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Learning Multidimensional Sequential Patterns
Using Hellinger Entropy Function
Chang-Hwan Lee'
ABSTRACT
The technique of sequential pattern mining means generating a set of inter-transaction patterns residing in time-dependent data. This paper
proposes a new method for generating sequential patterns with the use of Hellinger measure. While the current methods are generating single
dimensional sequential patterns within a single attribute, the proposed method is able to detect multi-dimensional patterns among different
attributes. A number of heuristics, based on the characteristics of Hellinger measure, are proposed to reduce the computational complexity of
the sequential pattern systems. Some experimental results are presented.
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Input : IF By=b, ABy=b, A+ AB,=b, THEN A=ga
Qutput : posterior prob. distribution of attribute A ;

ute A ;
for each record B in D do
if R satisfies B1=b A By=b; N\ - AB,=b,
then
PERSON := the value of attribute person of the record
do
if the current record satisfies
B,=b NB,=b,/\--AB,=b,
then calculate the posterior dist. of attribute A
using the method described in page 5;
read next record in D,
while (PERSON = the value of attribute person)
else
continue ;
end-if
end-for
return (the posterior prob. distribution of attribute A)

read entire data file D and calculate prior distribution of attrib—

(32 2) H5MHoMel o|F&E

rﬁ
In

ETZ Alt

© Aol Sk nesopdt E TE EA4e

N
°
ne

= Aolth #4g BEE dolbe 47} Be4E 1
2o ge Qigel dun ¥ 5

59 “«E—EEH FHe wEAel A

_E.
.1&:
lo,
1o,
223
oX
filo
o
Ru)
=
AR
o
ok
2
meooH
>
%
frui
2
>
rr

vh} debd el (general) TAA} = RS AR s



480 EMEIEZ=EX 8 M11-BA X4Z(2004.8)

ARHoz H Ate T4 FamE
AoEst Yubde] Bl Ades @G FoA 7t
HolA F8E9 A% FEE v 2o
A BEE AboldA YHE Aoz Hedn

(49l 1] Be s g2 74
A B,=b,— A=a,
o H g2 &3 Zo] Aewa
P("Y B;=b,

[({Pea=ai 7

+(fa-Pa=as ) 5=

B,=b;) —V P(A=a,) )2
b;—V (1= P(A=a,) )2]

A9 Aol B i WAl $42 vehin b= &4 B,
o j ¥A gele

B

HATHH UM Wy

dSABAN dnEFEE P80 HAeA dojHe (2
H D3 2ol FHAAAE dve] Aol )9 ARt
2 BEHEAZ dve Byle ]?)-4 &£4¢g x33n
dojob gtk wd dnF P& A HolEHE I
ARt Aol &AUE HA(sorting)S A AkEH A&
g &AL ojst £A(discrete attribute)e] FEIE W o
of gt B =& dALAEAE dugdF dAHA 7
T2 st 2ol AYd dHeley HES A kY 7t
2 duigle d&HugE Adste g Fold

B A& A F2e Aste W
ofge} Zth WA, FH YdWo]
Z+= &Y ZA(single-condition) FREL A
ol T = TSN FEsd e
£33 Zol$-H(depth-first) BHE 43
FAX H Agrel 71 & ke #2380 73
= Agdrh o5 H @& 5 7P Z& H
2 Aodnt o] & F2EQ 7} did] diztd
o% M &3 (specialized) 7HEL A5

FuYFe 4 daEdA @ 948 BT
KN

® oE

5
oy

ox b -&’:‘

ox T

Nz

™ o8

(=)

BOoR oo E

o e

rlo

n

W rg
=

)
ol o o

s
n
lN

Rt
o
£

o Jm r“’
ox

F7H49 &4 24¢ AW FAe A ARHAAT &
2eZe g A dgse s FAA hIE UE
@ X ARBHE ALY o BAL G o AR

‘AN

2 w3l gzt sty HEHoR kA9 A H

31 H @2 ol8% JHX||7| Y
A&

<9E A4 do] T EE dolHE $4EY =&
7t Z7}€}°ﬂ mg AdEord FHEY F fAE Tug
o2 Z713It, dF oA dolEst e £48 R

% GAEE sz, v, 19 UEE AT AYSA. 2

T g3 go] Foioh
r—1
l:[1 (v;+1)—1
e A 5o SHES 08T AN NeE
A o3 e FHE e
IF B=b, THEN A=a @

T3 C=cde
AL A AL

272 HaA ten go| B4Ed 7

IF B=bA C=c, THEN A=a 5)

A ©F A (DAX FHEL 47 Rgst Rseha 34}
T3 Rgg]- Rs9 H 3% 7% Hg9’]' Haa M4 std o
=2 053 Zol AHodn.

H, =V P(b) [(V P(alb) —V P(a))?

+(1—P(alb) ~V1—P(a))?]

=V P(b)[2-2V P(a|b) P(a)
' (6)

-2V (1-P(alb)1-P(a)]
CH, =V P(bc)[2—2V P(albc) P(a)

-2V (1-P(albd))(1—P(a))]

=V P(c|b)VP(b)[2—2V P(albc)P(a)
: @

—W1—-P(albe)(1—P(a))]

[«

—

A5, 4 CY Fd #Aglel v v 2L 2

g 9 4 doh
[3el 1] 28 £49 22 AFE moldnd o H. &
e oed AAge 23 + ok

H<max {VP(alb)VP(b)[2Vm—2V P(a)],
2V P(a) =V (1—P(alb)V P(b)

[2VPa)+2V 1—P(a) ]}



(541 919 Fold HAS Rg AMEE WAL Rseha 3}
i, o159 H k& A% Hg 9 Hs#ha 3ka 129 He
¢ Hs9l g2 2 6)3 4 (D3 Zo] FojA}
J8H og F40] JHs

P(ab) =P(abc)+ P(ab—c)

= P(albc)P(bc) + P(alb—c)P(b—c)
P(alb) = Plalbc)P(c|b)+ P(alb—c)P(—c|b)

= P(albc)P(c|b)+ P(alb—c)(1— P(—c|b))

__P(alb)—P(ab—c)
wte}A Plelt) = P(a|bc)— P(ab—c) ®

89 AoA w= Plab—c) & 3A-.

i) 3A 3%, w9 gol Plalb) B Plalbc)ith & A

P(alb)
(w=< P(alb), < P(albc)), max ,P(c|b) = P(albc)

o] 5o} old w ) FE 00) W,
w2

P(alb)
s Sm@“’) (2—2V P(albc)P(a)

— 2V (1-P(albc))(1—P(a)) ]

N o BN
1—P(albc)

—ZJ‘W(I—PW))]

<V P(alb)VP(b) [ 2 —2VP(a)]

vV P(albc)

2 dusEe ZEEY @ TN MR NEt 22 3
W&o THEN ¥ EXFA7|22 22E Plalbo)
el B9 1/m< Plalbe) <1 & 713 4 Qo

i) B8 2, 09 @] P(ald) B Plalbe) Bt & A¥

1—P(aldb)
(w5 P(alb), 0> P(albe)), MaX oP(clb)=T—57 T2

of o} oluf wel e 1o] ek
24

1—-P(alb)
H, < \/:_—T;JP(M[Z—Z\/ P(albc)P(a)

— o (1—-P(albc))(1—P(a))]

Hellinger JEZUIE 0|23 CiAt

_ o) 1= Plald) I een
= 2 T ptarse) ' P®) YV 1-Plalb) Y P(b)
P(al|bc)
2 T ptats0) VP(@) +2V1- P(a)]

< 2V P(b) —V1-P(alb)VP(b) [2V P(a)
+ W1-P(a)]

Y
re
ik
=l
rm
jie]
0z
0x
0 o
it
I
=5

i) 7)eke) Ag= 4 8)9 B5AM SAF F ik
ak2bA 1), i), di)ell kel He} Aol dYdh J

[ 2] e} 28 #8 RoF Lolebd Rl H &S Ry
H 3¢ 238 4 9

IF P(alb)=l, HSSHg

[57] Hg% Hs® 32 4 6)3 A (D3} o] Foigrh

P(ab)
P(b)=P(ab) + P(—ab)st F(eID)="p7 = =1q g

8t P(—ab)=P(ab)— Plab)=0°] Y3}
otk

P(abc) P(abc)

P(be) ~ Pabc)+ P(— abc)
_ P(abc) B
" P(abe)+ P(cl—ab)P(—ab)

P(albc) =

1 9

2 )3 Plalb)=10] Sa)A, H,=V P(b)(2—2Y P(a))

A (M3 A ©ol gared, H=V P(bc) 2—2V P(a))
P(bc) < P(b)ol2w H<H, 7

ol AEL &4 Col @3 FNAARY Hy &9 ZA
g o4stAl & F A @k wEA woF By 39 AA
grol @AY HA H gh(H») Buh Aohd A9 73 o
FoME A2Ee o ol JAIT EFE FHES AN
e Fart gk

=3 3R AR HE MR e JA RS
o] =74 g0l lojghd, [AHY 2l 9J3lo] A2dHS ¢
ol 543 1A AAY Hart e ¢ F ok A
7] We] duElE FrE (a7 3o Hdaseigltt

N
o

L

RULES := BEST = {};

for each attribute B and each value b; in attribute B do
generate rules with B=b; rules being left-hand side ;
insert it into RULES;

end—for

BEST := top k rules of RULES ;

H= := Hellinger measure of the kth rule in BEST ;

while RULES != {} do
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select a rule G from RULES ;
H, = Hellinger measure of rule G ;
if success rate of G=1 then delete from RULES ; /* [4g] 1] %/
else
compute the bound of Hs given in Theorem 1 ;
if Hs > H* then
for each attribute C € condition part of & and each
value ¢ €C do
generate a specialized rule S by adding C = ¢ ;
RULES : = RULES U S;
if H value of S > H* then
delete the bottom rule of BEST ;
insert S into BEST ;
update H* ;
end-if
end—for
else
delete G from RULES ; /* [a] 2] +/
end-while
return BEST ;
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