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Abstract

In dynamic databases, new transactions are appended as time advances. This may
introduce new association rules and some existing association rules would become
invalid. Thus, the maintenance of association rules for dynamic databases is an important
problem. In this paper, probability-based incremental association rule discovery
algorithm is proposed to deal with this problem. The proposed algorithm uses the
principle of Bernoulli trials to find expected frequent itemsets. This can reduce a number
of times to scan an original database. This paper also proposes a new updating and
pruning algorithm that guarantee to find all frequent itemsets of an updated database
efficiently. The simulation results show that the proposed algorithm has a good

performance
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Algorithm Apriori. Find frequent itemsets using an iterative level-wise approaches
- based on candidate generation

Input: Database, D, of transactions; minimum support threshold, min_sup

Output: L,frequent itemsets in D.

Mecthod:

1) L, = find_frequent_I-itemsets(D)

2) for (k=2; L, , #@;k ==){ ’

3) C‘: = apriori _gen(L,, min_sup);

4)  for each transaction t € D {// scan D for counts

5) C, = subset(C,,?); / get the supsets of t that are candidates

6) for each candidate ¢ € C,

7) c.count++t;

1

9) L, ={ceC, |c.count > min_sup}
10) )

1) retum L= ] L;

gﬂﬁ 2.2 Apriori algorithm

N

function apriori_gen
Generate the candidate itemscts in C, from the frequent itemsets in L, |
Join L, , p with L_q, as follows:

insert into C,
select p.item,, g.item,, . . . , p.item,_, g.item, |
from L.pL.q

where p.item, = g.item, . . . p.item,, = g.item, ,, p.item, , < g.item,_|

g‘ﬂﬁ 2.3 join step U84 procedure Apriori_gen



Prunc Step :

for all itemsets ce C, do
for all (k-1)-subsets s of ¢ do
if(se L,,) then

delete ¢ from C,;

gﬂﬁ 2.4 Prune step U939 Apriori algorithm
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Algorithml : Main Algorithm
-Input : DB, db, k, o-UP,pUP s CIDB,FIDB, EFIDBand their count
Output . FY¥, EFYP
1. k=1
2. k=1
3. Update 1~ itemset
4. k=k+1
5. else
% 6. for (k =2 P gk + +)do
7. Generate Candidate Itemset
8. Update k — itemset (return m, Temp _scanDB)
9. // m is the max imum itemset of Temp _scanDB
10. k=k+1
1. end do
12, endif
13. k=27~
14. while (Te}np _scanDPBl, # dand (k<m) do
15. Scan Original Database(Temp ScanDBy, )
16. k=k+1
17. end do
18. clear Temp _scanDB

3517 3.5 Main Algorithm

U

Algorithm 2 : Updating 1-itemsets
Inpur:DB,db,O'UP,pUP,CIDB,F,DB,EF,DE C™ and theircount
Output : FlUP,EF,UP,CfIP and their count

1. Scandb and find count c(X,db) for all X e C,DB v C{”’
2 forall XeCPP L do

3. ¢(X,UP) = ¢(X,DB) + ¢(X,db)

4. end do

5. R = {x e G| e(x,UP) 2 a“”}

6

. ERYP = L\' € c,U", PP <e(x,UP) < a“’}

31]‘?1 3.6 Update 1-itemsest Algorithm
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Algorithm 3: Generating Candidate k- itemsets
Input : F,UP JF, kl{,; JF, kd_h] k
Output:  C;™
1. if k=2then
2 (Ienglh(FIUP) 2 2) then
3 . C;e\v = FlUP * F]UP
4 end if
5. elseif k>2then
ib ih ib
6 C = Fo* B
7 Jprall X e C;”’ do
- ib up
8 C/:W“[XEq XEFk—l} -
9

end do
10. endif

3 Ui 3.7 Generating Candidate k- itemsets Algorithm -

Algorithm 4 : Update (k 2 2) itemset

Input: DBdb,cYF | pUP , pD 3 F, kD 8| EF;D Bandtheircount
Quiput. F, kUP and EFkUP W F k‘”’. Temp_scanDBand theircount m
L. Scandband find counte(X,db) and c( Y. db)

2 iXe (F,f’" uEﬁ?"}mdyEc,;“’W

3. forallXe (F e EF;{D By C,:'e“’)do

4, ier(FkDBuEFkDB)andXeC,:'ew then

5. e(X,UP)=c(X.DB)+c(X,db),

6. elseif X e (F kDB U EF;‘D z )md X ¢ C{™ then

7. c(X,UP)=c{Xx,DB)

8. elseif X & (FkDB U EFkDB }md X €CJ?" then

9. Temp_scanDB ={X| (c (X,a'b)+ (pDB —1))2 )
10 endif

L. enddo
12 FkUP={Y’c(X,UP)ZUUP}

13 ERUP ={\'l oY <c(X,UP)< VP }

gﬂﬁ 3.8 Update (k= 2) itemset Algorithm




32

Algorithm 5 : Scanning an original d¢atabase.
. Input : Temp _scanDBk,GUP,pUP,FkUP,EF,f/Pand their count

Output : FkUP ,EFkUP and their count

1. Scan DB and obtain count c(X ,DB) Jor all Temp _scanDB;,

2. forall X e Temp _scanDBy, do

3, c(X,UP)=c(X,DB)+ ¢(X,ab)

4. end do

5. F'= {Xl X € Temp _scanDBy, and c(X,UP)2 c¥F }

6. EF/ = {Xl X € Temp _scanDBy, and pU* <c(X,UP) <P }
7 FkUP = kUP U Fknew

8

gﬂﬁ 3.9 Algorithm for Scanning an original database
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Abstract

In dynamic databases, new transactions are
appended as time advances. This may introduce new
association rules and some existing association rules
would become invalid. Thus, the maintenance of
association rules for dynamic databases is an
important problem. In this paper, probability-based
incremental association rule discovery algorithm is
proposed to deal with this problem. The proposed
algorithm uses the principle of Bernoulli trials to find
expected frequent itemsets. This can reduce a number
of times to scan an original database. This paper also
proposes a new updating and pruning algorithm that
guarantee to find all-frequent itemsels of an updated
database efficiently. The simulation results show that
the proposed algorithm has a good performance.

1. Introduction

Data mining is one of the processes of Knowledge
Discovery in Database (KDD) that is used for
extracting information or pattern from large database.
One major area of data mining is association rule
mining [1] that discovers hidden knowledge in
database, The association rule mining problem is to
find out all the rules in the form of X => Y, where X
and Y c I are sets of items, called itemsets. The
association rule discovery algorithm is usually
decomposed into 2 major steps. The first step is find
out all large itemsets that'have support value exceed a
minimum support threshold and the second steps is
find out all the association rules that have value
exceed a minimum confidence threshold. _

However, a database is dynamic when new
transactions are inserted into the database. This may
introduce new association rules and some existing
associdtion rules would become invalid. As a brute
force approach, apriori algorithm may be applied to
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mining a whole dynamic database when the database
has been changed. However, this approach is wvery
costly even if small amount of new transactions is
inserted into a database. Thus, the association rule
mining for a dynamic database is an important
problem. Scveral rescarch works [6, 7, 8, 9] have
proposed several incremental algorithms to deal with
this problem. Review of related works will be
introduced in scction 2,

In this paper, a new incremental algorithm, called
probability-based  incremental  association  rule
discovery, is introduced. The goal of this work is to
solve the updating problem of association rules afler a
number of new records have been added to a database.
Based on probabilistic approach, our incremental
algorithm predicts  infrequent itemscts that  have
capable of being frequent itemsets afier a number of
new records have been. added to a database. That
infrequent itcmsets is called expected frequent
itemsets. Our algorithm can reduce a number of times
to scan an original database. As a result, the algorithm
has exccution time faster than that of previous
methods.

2. Previous work

An influential algorithm for association rule mining
is Apriori [2]. Apriori computes frequent itemsets in a
large database through several iterations based on a
prior knowledge. Each iteration has 2 steps which are
a joining step and a pruning step, For a frequent
itemset, its support must be higher than a user-
specified minimum support threshold. The association
rule can be discoverd based on frequent itemsets.

For dynamic databases, several incremental

_updating techniques have been developed for mining

agsociation rules. One of the previous works for
incremental association rule mining is FUP algorithm

that was presented by Cheung et al [3]. The major idea

of FUP is re-using frequent itemsets of previous



mining to update with frequent itemsets of an
incremental database based on the concepts of Apriori.

Furthermore, negative border approach is presented
by Toivonen [5], Thomas et al [6] and Feldman et al
[8]. The negative border approach is an incremental
mining algorithm based on FUP, The border itemset is
not a frequent itemset but all its proper subsets are
frequent itemsets. The approach need to keep a large
number of border itemsets in order to reduce scanning
times of an original database. )

To reduce memory space, Hong et al [9] and
Amornchewin et al[10] propose a new approach. The
approach maintains both frequent itemsets and
expected frequent itemsets. An expected frequent
itemset is not a frequent itemset but is expected to
become a frequent itemset when a new database is
added to an original database. In order to guarantee
that all frequent itemsets can be found when a new
database is added to an original database, the approach
can only allow very small size of an incremental
database to insert into an original database. ‘

Similarly, the proposed method in this paper also
keeps not only frequent itemsets but also expected
frequent itemsets from an original database. Unlike the
previous works, this paper proposes a new technique
for predicting expected frequent itemsets. Here, the
principle of Bernoulli trials is used to predict the
expected frequent itemsets. The expected frequent
itemsets obtained from the proposed technique has
lesser members than the border itemsets and the
expected frequent itemsets obtained from the previous
technique. This work also proposes a new updating
algorithm that guarantee to find all frequent itemsets of
a dynamic database efficiently. ’

3. Probability-based Incremental
Association Rule Discovery Algorithm

When a dynamic database is inserted new
transactions, riot only some existing association rules
may be invalidated but also some new association rules
may be discovered. This is the case because frequent
itemsets can be changed afier inserting new
transactions into a dynamic database. Therefore, an
" association rule discovery algorithm for a dynamic
database has to maintain frequent itemscts when new
transactions are inserted into the dynamic databuse.

The task of an association rule discovery algorithm
for a dynamic databasc can be divided into three tasks.
The first task is to update support count of existing
frequent itemsets. The second task is-to prunc existing

frequent itemsets that have support count below a .

minimum support threshold afier updating ‘the
database. The third task is to discover new frequent
itemsets that have support count equal or above a

minimum support threshold after updating the
database.

In this section, we describe our algorithm into 2
subsections.  Firstly, probability-based expected
frequent itemsets is presented. Secondly, updating
frequent and expected frequent itemsets is introduced.

3.1 Probability-Based Expected Frequent
Itemsets :

For our algorithm, an original database, which is a
database before being inserted new transactions, is firstly
mined to find all frequent itemsets that satisfy a minimum
support count, denoted Koriginai» Furthermore, the proposed
algorithm also predicts and keeps  expected frequent
itemsets that may become frequent itemsets if new
transactions are inserted into the original database.

Our assumption for the new algorithm is that the
statistics of new transactions slightly change from original
transactions and the maximum number of new
transactions that be allowed to insert into an original
database is available. According to the first assumption,
the statistics of old transactions, obtained from previous
mining, can be utilized for approximating that of new
transactions, Therefore, the new algorithm uses support
count of itemsets obtained from previous mining to
approximate the probability of infrequent itemsets in an
original database that may be capable of being frequent
itemsets when new transactions are inserted into the
original database.

Here, the process of inserting m transactions into an
original database of n transaction can be considered as
(m+n) Bernoulli trials, which are (m+n) sequence of .
identical trials. Fach itemset has its probability of
appearing in a fransaction, denoted by p, ie., the
probability of success. According to the principle of
Bernoulli trials, the probability of the number of an
itemset to appearing in (n#+m) transactions, denoted by
P(x), can be found by the following equation:

P(x):[n:m]-px .(1‘_P)n+m—x

where p is the probability of an itemset appearing in a
transaction, m is a nunber of new transactions, and n is a
number of transactions of an original database.

Thus, if k is a minimum support count after inserting

- new lransactions into an original databasc, the probability

of an itemset (o be a frequent intemset in an updated
database can be obtained as the following equations:
P2 Ky =1=Px <k ()

Here, an expected {requent itemset is an itemset
that is not a frequent itemsel but has its probability to
be a frequent intemset greater than Proby. Proby is a
threshold constant specified by users. Proby, indicates
the minimum confidence level that a promising

em



frequent itemset will be a frequent itemset after
inserting new transaction into an original database.

3.2. Updating frequent and expected frequent
itemsets

When new transactions are added to an original
database, an old frequent k-itemset could become an
infrequent k-itemset and an old expected frequent k-
itemset could become a frequent k-itemset. This
introduces new association rules and some existing
association rules would become invalid. To deal with
this problem, all k-itemsets must be updated when new
transactions are added to an original database. The
notation used in this section is given in Tablel,

Table 1. The notation for Updating frequent and
expected frequent itemsets algorithm

DB Original database

db Incremental Database

UP Updated database

k Number of itemset

g Minimum support

p Minimum Expected Frequent
Cy Candidate k-itemset

Fy Frequent k-itemset

EFy " Expected Frequent k-itemset

Here, a new updating frequent and expected
frequent itemsets algorithm shown in Figure [ is
proposed in this paper. The algorithm consists of three
phases. The first phase is updating 1- frequent and
expected frequent itemsets, i.e. linel-3. The second
phase is.repeatedly updating the other frequent and
expected frequent itemsets by using only an
incremental database, i.e. line 6-11. The third phase is
scanning an original database, i.e. line 13-22,

The First phase is updating 1- frequent and expected
frequent itemsets. According to our propose, the 1-
candidate itemsets of an updated database, i.e. ",
can be found by combining the 1-candidate itemsets of

an original database, i.e. CP?, with the 1-candidate
itemsets of an incremental database, i.e. C . Then, the

support count of C/ can be updated by scanning only

an incremental database. Then, the result of this phase
is consist of 1-frequent and expected 1-itemsets of an
updated database,

The second phase has 2 major steps which are a
generating 4- incremental candidate itemsets step and
an updating support count of k- incremental frequent
and k- incremental expected frequent itemsets step for
k greater than or equal to 2. For =2, the 2- incremental

candidate itemsets are easily obtained by joining o
with R, For &>2, the algorithm is firstly find k-

candidate itemsets of an incremental database, i.e. ce,

by joining 7% with 7 . Similar to Apriori algorithm,

the k- candidate itemsets of an incremental database
can be the updated frequent itemsets; i.c. F, only if

the subsets of the %- candidate itemsets of an
incremental database must be in the (k-1 )- updated
frequent. Thus, the & incremental candjdate itemsets,
will keep only the k- candidate itemsets of an
incremental ddtabase whose subsets of the k- candidate
itemsets are in the (4-1) - updated frequent intemsets.
This can prune the k- candidate itemsets of an
incremental database that can’t be the k- updated
frequent intemsets.

Algorithml : Updating frequent and expected
frequent itemsets Algorithm

Input ; DB, db, k, o% oW Pl P B.F,DE.EI'}DBamI their count

Quipnt : I-fjp. lfl-f"l’

Lok=1

2 ifk=]

3 Update 1 -itemsct

4 k=k+]

5. else

6 for ((( =517 o ke +)¢lu

7 Generate Candidate Temset

8 Updaie k —itemset( return m, Temp _scanDB )

9. # mis the maxinnon itemset of Temp _scanDB

10 k=k+1 :

L. end do

12 end if

13 k=2

V4. while (Temp_scanDBy # ¢ and (ksm) do

1s. Scan Original Database for all X e 'l‘cn;p _scanDB,
16, Jor all X & Temp _scanDBy do

17. o(X.UP)= (X ,DB) + c(X db)

18 end do

19 R =FPP u{X| X & Temp _scanDBy, and c(X,UP)2 o/ }

20, P =ERP O {\'[ X & Temp _scanDBy and pU" < (X UP) < o' }
2l k=k+l

22. end do

2

L

clear Temp _scanDB

Figure 1. Updating frcﬂ‘lfzgl;md expected frequent itmesets
sorithm

When any k-itemsets are not in the union set of the
original &-frequent and the original &- expected
frequent itemsets, but is in the k- incremental candidate
itemsets, their support counts need to be specially
updated. This is the case because their support counts
obtained from an original database are not available.
Here, their support counts in an original database are
assumed to be equal to the sum of p??- 1 and their
support counts from an incremental database, If any k-
itemsets have support counts below updated min
support count, i.e. 6", the k-itemsets can’t be the k-
updated frequent itemsets. On the other hand, if any k-
itemsets have support counts above or equal to an



updated min support count, the -itemsets are likely to
be the k-updated frequent itemsets. Thus, the k-
itemsets, which have support counts above or equal to
an updated min support count, are set aside for finding
their true support counts from an original database.

At the third phase, an original database is scanned to
find true support counts for the -itemsets that are likely
to be the k-updated frequent itemsets. The support counts
of the likely k-updated frequent itemsets are found and
updated by scanning an original database. Then, all -
updated frequent itemsets and k-updated expected
frequent itemsets are found.

4. Experiments

To evaluate the performance of probability-based
incremental association rules discovery algorithm, the
algorithm is implemented and tested on a PC with a 2.8
GHz Pentium 4 processor, and 1 GB main memory.
The experiments are conducted on a synthetic dataset,
called TI0I4D10K. The technique for generating the
dataset is proposed by Agrawal and ete. [1]. The
synthetic dataset comprises 110,000 transactions over
100 unique items, each transaction has 10 items on
average and the maximal size itemset is 4,

Firstly, the proposed algorithm with Proby = 0.06
used to find association rules from an original database
of 10,000 transactions. Then, the same sizes of
incremental databases, i.c. 10% of the original
database, are added to the original database for 100
trials. For comparison purpose, FUP and Borders
algorithm are also used to find association rules from the
same original database and the same incremental
databases. Figure 2 and Table 2 show the average of
execution time for FUP, Borders and our approach. The
results also show that the proposed algorithm has much
better running time than that of FUP,

Table 2. Average of Execution time

Average of Execution time for 100 trials

Min_sup (%) FUP Borders Probability-Based
3% 3195.6939 2660.9297 2354.24533
4% 2274.4477 2087.8636 1931.19147

T10KD10

nﬂ.P-hmnmuiiT—aE]

Figure 2. The execution time of FUP, Borders and the proposed
algorithm

5. Conclusion

We have proposed probability-based incremental
association rule discovery algorithm. Assuming that the
two thresholds, minimum support and confidence, do not
change, the algorithm can guarantee to discover all
frequent itemsets. From the experiment, our algorithm has
better running time than that of FUP and Borders
algorithm. In the future, further researches and
experiments on the proposed algorithm will be presented.
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Abstract— Association rule discovery is an important area of
data mining. In dynamic databases, new transactions are
appended as time advances. This may introduce new association
rules and some existing association rules would become invalid.
Thus, the maintenance of association rules for dynamic databases

i an important problem. In this paper, promising frequent

itemset algorithm, which is an incremental algorithm, is proposed,

to deal with this problem. The proposed algorithm uses
maximum support count of I-itemsets obtained from previous
mining to estimate infrequent itemsets, called promising itemsets,
of an original database that will capable of being frequent
itemsets when new transactions are.inserted i;to the original
database. Thus, the algorithm can reduce a number of times to
scan the original databgse. As a result, the algorithm has
execution time faster than that of previous methods. This paper
also conducts simulation experiments to show the performance of
the proposed algorithm. The simulation results show that the

proposed algorithm has a good performance.

Keywords—association rule, maintain association rule,
incremental associatin rule

L. INTRODUCTION

Data mining is one of the processes of Knowledge
Discovery in Database (KDD) that is used for extracting
information eor pattern from large database. One major
application area of data mining is association rule mining [1]
that discovers hidden knowledge in database. The association
rule mining problem is to find out all the rules in the form of X
=>Y, where X and Y I are sets of items, called itemsets. The
association rule discovery algorithm is usually decomposed
into 2 major steps. The first step is find out all large itemsets
that have support value exceed a minimum support threshold
and the second steps is find out all the association rules that
have value exceed a minimum confidence threshold.

However, a database is dynamic when new transactions are
inserted into the database. This may introduce new association
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rules and some existing association rules would become
invalid. As a brute force approach, apriori may be reapplied to
mining the whole dynamic database when the database has
been changed. However, this approach is very costly even if
small amount of new transactions is inserted into a database.
Thus, the association rule mining for a dynamic database is an
important problem. Several research works [7, 8, 9, 10, 11]
have proposed several incremental algorithms to deal with this
problem. Review of related works will be introduced in section
2,

In this paper, a new incremental algorithm, called
promising frequent itemset algorithm, is introduced. The goal
of this work is to solve the efficient updating problem of
association rules after a nontrivial number of new records have
been added to a database. Our approach introduces a promising
frequent itemset for an infrequent itemset that has capable of
being a frequent itemset after a number of new records have
been added to a database. This can reduce a number of times to
scan an original database. As a result, the algorithm has
execution time faster than that of previous methods.

The remaining of this paper is organized as follows. We
brief review of related works in Section 2. The Promising large
itemset algorithm-is described in Section 3. We evaluate the

* performance in Section 4. Finally, we conclude the work of this

paper in section 5.

II. RELATED WORK

An ‘influential algorithm for association rule mining is
Apriori [2]. Apriori computes frequent itemsets in the large
database through several iterations based on a prior knowledge;
Each iteration has 2 steps. For each iteration with 2 steps;
processes are join and prune step. For an frequent itemset, its
support must be higher than a user-specified minimum support
threshold. The association rule can be discoverd based on
frequent itemsets that must be higher than user-specified
minimum confidence.

For dynamic -databases, several incremental updating
techniques have been developed for mining association rules.
One of the previous work for incremental association rule
mining is FUP algorithm that was presented by Cheung et al
[3]. FUP algorithm is the first incremental updating technique
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for maintenance association rules when new data are inserted to
database. Based on the framework of Apriori algorithm, FUP
computes frequent itemsets using large itemsets found at the
previous iteration. The major idea of FUP is re-use frequent
itemsets of previous mining to update with incremental
database. The key performance of FUP is pruning technique to
réduce the number of candidate set in update process. The
extension algorithm of FUP is FUP2 [4] that is proposed to
handle all update cases when database are added to, deleted
from a database.

Ayan et al [5] present an algorithin called UWEP (Update
With Early Pruning). UWEP follows the approaches of FUP
and partition algorithm. It employs a dynamic look-ahead
strategy in updating existing large itemsets by detecting and
pruning superset of large itemsets in an original database that
will no longer remain large in updated database. UWEP scans
at most once in both original database and incremental
database. UWEP generates smaller candidate set from the set of
itemsets that are large both an original and incremental
database.

Furthermore, negative border algorithm [6], an incremental
mining algorithm based on FUP, reduces to scan original
database and keeps track of large itemsets and negative border
when transaction is added to or delete from databasc. Negative
border consists of all itemsets that arc candidates of the level-
wise method. An itemset is in the negative border did not have
enough support but all its subsets are frequent. If the negative
border of large itemsets expands, this algorithm is required to
full scan a whole database. This is the casc because negative
border algorithm does not cover all large.itemsets in updated
database. b

Il PROMISING FREQUENT ITEMSET ALGORITHM

In an observation the itemset will be frequent itemset in
updated database if it is member of large itemset in original
database or incremental database. The main problem of
incremental update is changing of frequent itemset that cause
to re-execute from original database again.

In this paper we present the new idea to avoid scanning the
original database. Then we compute not only frequent itemset
but also compute itemset that may be potentially large in an
incremental database called “Promising frequent Itemset”,

An algorithm find all possible k-itemset of promising
frequent itemset in original database. If member of frequent for
each iteration is more than or equal to k-itemset. This idea is
guarantee that promising frequent itemset algorithm are cover
all frequent itemset that occur in updated database.Thus,
updating the new transactions are quickly because it can use the
information from the existing original database.

In this section we describe our algorithm into 2 subsection.
In our approach, an original database is firstly mined and all
frequent itemsets and promising frequent itemset. Secondly
each incremental dataset in mined and updated to frequent and
promising frequent itemset. The result of updating, some
infrequent itemsets or new itemsets may be changed into
frequent itemset.

A." Original database Discovery

A dynamic database may allow insert new transactions.
This may not only invalidate existing association rules but also
activate new association rules. Maintaining association rules
for a dynamic database is an important issue. Thus, this paper
proposes a new algorithm to deal with such updating situation.
Our assumption for the new algorithm is that the statistics of
new transactions' slowly change from original transactions.
According to the assumption, the statistics of old transactions,
obtained from previous mining, can be utilized for
approximating that of new transactions. Therefore, Support
count of itemsets obtained from previous mining may slightly
different from support count of itemsets after inserting new
transactions into an original database that contains old
transactions. The new algorithm uses maximum 'support count
of l-itemsets ‘obtained from previous mining to estimate
infrequent itemsets of an original database that will capable of
being frequent itemsets when new transactions are inserted into
the original database. With maximum support count and
maximum size of new transactions that allow insert into an
original database, support count for infrequent itemsets that
will be qualified for frequent itemsets, i.e. min_pl, is shown in
equation 1:

maxsupp

'min_sup,,,,—( ) x inc_.\'i:u] g min_PL < min_sup, (1)

total size

where  min_suppn is minimum support count for an
original database, maxsupp is maximum support count of
itemsets, current size is a number of transaction of an original
database and inc_size is a maximum number of new
transactions. -

Here, a promising frequent itemsets is defined as following
definition:

Definition A promising frequent itemset is an infrequent
itemset that satisfies the equation 1. '

As an example, an original database shown in figure 1. has
10 transactions, i.e. [DB|=10. Then, three new transactions is
inserted into the original database, i.e. |db| =3. Here, minimum
support count for mining association rules is set to 4 (40
percent). From figure 1, maximum support count of 1-itemsets
of the original database is 7. min_PL is computed as the
follows:

min_ /L = 4-(—7-st =2 @
10

According to-equation 2, if any itemset has support count at
least 2 but less than 4, then -it will be promising frequent

“itemsets. Thus, the frequent - itemset is {A, B, C} and the

promising frequent - itemset is {D, E}.

In this paper, apriori algorithm is applied to find all possible
frequent k- itemsets and promising frequent k-itemsets, Apriori
scans all transactions of an original database for each iteration
with 2 steps processes are join and prune step. Unlike typical
apriori algorithm, items in both frequent k- itemsets and
promising frequent k-itemsets can be joined together in the join
step. For a frequent item, its’support count must be higher than



a user-specified minimum support count threshold and for a
promising frequent item, its support count must be higher than
min PL but less than the user-specified minimum support
count. As examples, figure 2. and 3. show the promising
frequent and frequent 2- itemsets and the promising frequent
and frequent 3- itemsets respectively.

TID List of item ltemset: - |support "
1 A B E A 7
2 B, D B 7
3 B8.C C b
4 A, BD D 2
5 AC E 3
B B,C
7 A C
8 A B.CE
g ,B.E
10 AC
Figure 1. Transaction data and candidate l-itemsets
G2 Uppont Support
AB 4 4
AC 4 4
AD 1 “support?
AE 3 p3p
BC 3 3
BD 2 5
BE 3 3
CD 0
CE 1
DE 0
Figure 2. candidate , frequent and promise frequent 2-itemset
C3 . Support S UPL3. | ndpport
ABC ! ABE 3
ABE 3
ACE 1
BCD 0.
BCE 0
BDE 0
Figure 3. candidate, frequent and promise frequent 3- itemset

B. Updating frequent and promising frequent itemsets

When new transactions are added to an original database,
an old frequent k-item could become an infrequent k-item and
an old promising frequent k-item could become a frequent k-
item. This introduces new association rules and some existing
association rules would become invalid. To deal with this
problem,-all k-items must be updated when new transactions
are added to an original database. In this section, we explain
" how to update all old items.

The size of an updated database increases when new
transactions are inserted into an original database. Thus,
min_PL must be recalculated in order to associate with the new
size of an updated database. min_PL (pdue is computed as the
follows:

max supp xinc_size) 3)

min_PL = min_sup - —
'— DB —_ DB .
b v\ total size

Then, If any k-item has support count greater than-or equal
to min_supps.dy). this itemset is moved to a frequent k-item of
an updated database. In the other case, if any k-item has
support count less than min_suppsuds) but it is greater or equal
to min_PLpdae) » this k-item is moved to a promise frequent
itemset of an upated database. The foliowing algorithms are
developed to update frequent and promising frequent k-tems of
an updated database.

The first algorithm, shown in figure 4, updates a frequent
and a promising’ frequent 1-itemset. After obtaining support .
count of candidate 1-itemsets of an incremental database, the
support count of the candidate 1-items is summed to that of the
1-items of an original database. Then, If any item has support
count greater than or equal to min_suppaugy, this item is
moved to a frequent 1-itemset of an updated database. In the
other case, if any item has support count less than
min_suppsoayy but it is greater or equal to min_PLpdae) » this
item is moved to a promise frequent 1-itemset of an updated
database. In addition, if any item is a new frequent item or a
new promising frequent item, this item will be added to Templ
set. Then, Templ is joined and pruned with both a promise
frequent k-itemset and a frequent k-itemset to obtain
Temp_newCk. The algorithm for joining and pruning items is
shown in figure 5. .

The k-itemsets of the Temp_newCk are scanned in an
incremental database. A k-itemset of Temp_newCk can
become a frequent itemset in an updated database only if the k-
itemset of the Temp newCk is a frequent itemset in an
incremental database. Thus, if a itemset of the Temp_newCk
has support count greater than or equal to min_sup(db), the
item is moved to an estimated frequent k-itemset. Similarly, a
k-itemset of Temp_newCk can become a promising frequent

< itemset in an updated database only if the k-itemset of the

Temp_newCk s a frequent itemset in an incremental database.
Thus, if a k-itemset of Temp_newCk has support count less
than min_sup(db) but greater or equal to min_PL(update) or
min_PL(DB), the k-itemset is moved to an estimated
promising frequent k-itemset. Then, both the estimated promise
frequent k-itemsets and the estimated frequent k-itemsets are
added to Temp:_scanDB. Flgure 6 shows updating k-itemset
algorithm for k>=2.

As the last phase for the incremental algorithm, the k-items
of Temp_scanDB is scanned in an original database to update
their support count. Like previous cases, If any k-item has
support count grecter than or equal to min_suppsog, this k-
item is moved to a frequent k-itemset and if any k-item has
support count less than min_suppp.ay but it is greater or equal
to min_PLyp4ae , this k-item is moved to a promise frequent k-
itemset. The algorithm for finding support count of k>=2
itemsets shows in figure 7.



Algorithm 1 Updating frequent and promising frequent
1-itemset
Input:
(1) L' pp: the set of all frequentl itemset in original database,
(2) PL' pg : the set of all promising frequent 1-itemset original
database,
. (3) C'pa: candidate 1-itemset of original database,
(4) C'y: candidate 1-itemset of incremental database.
Output :
(1) L'onoaw: frequent itemset in updated database,
(2) PL'pp uuy : promising frequent itemset in updated
database,
(3) new frequent itemsets : new frequent itemset in updated
database ,
(4) new promising frequent itemsets : new promising frequent itemset in
updated database
(5) Temp_newCk : new candidate 2-itemset in updated database

1 C'yp = all 1-itemsets in db with support >0

2 k=1

3 While Cldb >0do

4 For each X € C'pp do

5 X.support (ppuary = X.supportps + X.supporty,
6 If (X ¢L'ps or X & PL'pp)and

7 (X.support ( DBudb) ) >= min_sup(uuudb, Then
8 Add X to Ll (DBuxb)

9 Add X to temp]

10 Foreach Xe L'ppdo

11 If X supportmpousy>= min_supop.m Then-
12 Add XtoL' (DBuUdb)

13 Else

14 ’ If X.supportppuusy>= min_PL mnoam Then
15 Add X1o PL' (pyoan)

16 For each X € PL'py do

17 If X.supportppus>=min_suppnoa Then
18 Add Xto LI (DBudb)

19 Add X to templ
20 Else
2] If X.SUppOrl(numn,)>= min_PL(|)uwb) Then
22 Add Xto PLI (DBuLAb)
23 For each X ¢ C'pydo
24 Add X to CI(DBUdb) .
25 If X.supporty, >= minsupppouay  (new item in db) Then
26 Add X to Ll('DBujb)
27 Add X to temp!
28 Else
29 If X.suppon(.n,) >= min_PL(DBUm,) Then
30 Add X to PL' ppoan)
31 Add X to temp!
32 If templ # {} Then
33 Y e templ
34 Clopuu (new) = gen_newcandidate (Y)
35 Clear templ
36 Add Cppoasy (new) to Temp_newCk
37 k=k+1

Algorithm 2 Gen_newcandidate

lnput

(1)L (Du\,.]b) frequent k-itemset in updated database,
(2)PL*pguyy : promising k-itemset in updated database.

(3) Templ : new frequent k-itemset in updated database
Output :

(1) new C**'': new candidate k+1-itemset in updated database.

1 . If k <= (length(L) + length(PL))

2 For each Y € Templ

3 C**! (new) =Y *(L* oo uus)oPL oo oy

4 Force C*'(new)

5 Delete ¢ from  C*'py(new) if all sutset ofc is in L¥or PL*

Figure 5. Generating new candidate itemset algorithm

Figure 4, Updating frequent and promising frequent I-itemset algorithm

Algorithm 3 Update frequent and promising frequent

itemsets for k>= 2 itemset
Input v
)Lk m] frequent k-itemset in original database, .
(2) PL¥0n, : promising frequent k-itemset in original,
database
(3) Temp_newCk : new candidate k-itemset in updated database.
Oulput
(1) L¥ ooy frequent k-itemset in updated database,
(2) PL* pn oy : Promising frequent k-itemset in updated database,
(3) Temp_scanDB : estimated frequent k-itemset and estimated
promising frequent k-itemset in updated database
(4) Templ : new estimated frequent k-itemset and new estimated
promising frequent k-itemset in updated database
(5) Temp_} neka new candidate k+1-itemset in updated database.

1 k=2

2 While k <= (length(L*) +length(PLY)) do

3 Scan db for V(L) V(PL¥) and ¥(items) & Temp_newCk
4 X.support  peby = X.supportpp + X.supportg,
5 Foreach X e L%y do

6 If X supportpsoa)>= min_suppooa) Then
7 - Add Xto Lk(l)nuuh)

8 ~ Else

9 L support(l,uum,)>— mln _PLoiouny Then
10 Add X to PL¥ (DBub)

11 Foreach X € PL% do

12 If X suppon(ou\,db,>— min_supppow) Then
13 Add XtoLX (DBuAb)

14 Add X to templ

15 Else

16 . If X.supportppus >= min_PLpp.a, Then
17 Add Xto pLI (DBudb)

18 Foreach Y e Temp_newCk do

19 If 'Y.supportyy>= min_supwyy Then
20 Add Y to Temp_scanDB(L%pp ) |
21 Add Y to Temp}(L* psoany)
22 Else
23 If Y.support(db) >= (min-_PL (DDudb))
24 or Y.supportuy, >= min_PL (pgy )Then

25 Add Y to Temp_scanDB(PLE pp us)

26 Add Y 10 Temp1(PL¥ ppoasy)

27 Clear Temp_newCk
28 If Templ # {} Then

29 Y € Templ ’

30 C* ooy (new) = gen_newcandidate (Y)
31 Clear Templ

32 Add C*'{pious (new) to Temp_newCk

33 k=k+1

If Temp_scanDB = {} Then Find SuppcountDB

Figure 6. Update k >= 2 itemset algorithm




Algorithm 4 Find_SuppcountDB
Input :

(1) L%opoayy € Temp_scanDB : Estimated frequent k-itemset,

(2) PLYppoaw) € Temp_scanDB :  Estimated promising frequent k-itemset
Output :

()L pBuaw) : frequent k-itemset in updated database,

(2) PLppuar : promising frequent k-itemset in updated database

For each W € Temp_scanDB
Scan DB for W
W.supportppodas) = W.supportps + W.supporty,
If W.supportppoa)>= min_supmpoay Then
Add W to Lk(puu.u,)
Else
If  W.supportppoay >= min_PL s ) Then
Add W to PL* ppoa
Clear Temp_scamDB

O 00N WA W —

Figure 7. Finding support count in an original database algorithm

IV. EXPERIMENT

To evaluate the performance of promising frequent
algorithm, the algorithm is implemented and tested on a PC
with a 2.8 GHz Pentium 4 processor, and 1 GB main memory.
The experiments are conducted on a synthetic dataset, called
T10I14D10K. The technique for generating the dataset is
- proposed by Agrawal and etc. [1]. The synthetic dataset
comprises 20,000 transactions over 100 unique items, each
transaction has 10 items on average and the maximal size
itemset is 4

Firstly, the proposed algorithm is used to find association
rules from an original database of 10,000 transactions. Then,
several sizes of incremental databases, i.e. 10%, 20%, 30%,
40% and 50% of the original database, are added to the original
database. For comparison purpose, FUP algorithm is also used
to find association rules from the same original database and
the same incremental databases, The experimental results with
various minimum support thresholds are shown in Table!l and
Figure 8. From the results, the proposed algorithm has better
running time than that of FUP algorithm.

TABLE I. EXECUTION TIME WITH VARYING SIZE OF INCREMENTAL
DATABASE
Execution time (sec.)
Min_sup | Algorithm Percent of Incremental database size
10% 20% 30% 40% 50%
Promising
Frequent 1852 546 1047 1563.4 | 11935.5
4% Itemset
FUP 2521.5 5012 7110.7 | 9996.3 | 11539
Promising
Frequent 191.26 | 430.11 | 632.06 | 855.39 1048
5% Itemset
FUP 2023.6 | 41624 | 59704 | 8678.1 10681
Promising
Frequent 93.562 | 180.41 | 304.56 | 366.78 | 452.7
6% Itemset
FUP 1680.5 3868 5446.8 | 6889.5 | 95163
Promising
Frequent 52985 | 98.296 | 463.22 | 18084 | 2147.1
7% Itemset
FUP 1350.6 | 2723.7 | 48733 | 59723 | 8856.3

T1014D10 so-#-- FUP 7%

e Promising 7%

- -a-- FUP 6%
Promising 6%

~+ex--~ FUP 5%

Execution time

@ Promising 5%

. o s <ohee- FUP 4%
| 0% 20% 40% 60%
Incremental size

Promising 4%

Figure 8. Execution Time comparison

V.  CONCLUSIONS

We have proposed promising frequent algorithm for
incremental association rule mining. Assuming that the two
thresholds, minimum support and confidence, do not change,
the promising frequent algorithm can guarantee to discover
frequent itemsets. From the experiment, our algorithm has
better running time than that of FUP algorithm. In the future,
further researches and experiments on the proposed algorithm
will be presented.
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