


From Lemma 2, the cand idate sets can be restr icted 
to the sets in Apr ior i-gen(L$-,), where L;., are the 
itemsets in L ’,-,, whose support counts in d b  are larger 
than or equa l  to s x d. In genera l, L;-, i s sma l l er 
than L i-,, and hence the number of cand idate sets 
in Apr ior i-gen(LE-,) is sma l l er than that in Apr ior i- 
g e n ( L ’,-,). In the fo l l owing, we wi l l use Examp l e 1 
to i l l ustrate the execut ion of FUP*. In part icu lar, the 
examp l e wi l l s how that FUP* can reduce s ign if icant ly 
the number of cand idate sets. 

Examp l e 1 A database DB i s updated with an in- 
crement d b  such that D = 1000, d  = 100 and s = 3%. 
X, Y, 2, and W  are four items and the s ize- l and s ize- 
2 large itemsets in DB are L 1  = {X, Y, 2) and L 2  =  
{XY, YZ), respect ive ly. A lso XY.supportr, = 32 and 
YZ.SUppO? ' tD = 31. Suppose FUP* has comp leted 
the f irst iterat ion and found the “new” s ize- l i temsets 
L $  =  {X,Y, W). M oreover, assum ing that the sup- 
port counts of X, Y, and W  found in d b  are 2, 4 and 
5, respect ive ly. Th is examp l e i l l ustrates how FUP* 
wi l l f ind out L ’, i n the second iterat ion, and a lso its 
effect iveness in reduc ing the number of cand idate sets. 

FUP* first f i lters out losers from L2. Note that Z E 
L 1  - L:, i .e., Z has become a loser; therefore, the set 
Y Z E L:! must a lso be a loser and is f i ltered out. For 
the rema in i ng set XY E Lz, FUP* scans d b  to update 
its support count. Assume that xY.SUppOrtdb = 2. 
S ince XY.supportu~ = (2+32) > 3%x 1100, therefore, 
XY is large in DB U d b  and is stored in L ’,. 

Second ly, FUP* needs to f ind out the “new” large 
itemsets from db. For th is purpose, FUP* has to f ind 
out the set LT from L i, wh ich conta ins the itemsets 
in L i that have enough support counts in db. Since 
x.SUppOrtd = 2 < 3% x 100, X 6 L!, i .e., even though 
X is a w inner in the 1st iterat ion, it wi l l not be used to 
generate the s ize-2 cand idate sets. On the other hand, 
both the support counts of Y and W  i n d b  are larger 
than the thresho ld 3%x 100; therefore they wi l l be used 
to generate the s ize-2 cand idate sets, i.e., LT =  {Y, W}. 
Fo l l ow ing that, FUP* app l i es Apr ior i-gen on LT and 
generates the cand idate set C2 = {YW}. Note that in 
FUP, Apr ior i-gen is app l i ed on L i = {X, Y, W} i nstead 
of LT , and the set of cand idate sets generated wi l l have 
three itemsets wh ich is three t imes larger than what is 
generated in FUP* in th is examp le. Th is i l l ustrates 
that FUP* can s ign if icant ly and effect ive ly reduce the 
number of cand idate sets when compar i ng with FUP. 

SuppOSe Yw.SuppOrtd = 4 >  3% x 100. It f dOWS 

from Lemma 1 that Y W  wi l l not be pruned and rema in 
in C2. Fo l l ow ing the prun ing of the cand idate sets 
in C2, FUP* has to update the rema in i ng cand idate 
sets in Cz aga inst the or ig ina l database DB. Suppose 
Yw.SUppOrtD = 29. S ince Yw.SUppOrtuD = 29 + 4 >  

3% x 1100, it is a large itemset in the updated database. 
Therefore Y W  i s added into L/,. At the end of the 
second iterat ion, L ’, = {XY, Y W} is returned. Cl 

3 Update of D iscovered MLAR 
The method used in FUP* (and FUP) cou ld be app l i ed 
to many other kdd systems to update the know ledge 
d iscovered. In part icu lar, it can be used in the systems 
that are des i gned to d iscover var ious types of assoc ia- 
t ions between genera l i zed i tems and events. Th is in- 
c l udes the d iscovery of MLAR, genera l i zed AR, sequen- 
tia l patterns, ep isodes, and quant itat ive AR (7; 12; 3; 
9; 13). In the fo l l owing, we wi l l s how that FUP” can be 
genera l i zed to so lve the update prob l em for MLAR. For 
th is purpose, an a lgor ithm MLUp, wh ich is an adap- 
tat ion of FUP*, wi l l be proposed. 

M in i ng of MLAR 
In the study of m in i ng MLAR, a ser ies of a lgor ithms 
have been proposed to fac i l i tate a top-down, progres- 
s ive deepen i ng method based on the a lgor ithms for 
m in i ng SLAR. The method first f inds large data items 
at the top-most leve l and then progress ive ly deepens 
the m in i ng process into the ir large descendants at lower 
concept leve ls. For deta i l s on the m in i ng of MLAR, 
p lease refer to (7). 

Update of d iscovered MLAR 
The prob l em of updat ing the d iscovered MLAR is the 
same as that in the s ing le- leve l env i ronment. The on ly 
d ifference is that the ru les in a l l the leve ls have to be 
updated instead of updat ing the ru les in on ly one leve l. 
Also, the m i n imum support thresho lds at d ifferent lev- 
e ls may not be equa l. We  use sm to denote the min i- 
mum support thresho ld at leve l m for m  > 1. 

S ince there are severa l var iat ions of the a lgor ithm 
in m in i ng MLAR, the update a lgor ithm shou l d be de- 
s i gned accord ing to the strategy used in the in it ia l m in- 
ing process. The a lgor ithm MLUp we are propos i ng 
is assoc iated with the representat ive m in i ng a lgor ithm 
ML-T2. The fo l l ow ing two resu lts are the bases of 
MLUp. 
L emma 3 In a  mu lt i - l eve l env ironment, a leve l-m l- 
i t emset X not in the or i g i na l  l arge 1- i temsets L[m, 11, 
(m 2 l), can b e c ome a w inner ( i.e., b e c ome l arge) in 
the updated database DB U d b  on l y if a l l a ncestors of 
X are winners. 
Proof. Th is fo l l ows from the def in it ion of large itemsets 
in the mu lt i- leve l env i ronment. 0 

Fo l l ow ing L emma 3, when MLUp scans the incre- 
ment d b  to look for new s ize- l w inners, it not on ly has 
to ensure a cand idate itemset has the requ ired support 
count, but must a lso check that a l l its ancestors are 
large in the updated database. (Because of trans it iv- 
ity, MLUp on ly needs to check a cand idate’s immed i ate 
ancestor). 
L emma 4  In a  mu lt i - l eve l env ironment, a  l eve l -m k- 
i temset X not in the or i g i na l  l arge k- itemsets L[m, k], 
(m 2 l), can become a w inner ( i.e., b e c ome l arge) in 
the updated database DB U d b  on l y if X.SUppOrtd 2 
s,,, x d and Y.SUppOrtd 1  sm x d, for a l l s ubset Y E X. 
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Proof. Th i s fo l l ows d irect ly from L emmas  1 and 2. 0 

T h e  imp l i cat i on of the resu lt in L emma  4 is that 
the cand i date set generat ion mechan i sm in FUP* can 
be app l i ed d irect ly in MLUp  for f ind ing n ew winners 
in d ifferent leve ls. In the fo l l ow ing, we descr i be the 
ma i n  procedure of the update a l gor i thm MLUp. The 
input to the a l gor i thm inc l udes the or ig ina l encoded 
transact ion database T[ l], the i ncrement database db, 
and the o ld large i temsets L[m, k], (m 2  1, k >  l), 
and the ir support counts. Fo l l ow ing the convent i ons 
in FUP*, the s i zes of T[ l] and d b  are denoted by D 
and d  respect ive ly. Moreover, the m i n imum support 
thresho ld for d ifferent leve l is denoted by s in, (m 2 1). 
MLUp  (ma i n steps) : 

1. Trans l ate the i ncrement transact ion database d b  
i nto an encoded transact ion tab le db[ l] accord i ng to 
the g i ven taxonomy informat ion. 

2. At leve l 1, scan db[ l] to update the support counts 
of the 1- i temsets in L[ l, l] to f i lter out the w inners 
into L’[l, 11. In the s ame scan, f ind a l l the 1- i temsets 
in db[ l] wh ich do not be l ong to L[ l, 11, whose support 
count in db[ l] is larger than or equa l  to s1 x d, and store 
these 1- i temsets in the cand i date set Cl. Subsequent l y, 
scan T[ l] to f ind out the n ew winners in C l and store 
them into L’[l, 11. Fo l l ow ing that, T[ l] is f i ltered by 
L ’[ l, l] to generate the encoded transact ion tab le 2721. 
Sim i l ar l y, db[ l] is f i ltered to db[2]. 

At leve l m, (m > 1), scan db[2] to update the support 
counts of the 1- i temsets in L[m, 11. An 1- i temset in 
L[m, l] is a  winner on l y if its immed i a te ancestor is 
large in the updated database and its support counts 
in the updated database is larger than or equa l  to s,,, x 
(D + d). 

In the s ame scan, f ind a l l l eve l -m 1- i temsets in db[2] 
wh ich do not be l ong to L[m, 11, whose immed i a te an- 
cestor be l ongs to L ’[m- 1, l] and whose support count 
in db[2] i s larger than or equa l  to srrs x d. Then store 
these 1- i temsets in the cand i date set Cl. Subsequent l y, 
scan T[2] to f ind out the n ew winners in C l and store 
them in L ’[m, 11. 

3. T h e  large k- itemsets, (k > l), for the updated 
database at leve l m  is der i ved in three steps: 

(1) Remove  a l l the k- i temsets in L[m, k] for wh i ch 
one of its ancestors is not large in the updated 
database. Then scan db[2] to update the support 
counts of the rema i n i ng i temsets in L[m, k] to f ind out 
the w inners. (2) Let L*[m, k - l] be the subsets of 
i temsets in L ’[m, k - l] whose support count in d b  i s 
larger then or equa l  to s, x d. In the s ame scan on db[2] 
performed in (1)) f ind a l l l eve l -m k- i temsets in Apr ior i- 
gen(L* [m, k- l]) wh i ch do not be l ong to L[m, k], whose 
support count in db[2] i s larger than or equa l  to snb x d, 
and store them in the cand i date set Ck. (3) Scan DB 
to update the support counts of the cand i date sets in 
Ck and f ind a l l the l eve l -m s ize-k w inners in Ck, and 
store them in L ’[m, k]. 

4. At leve l m, return the un i on of L’[m, k] for a l l the 
k’s. 

4 Performance Study of M LUp  
Extens i ve exper iments have been conducted to assess 
the performance of MLUp. It was compared w ith the 
a l gor i thm ML-TP. The exper iments were performed on 
an AIX system on an RS/SOOO workstat i on w ith mode l  
410. T h e  resu lt shows that MLUp  is muc h  faster than 
re-runn ing ML-T2  to update the d i scovered AR. Th i s 
improvement is not surpr is i ng g i ven that FUP a lso has 
s im i l ar performance in updat i ng SLAR. The databases 
used in our exper iments are synthet ic data generated 
us i ng a techn i que s im i l ar to that in (2). 

F i gure 1: Performance Compar i s on ( leve l 1) 

Our test env i ronments are denoted by 
T10.14.D100.d10.s~s~~s-s~, wh i ch represents an up- 
dated database in wh i ch the or ig ina l database DB has 
100 thousands of transact ions (D lOO), the i ncrement 
d b  has 10 thousands of transact ions (d10). T h e  trans- 
act ions on average has 10 i tems (T lO), and the average 
s i ze of the large i temsets is 4 (14). Moreover, there are 
four leve ls in the taxonomy and the m i n imum supports 
are denoted by s i , (1 5 i 5 4). T h e  performance com- 
par ison between MLUp  and ML-T2  in the update of 
the leve l- l AR is p lotted in F i gure 1 aga inst d ifferent 
m i n imum support thresho lds. The i r performance ra- 
t ios are a l so presented as bar charts in the s ame f igure. 
It can be seen that MLUp  is 2-3 t imes faster than ML- 
T2. MLUp  a lso has s im i l ar speed-up over ML-T2  in 
the updates in the other leve ls. 

As exp l a i ned before, MLUp  reduces substant ia l l y 
the number of cand i date sets generated when compar- 
ing w ith ML-T:!. In F i gure 2, the number of cand i- 
date sets generated in MLUp  in the s ame exper iment 
is compared w ith that in ML-TP. The rat ios in the 
compar i son are presented as bar charts in the s ame 
f igure. T h e  chart shows that the number of cand i date 
sets generated by MLUp  is on l y about 2-3% of that in 
ML-T2. 

A  ser ies of updates from 10K to 350K were gener- 
ated on the databases T10.14.D l00, and the execut i on 
t imes for MLUp  and ML-T2  to do the updates on these 
i ncrements were compared. A  gradua l l y leve l off of the 
speed-up of MLUp  over ML-T2  on l y appears when the 
i ncrement s i ze is about 3.5 t imes the s i ze of the or ig- 
ina l database. T h e  fact that MLUp  sti l l exh ib i ts per- 
formance ga i n when the i ncrement is muc h  larger than 
the or ig ina l database shows that it is very eff ic ient. 
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de let ion and mod if icat ion. 

F igure 2: Reduct i on of Cand i date Sets ( leve l 1) 

5 D i scuss i o n and Conc l u s i o ns 
We have shown that FUP* is an eff ic ient a lgor ithm 
for updat ing d i scovered SLAR. It improves the perfor- 
mance of FUP by s ign if icant ly reduc ing its cand idate 
sets. 

We  have a lso proposed an eff ic ient a lgor ithm MLUp 
for updat ing d i scovered MLAR. It is an adaptat ion of 
the FUP* a lgor ithm in the mu lt i- leve l env i ronment. 
The a lgor ithm MLUp is imp l emented and its perfor- 
mance is stud ied and compared with the ML-T2 a l- 
gor ithm . The study shows that MLUp has super ior 
performance in the mu lt i- leve l env i ronment. The suc- 
cess of the incrementa l updat ing techn ique in both the 
SLAR and MLAR suggests that the techn ique cou ld 
be genera l i zed to so lve the update prob l ems in some 
other know ledge d iscovery systems. 

Current ly, both FUP* and MLUp are app l i cab le 
on ly to a database wh ich a l l ow frequent or occas iona l 
updates restr icted to insert ions of new transact ions. 
We  have a lso invest igated the cases of updates in- 
c lud ing de let ions and/or mod if i cat ions to a transac- 
t ion database. In FUP* and MLUp, the incrementa l 
updat ing techn ique has made use of the fact that new 
winners generated in the updat ing process must ap- 
pear and have enough support counts in the increment. 
However, th is does not ho ld in genera l in the cases of 
de let ion and mod if icat ion. For examp le, in the case 
of de let ion, because the s ize of the updated database 
has decreased, some itemsets wh ich are “sma l l ” in the 
org in ia l database DB, cou ld become large in the up- 
dated database, even though it is not conta ined in any 
transact ion de leted. Consequent l y, the set of cand i- 
date sets cannot be l im ited to those appear in the in- 
crement, and potent ia l l y, a l l i temsets in the updated 
database have to be cons i dered as cand idates. There- 
fore, the current incrementa l techn ique cannot be ap- 
p l i ed d irect ly to the cases of de let ion and mod if icat ion. 
However, it is poss ib l e to so lve the de let ion and mod i- 
f icat ion cases if the in it ia l m in i ng process is enhanced 
to reta in more informat ions to support the update. 

The extens ion of our incrementa l update techn ique 
for the ma intenance of other type of know ledge such 
as genera l i zed AR, ep isodes, sequent ia l  patterns, and 
quant itat ive AR is an interest ing top ic for future re- 
search. However, as d i scussed above, a b igger cha l- 
l enge is to extend th is techn ique to cover the cases of 
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