, and an algorithm was proposed for mining fuzzy Horn clause rules.
This algorithm can be decomposed into three subprocess. First of all,a quantitative database is transformed into a fuzzy
database. Secondly, all frequent itemsets in the fuzzy database that are contained in a sufficient number of transactions a-
bove the minimum support threshold are identified. Once all frequent itemsets are obtained, the desired fuzzy Horn
clause rules above the minimum implication strength threshold can be generated in a straightforward manner.
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for all 5 i, MXMBHIEE B‘Jiﬁéﬁ&% (i) do
HE L RRBE // iy €1,p€00,1]
insert 4 into D
end for
end for
end for
return D
end
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Li=1 7% MEE // L Rk THERB K
for {k=2;L;—1#®sk++) do //HH k TUEETBE C,
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R
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end if
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end
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Procedure candidates_gen(Ly—1)
/L1 B CGe— D TTHE T B 5
for all LiEL,— do
for all Lo € Ly—1 do
if LiL1J=L010ALi[2]=Le[ 2] A« ALy [k—2]=L.[k—
2JAL1[k—1]<<L,[#—1] then {
C=L; DAL// D REBBER
//CEBHETEE
if has_infrequent_subset(CyLz—1) then
delete C // BYF#RAE
else
add C to Gy
}
return G,
Procedure has_in frequent_subset(C,Li—1)
// CR b FTRETRBE; L RG—DFEAERE S
for all C iy (k—DIFEFE S do
if ¢ Lg—1then return true

return false
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forallI€L; do
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F=implication_strength(A,By ABz A+ AB,)
end if
if /=28 then
add A<~(H—Bi ABs A-“AB,to T
end if
end for
return T
end
FEHY 3 PR T AN ERRE NS R implication_
strength(A,B; ABs A ABo).
Procedure implication_strength(A,B; ABs A+ AB,)
for all t€D do // ¢ £ D Wikgin
// BEEE X 5 R BEMNE D MR e ROBRIRE
IMP. =min{1,1— g (A) +min {1 (B1), pze (B2) s o+, pime
Boh}
HE A IMP, RIS
end for
// BEEE X 6 FHEEENNLE D O EERE
IMP=3/|D|
return IMP
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