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Anytime Mining for Multiuser Applications

Shichao Zhang and Chengqi Zhang, Senior Member, |IEEE

Abstract—Database systems have been designed to serve multi-
usersin real-world applications. Thereareessential differencesbe-
tween mono- and multi-user applications when a database is very
large. Therefore, this paper presentsan “anytime” framework for
mining very lar gedatabaseswhich are shared by multi-users. Any-
time mining has been designed to generate approximate results
such that theseresults can be accessed at any timewhilethe system
is autonomously mining a database.

Index Terms—Association rule, anytimemining, datamining, in-
stance selection, multiuser application..

|. INTRODUCTION

HE ABILITY to analyze and understand massive data

setslags far behind the ability to gather and store the data
[2]. Mining approximate frequent itemsets from a sample of a
large database can reduce computation costs significantly. An
example isto select a sample of alarge database for estimating
the support of candidates using Chernoff bounds [3], [4]. This
technique is effective for mono-user applications, which are
those that can work well under a unique precision on frequent
itemsets. However, multi-user applications require different
precisions.

In rea-world applications, a database is developed to be
shared by multi-users. Therefore, data mining must be devel-
oped to serve multi-user applications. For avery large database,
multi-users might demand different precisions on results for
different applications. For example, a short-term stock investor
might demand approximate frequent itemsets quickly from
a shared stock database for high profits as time is money to
him/her. A long-term stock investor is more likely to wait for
more accurate results than the former.

Using traditional instance-selection (sampling) techniques,
one must resample a database multiple times and mine the se-
lected instance sets for different precisions when the database
isvery large. To demonstrate this, let us examine existing tech-
niques and check whether some of them can serve multi-user
applications.

Example 1: Consider a very large database 7D shared by
five users. For the time/performance tradeoff, the five users re-
quire 0.85, 0.90, 0.92, 0.95, and 0.98 precisions on estimating
frequent itemsets.
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1) Thefirst solution (traditiona frequent itemset mining) is
to identify accurate frequent itemsets by searching the
whole database. Though this solution is able to identify
accurate frequent itemsets, results for the five users might
be delayed due to time-consuming discovery.

2) Thesecond solution (instance-sel ection-based mining ap-
proach) is to identify approximate frequent itemsets by
searching a sample of the database.

This instance-sel ection-based approach is efficient for
meeting the requirements of a user when identifying ap-
proximate frequent itemsets by sampling [2]-{6]. How-
ever, for the five different precisions, we need to select
five instance sets and mine them.

3) The third solution (the anytime mining approach pre-
sented in this paper) isto search for approximate frequent
itemsets by the anytime technique.

From the above observations, we can see that mining tech-
niques for multi-users present more challenges than traditional
techniques for mono-users. Both the first solution and the
second solution cannot serve multi-user applications well.

In this paper, we present an anytime algorithm (the third
solution) for multi-user applications. Our research problem can
be formulated as follows. Given a large database shared by
multi-users, we are interested in investigating techniques for
building an anytime mining framework. Basically, thisincludes:
1) identifying frequent itemsets for which quality is gradually
improved as computation time increases and 2) supporting
users inquiries made at any time for a time/performance
tradeoff.

Without loss of generality, this paper focuses on identifying
frequent itemsets in databases by implementing an anytime al-
gorithm.

There are various existing instance-selection techniques
[2]-4], [6]. This paper focuses on developing anytime mining
techniques. We begin by recalling some needed concepts in
Section I1. In Section 111, we build an anytime mining model. In
Section IV, we design the anytime agorithm. In Section V, we
evaluate the effectiveness of the proposed approach by experi-
ments. Finally, we summarize our contribution in Section VI.

Il. PRELIMINARIES

There has been much work done on instance-selection
[2]4]. We have already developed techniques for identifying
approximate frequent itemsets based on the central limit
theorem [6]. In this section, we outline our instance-sel ection.

A database D can betaken as atrial. For any itemset A4, itis
oneif theitemset A occursinatransaction 7 [written asT'(A)],
or elseitiszero [written as —7'( A)]. Suppose the probability of
A occurring in the database is p, and the probability of A not
occurring is ¢ = 1 — p. Hence, the database can be taken as a
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Bernoulli trial, according to the definition in [1]. In particular,
we can approximate the probability p of A by the central limit
theorem.

For instance-selection, first we need to estimate the sample
size.

Let D be alarge database, 71, 1>, ..., T,, be the transac-
tionsin D, X beanitemsetin D, 7 > 0 bethe degree of asymp-
totic to frequent itemsets, and ¢ > 0 be the upper probability
of Pl|l4ve(X,) — p| < 0], where Ave(X,,) is the average of
X occurring in n transactions in D. Suppose recordsin D are
matched Bernoulli trids. If the size n of D isbig enough to de-
termine the approximate frequent itemsets in D, according to
the central limit theorem, n. must be as follows:

2
n > % )

where z,. is astandard normal distribution function, which can
be taken from [1, Appendix].

Based on the central limit theorem, generating a random in-
stance set from a real database by indexing is a two-step ap-
proach. Thefirst step isto generate aset X of random numbers,
where | X| = n. The second step is to generate the random data
set R D (instance set) from D by indexing. We search frequent
itemsets from a sample RD (instance set) of D by identifying
approximate frequent itemsets.

Let X, Y betwo itemsets, X NY = @, supp(X) # 0,
supp(Y') # 0, and the minimum support (msnsupp) and min-
imum confidence (mincon f) be given by auser. X — Y isa
valid rule of interest if

) XnNnY =0

2) supp(X UY) > minsupp;

3) supp(X UY) — supp(X)supp(Y') > mininterest;

4) supp(X UY)/supp(X) > menconf,
where mininterest is the minimum interest specified by the
user, and X U Y isafrequent itemset.

For a very large database V LDB, let D be an instance set
generated from V' LD B, D* beanother instance set, and A bean
itemset that occursin D. Furthermore, At standsfor A occurring
in D, then A isafrequent itemset in D U D? only if the support
of A isgreater than or equal to minsupp.

Definition1: Anassociationrule A — B can beextracted as
avalidrulein DU D? only if it has both support and confidence
greater than or equal to minsupp and minconf, respectively, or

JAUB) + fAt U BY

supp(AU B) = D)+ DY) > minsupp
con fidence(A — B) = supp(d U B) > minconf
supp(A)

where ¢(D) and (D) are the cardinalities of D and D?, re-
spectively; and f(A) and f(A*) denote the number of tuples
that contain itemset A in D and D?, respectively.

I1l. ANYTIME MINING MODEL

This section develops a technique for supporting multi-user
applications by anytime mining.

Fig. 1. Process of anytime mining.

A. A Framework of Anytime Mining

An anytime algorithm is a class of agorithms for which the
quality of results improves gradually as computation time in-
creases [7]. Itis particularly useful for solving problems where
the search space is very large and the quality of the results can
be compromised.

For a very large database, we can also design an anytime
search algorithm such that users can inquire the current results
at anytime while the mining system is autonomously mining the
database. Obviously, users should expect that frequent itemsets
will becomeincreasingly closer to real rulesin the database with
the lapse of time. Users can also make a tradeoff decision on
time and accuracy of frequent itemsetsfor application purposes.

Anytimemining first generatesaninstanceset D fromagiven
very large database V L.D B using the sampling techniques in
Section Il (Step 1). Second, D ismined using an existing mining
algorithm, and the frequent itemsets are put on a resultant table
(Step 2). Third, another data set Dt is generated at time ¢ from
V LDB,where Dt isanincremental data set and all transactions
in D donot occur in D. D* ismined using the mining algorithm
(Step 3). Fourth, the mined frequent itemsets in D?, and old
frequent itemsetsin D, are synthesized into the resultant table
(Step 4). Fifth, D «— D U D!, where D is a changing data
set (Step 5). Steps 2-5 described above are repeated until one
termination condition issatisfied, aswill beshownin Section V.
In the mining process, old results are updated once new results
are generated. The procedure is depicted in Fig. 1.

In Fig. 1, “VLDB?” is a very large database to be mined;
“Sample’ is used to save the selected instances; “NewlS’ is
used to save the new frequent itemsets searched by the pro-
cedure “Frequentset”; “Resulttable” is used to save the synthe-
sized results, which is updated when new frequent itemsets are
generated; “Promisingset” is used to save al promising can-
didate itemsets, “Users’ is an interface for random users' in-
quiries; “SampleSize” is a procedure that estimates the size of
an instance set for a given accuracy; “ Generatingsampleset” is
aprocedurethat selects an instance set from“VLDB” and saves
theminto“ Sample”; “ Frequentset” isaprocedurethat generates
all frequent itemsets; “ Synthesizing” isa procedure that synthe-
sizesthe new frequent itemsets and old frequent itemsets; “ Con-
dition” is to check whether the termination conditions are sat-
isfied (these conditions will be defined later); and “ Terminate”
ends the running.

Fig. Lisadiagram of the process of our anytime mining. The
first three functions are well-studied mining models. We focus
on the function of the “Synthesizing” model in the following
subsections.
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B. Incremental Mining for Anytime Model

The “Synthesizing” model is used to identify association
rules incrementally when a new instance set is generated. To
implement the “ Synthesizing” procedure, we build a two-phase
approach for mining association rules from incremental data
sets. In thefirst phase, aweighting model of mining association
rules is presented. In the second phase, we advocate a compet-
itive set approach to solve the new freguent itemset problem.
Using the competitive set method, some infrequent itemsets
can become freguent itemsets by competing in our incremental
mining model.

In this subsection, we construct a weighted model (the first
phase). The second phaseisimplemented in the next subsection.

From Definition 1, for achanging data set D, an incremental
dataset D?, and an itemset X, the support of X in DU Dt isas

fX) + F(X7)

) = D)+ )

or
supp(X) = a1 * supp1 (X) + ag * suppa(X)

where a; = ¢(D)/(e(D) + (DY), az = (D")/(c(D) +
o(DY)), suppi(X) = [f(X)/c(D), and supp>(X) =
F(XY) /(DY) are the supps of X in D and D?, respectively;
and supp(X) isthe support of X in D U D*.

If wetake a; and a» asthe weightsw; and wy of D and D?,
respectively, we define the support of X in DU D* as

suppw(X) = wr * supp1(X) + wa * supp2(X)

where supp,,(X) is the support of X in D U D*. Thisis the
weighted result. This method is called an incremental mining
model by weighting. If supp,,(X) is greater than or equa to
minsupp, X iscalled afrequent itemset.

Example 2: Let ¢(D) = 80, ¢(D?) = 20, and an itemset
X iswith supp1(X) = 0.4 and supp2(X) = 0.3in D and D,
respectively. Then, we can get weights below by considering the
sizes of the data sets

&0
wi=a; = ——— = 0.8,
80 + 20
20
= 0o = = 0 2
o a9 80+20

Therefore,

suppy(X) =wy * supp1 (X) + wa * suppa(X)
—0.8%0.4+02%0.3 =0.38.

Infact, according to the assumption in the above example (see
Example 2) we can obtain f(X) = 32 and f(X?) = 6. By the
support-confidence framework

JX)+ f(X*)  32+6
e(D)+c(Dt) 80+ 20

supp(X) = = 0.38.

This means that the results in the incremental mining model
by weighting are the same as those in the support-confidence
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framework when the weights of data sets are assigned by con-
sidering the sizes of D and D?. Indeed, we can also consider
other factors, such as the novelty of data and both the sizes of
data sets and the novelty of data, when we assign weightsto the
data sets.

Thus, if we consider only the sizes of data sets to assign
weights, the true frequent itemsets in the changing data set can
be generated. In other words, the support-confidence framework
isaspecial case of theincremental mining model by weighting.

For D, Dy, ..., D, with weights wy, ws, ..., wpy1, We
define the weighted supp.,(X) for an itemset X asfollows:

suppw(X) = wy * supp(X) + - - - + Wpp1 * suppn(X)

where supp(X ) and supp1(X), . . ., suppn(X) arethesupports
of theitemset X in D, and Dy, ..., D,,, respectively.

C. Competitive Set Method

As has been shown, our model can reflect the change of item-
setsin incremental data sets. Indeed, some very low frequency
itemsets, or new itemsets, may be changed into frequent item-
sets. Thisis called the low-frequency itemset problem. To deal
with this problem, we now advocate a competitive set approach.

To tackle the low-frequency itemset problem, a competitive
set CS is used to store al promising itemsets, in which each
itemset in C'S can become a frequent itemset by competition.
We now illustrate the competitive set method using an example.

An itemset A can become frequent, as follows:

supp(A) <0.3 — 0.15x% 0.75 + 0.64 % 0.25 = 0.2725
— A with supp(A) =0.2725 = CY’
—0.2725 % 0.75 4+ 0.64 % 0.25 = 0.364 375
— A with supp(4) =0.2725 = CS
—0.364375 % 0.75 + 0.64 x 0.25 = 0.433 28
—0.43328 % 0.75 4+ 0.64 % 0.25 = 0.484 96
— 0.48496 % 0.75 + 0.64 % 0.25 = 0.523 72
—0.52372%0.75 4+ 0.614 % 0.25 = 0.55279
—0.55279 % 0.75 + 0.64 * 0.25 = 0.574 59
—0.57459 % 0.75 + 0.64 % 0.25 = 0.590 945
—0.590945 % 0.75 + 0.64 + 0.25 = 0.603 21

where 0.3 is minsupp, 0.15 is minsuppl/2 that is taken as the
support of aninfrequent intemset, 0.75 and 0.25 are the weights
of old and incremental data sets, respectively, and 0.64 is the
support of A in each incremental data set.

IV. ANYTIME ALGORITHM DESIGNING

Theanytime mining technique alowsfor very large databases
to be discovered when resources are bounded. In particular, it
can work for multi-users. Though the first data set is a random
instance set with P[|Ave(X,,) — p| < 7] for each itemset X,
thereis till the error problem in the neighborhood of minsupp
and minconf, where Ave(X,,) is the average of X occurring
inn transactions of adatabase 7°D. For this reason, the anytime
mining algorithm is terminated only after all the datain a very
large database are processed.
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Actually, the following two cases are possible:

Case 1) thefirst V high-ranking frequent itemsets are sup-
ported by m instance sets;

Case 2) the support and confidence of each such frequent
itemset are amost identical (or contain very small
differences) in the m instance sets.

If so, we would certainly terminate the algorithm at once and
output the N frequent itemsets if we require only first the N
frequent itemsets.

There are also other requirements which might be proposed
by users. Therefore, in this section, we design an improved al-
gorithm: the anytime a gorithm for searching frequent itemsets
in databases.

A. Conditions of Termination

Let 7D be a very large database, D, D1, D», ..., D, be
n + 1 random instance sets generated from 7T'D, TD = DU
DU Dy U---U D,, and each transaction of T"D be contained
only by one instance set. For any frequent itemset X mined by
anytime mining

|Ave(X;) —p| — 0, wheni — n
where X; istheith synthesized result of X', and p istheratio of
X that occursin T'D.

It is typically a time-consuming procedure to deal with all
instance sets of 7D when we mine. Sometimes we may need
to terminate the algorithm for some applications. For example,
when certain people need only approximate frequent itemsets,
the algorithm can be terminated and support results obtained at
any time. We now present three other conditionsfor terminating
the anytime mining algorithm.

1) A requirement of the termination condition for approxi-

mate frequent itemsets at acertaintime ¢ isreceived from
a user.

2) Existing N high-ranking frequent itemsets are supported
by m instance sets, and the support and confidence of
each such itemset differ very dlightly in the m instance
sets.

3) All thedatain agiven very large database are processed.

Condition 1 is used in response to outside inquiries about
current results. The system is not to be terminated when this
condition occurs. For example, a stock investor might require
approximate results at time¢; for interim decision making, and
more accurate results at time ¢, for confirming thedecision. The
user gets rough results at time #; without the “stop” instruction.
Therefore, the system is not stopped at that time.

Condition 2 automatically terminates the system when re-
sults are confirmed by enough instance sets. In this case, the
remaining datain a given database are no longer processed, and
the datain the database is in a well-distribution.

Let Ng > 1 and minratio beminimumnumber and minimum
ratio, respectively, asgiven by users or experts. For the database
TD, assume each of thefirst NV high-ranking frequent itemsets
discovered are amost identical in al the instance sets D, Dy,
Da, ..., Dn,—1. Thismeansthat the number of instance setsis
equal to the minimum number Ny, and the ratio of support the

TABLE |
ER: THE SYNTHESIZED RESULTS
name of frequent itemset | support rank
FI1 suppy 1
FI2 Supp2 2
FIm SUPPm m

TABLE I
F R: THE FREQUENCIES OF FREQUENT ITEMSETS

name of frequent itemset | support frequency
FIL Supp; fi
FI, Suppa fa
FI, Suppm fm

first N high-ranking frequent itemsets is one (> miniratio).
Furthermore, thefirst V high-ranking frequent itemsets are con-
fided. Hence, the system is stopped and thefirst & high-ranking
frequent itemsets are output as the final results.

Condition 3 occurs only when Conditions 1 and 2 are not
satisfied. In this case, the system takes alot of time to discover
patternsin a very large database.

B. Anytime Searching

As we have seen, the anytime algorithm is appropriate for
serving multiple users. For outputting results at any time, we
design two tables to save the mined results, where “ F'1:” isthe
name of a frequent itemset, “ supp;” is the synthesized support
of the frequent itemset I'I4, and FI¢ is ranked from large to
small in the ith row by the synthesized supports of frequent
itemsets.

Table | lists the current synthesized information concerning
all frequent itemsets. Users may access information at time ¢q.
Here “ F'I,” is the name of a frequent itemset, “ Supp;” is the
synthesized support of the frequent itemset #'7;, and “ f;” isthe
number of instance sets that I'1; has extracted as a frequent
itemset in the f; instance sets. Meanwhile, F'I; is ranked from
high to low in the 4th row by the frequencies of frequent item-
sets.

Table Il lists the current support information concerning all
frequent itemsets in the mined instance sets. Users may also be
interested in accessing information at atime ¢g.

We now design the anytime search algorithm.

Algorithm 1: AnytimeSearch

begin

Input: VLDB: very large database;
mansupp, minconf, mincruc: threshold
values;

Output: X:
itemset;
1) let FR«+ 0; FR « §;

let CS —0; CS" —0; TD—0; ¢<0;

let Number « 0;
2) generate an instance set of VLDB;

let R — all frequent itemsets in D;

let FR « IR;

the synthesized frequent
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let FR +« IR, where frequent itemsets in
FIR are ranked by support and the fre-
quency of each frequent itemset is 1;
let Number — Number + 1;
3) output the first instance set is
mined;
output tables KR and FR;
4) for any itemset A in D do
if supp(A) > mincruc then
if A don’t occur in any frequent
itemset in I then
let CS «— CSU{A4};
5) for all instance sets from VLDB do
begin
if a termination instrument is re-
ceived then
exit;
let D! «— an instance set;
let Number — Number +1;
mine the Nuwmberth instance set D?;
for all frequent itemsets in D! do
synthesize the new and old results;
for all synthesized frequent itemsets
of interest do
begin
update Il by new results;
update F IR by new results;
output the Number instance sets
are mined;
output tables FR and F'R;
if 1> Ny then
if Condition 2)
then
terminate the anytime mining;

is satisfied

end
end
end.

The algorithm AnytimeSearch is designed to discover very
large databases incrementally. Users can access information
from the current frequent itemsets at any time while the mining
system is autonomously discovering a database. The initializa-
tion is carried out in Step 1. Step 2 first generates an instance
set D from VLD B by sampling. Second, D is discovered to
obtain all the approximate frequent itemsetsin the data set. The
results are saved in aset . Finally, the frequent itemsetsin 12
are used to form two tables: IR and F'IR. Step 3 is to output
the tables K2 and F'I? as the results of the first instance set so
asto answer any inquiries from this made at point of time. Step
4 isto set up acompetition set for the first instance set D. Step
5 consists of two parts. Of course, if atermination condition is
received, the system is ended. Otherwise, an instance set Dt is
first processed by synthesizing. Then, the tables IR and F' R
are processed. During the latter procedure, tables IR and F' R
are first of all updated by the new results from the data set D*
and then, to answer any inquiry at this point, the tables ER
and 'R are output as results immediately after the Numberth
instance set is processed.
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TABLE 111
THE DATASETS IN THE FIRST SET OF EXPERIMENTS

Record number [ Attribute number
Old Database 499 10
New Database 1 50 10
New Database 2 50 10
New Database 3 50 10
New Database 4 50 10
The running time
4000 T T T T .
3500k . ... e TR ..‘Jp.cremin:il;g-f‘ij'_
2000k
2500 -
time(s)2000 - E
1500.
mn?\\\\‘\*—————”‘*ﬂ—__—_f
500 |- 4
0

L L L L L
1 15 2 2.5 3 35 4
incremental step

Fig. 2. Frequent itemset mining time cost comparison.

An important procedure in Step 5 isto check whether or not
Condition 2 is satisfied. Obviously, the earlier Condition 2 is
satisfied, the more running time is saved.

V. EXPERIMENTS

To evauate our model, we have performed two sets of
experiments. The algorithm isimplemented on Dell using Java.
We first check the effectiveness of the incremental mining
model and then demonstrate the efficiency of the anytime
mining algorithm.

A. Effectiveness of the Incremental Mining Model

Toillustratetheeffectiveness of theincremental mining model
in our anytime framework, we choose the UCI database Breast-
Cancer which contains 699 records. For mining databasesincre-
mentally, we randomly select 499 records as the changing data
set and then randomly select 50 records as an incremental data
set. Thereare four incremental data sets. They will be appended
into the changing data set one by one. The parameters of the ex-
periment databases are summarized in Tablelll.

We compare the running time for identifying frequent item-
sets with the apriori [3]. We expect the apriori agorithm to be
of low efficiency becauseit needsto scan for the candidateitems
at the union of old and new data sets. Our algorithm only needs
to scan the new data set, which is highly efficient. The experi-
mental results are shown in Fig. 2.

Let minsupp = 0.2, minconf = 0.7, mincruc = 0.1, and
the weights of old and new rule confidence be w; = 0.7 and
wsy = 0.3. The general results are presented in Table 1V, where
“A” indicates apriori agorithm and “W” stands for our weight
model.

B. Efficiency of Anytime Algorithm

To our knowledge, no work on anytime mining algorithms
for multiple users has been reported in current literature. Anin-
cremental mining model has been tested in in the above Section
V.A. We now check, in two sets of experiments, themain feature
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TABLE IV
RULES IN INCREMENTAL MINING
1st-incr | 2nd-incr | 3rd-incr | 4th-incr
A 1062 1096 1130 1189
w 1095 1185 1204 1397
A& W 1044 1089 1114 1160
Only in A 18 7 16 29
Only in W| 51 96 90 237
The changes of high-rank itemsets
P =g S S T
08 ) FILJ i

update times

Fig. 3. Changes of aset of high-ranking itemsetsin VLD B1.

The changes of high-rank itemsets

update times

Fig. 4. Changes of aset of high-ranking itemsetsin V. LD B2.

of the anytime mining algorithm AnytimeSearch: the changes of
sets of 20, 50, and 100 high-ranking frequent itemsets.

In our experiments, two databases, VLDB1 and VLD B2,
are also generated by databases from the synthetic classification
datasetsonthe Internet. The main properties of thetwo datasets
areasfollows. Thereare | 2| = 1000 attributes, and the average
number of attributes per row is six and eight. The number |7|
of rows is approximately 10%. The average size I of maximal
frequent sets is five. The size of each instance set is 20000,
which is randomly generated from the large databases.

Let minsupp = 0.01, and FI} (i = 20, 50, 100) be the set
of the first ¢ frequent itemsets at time ¢. To test the changes of
the sets of high-ranking frequent itemsets, we use the size of
the intersection of a pair of sets of high-rank frequent itemsets
to measure the identical degree of the two sets. That is, alarge
intersection corresponds to a high degree of sameness, whereas
two sets with a small intersection are considered to be signifi-
cantly different.

For the two databases, we use ¢; to represent the time that
the synthesized resultant table £ I? is updated in the jth times.t

The degree of sameness between the sets F'I)° and FI,7*" is
defined as follows:

ID(FI}, FI/) = —'FI; i FI?l'

|FI7 U FI*
where “N” denotes set intersection, “U” denotes set union, and
“|IFIP N I is the number of elements in set 777 N
FIfj“. In ten updates of £z, changing of the degree of same-
nessisillustrated in Figs. 3 and 4.

Figs. 3 and 4 demonstrate that

1) thedatain V LDB1 and V LD B2 follow aBernoulli dis-
tribution;

2) the elements of the set of thefirst 7 high-rank itemsetsare
stably kept. In other words, the proposed approach can
support inquiries from multiple users at any time.

V1. CONCLUSION

This paper has developed an anytime mining framework
which can support inquiries from multiple users at any time. In
this way, users can make tradeoff decisions when they choose,
depending upon the required accuracy of results. Our approach
is different from traditional mining techniques because it aims
at attacking multi-user application problem.

Asthere are many large databases shared by multi-users, the
mining of large databases for serving multi-user applicationsis
anew and pressing topic in data mining. Because of the essen-
tial differences between mining tasks for multi- and mono-user
applications, research into the multi-user application problem
will impact on both industry and academia.
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IThe real time istoo large. Furthermore, it is not easy to identify the update
of ER. Therefore, we do not directly use it to indicate the time dimension of
FIt.
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