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Abstract

In this paper, we propose a new method, namely EFI-Mine, for mining tem'
ciently and effectively. The temporal emerging frequent itemsets are those t
but have high potential to become frequent in the subsequent time wi
process for mining interesting patterns like association rules from dat
tively identify the potential emerging itemsets such that the execution
data streams. This meets the critical requirements of time and space

that EFI-Mine can find the emerging frequent itemsets with
able in terms of execution time.
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b the current time window of data stream
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d substantially in mining all frequent itemsets in
g data streams. The experimental results show
nt experimental conditions and it performs scal-

1. Introduction

ki, & Swami, 1993; Agra-
Verkamo, 1996; Brin,

quent itemsets (or say large

itemset ce the frequent itemsets are
found, ge ng association rules is straightforward and
can be acco ed in linear time.

search issue extended from the associa-
tion rules mining is the discovery of temporal association
patterns in data streams due to the wide applications on
various domains. Temporal data mining can be defined
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as the activity of looking for interesting correlations or pat-
terns in large sets of temporal data accumulated for other
purposes (Bettini, Wang, & Jajodia, 1996). For a database
with a specified transaction window size, we may use the
algorithm like A priori to obtain frequent itemsets from
the database. For time-variant data streams, there is a
strong demand to develop an efficient and effective method
to mine various temporal patterns (Das, Lin, Mannila,
Renganathan, & Smyth, 1998). However, most methods
designed for the traditional databases cannot be directly
applied for mining temporal patterns in data streams
because of the high complexity.

Without loss of generality, consider a typical market-
basket application as illustrated in Teng, Chen, and Yu
(2003) has been considered. The transaction flow in such
an application is shown in Fig. 1 where items « to g stand
for items purchased by customers.

In Fig. 1, for example, the third customer bought item ¢
during time ¢ = [0, 1), items ¢, e and g during ¢ = [2, 3), and
item g during ¢ =[4, 5). It can be seen that in such a data
stream environment it is intrinsically difficult to conduct
the frequent pattern identification due to the limited time
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Fig. 1. An example of online transaction flows.

and space constraints. Furthermore, it wastes too much
times finding frequent itemsets in different window times.
Therefore, we develop a new scheme to find potential
emerging frequent itemsets before next window times.
Dong and Li (1999) define an emerging pattern as an
itemset the support of which increases significantly between
two databases. We view emerging frequent itemsets as a
special case of the emerging patterns described by Dong
and Li. An Emerging Frequent Itemset (EFI) can be con-
sidered as an itemset that is infrequent (i.e., small) in the
current database and gets increased for its support so that
it will eventually become frequent (i.e., large) in the
database temporally added with new data transactio
For example, in the market basket domain, we may assu
an interval as the time between wholesale pur ;

what kinds of items will be pop
and avoid losing the income t
erated. Although some rel

e issue of efficiently mining
temporal databases like data
b, Wu, & Chen, 2005; Li, Lee, & Shan,
2004, 2005; Jin, (J Sha, Yu, & Zhou, 2003). We propose
an algorithm named EFI-Mine that can discover emerging
frequent itemsets from data streams efficiently and effec-
tively. The EFI-Mine algorithm is based on the concept
of A priori algorithm (Agrawal et al., 1996) for mining fre-
quent itemsets. The novel contribution of EFI-Mine is that
it can effectively identify the potential emerging frequent
itemsets in data streams so that the execution time for min-
ing frequent itemsets can be substantially reduced. That is,
EFI-Mine can discover the itemsets that are infrequent in
current time window but will become frequent ones with
high probability in subsegment time windows. In this

streams (Lin, §

way, the process of discovering all frequent itemsets under
all time windows of data streams can be achieved efficiently
with limited memory space. This meets the critical require-
ments of time and space efficiency for mining data streams.
Through experimental evaluation, EFI-Mine is shown to
deliver high precision in finding the emerging frequent
itemsets and it also achieves high scalability in terms of exe-
cution time.

The rest of this paper is organized as follows: Section 2
gives the problem definition for minjg pporal patterns
and the emerging frequent ite
the proposed approach, EFI-

red for illustrative purposes since not only the pat-
1d be efficiently and effectively extracted but also
ariations of corresponding occurrence frequencies should
be tracked. In market-basket analysis, patterns along with
heir frequencies are extracted from a sliding window in
transactions. So the data expires after a user-specified time
window. As time advances, new data is included while
obsolete data is discarded. With the mining task for discov-
ering frequent temporal patterns, only patterns with occur-
rence frequencies no less than a specified threshold are
being tracked. We focus in this paper on handling the dif-
ferent sliding windows to find emerging frequent itemsets.

An example showing the basic process in transforming
transactions into numerical time series, for discovering fre-
quent temporal patterns, is provided as follows.

Example 1. Consider the transaction flows shown in Fig. 1.
Given the window size w =3 and the minimum support
value as 40%, occurrence frequencies of the inter-transac-
tion itemset {c, g} from time =1 to = 5 can be obtained
as shown in Table 1.

Table 1
The support values of the inter-transaction itemset {c, g}

T x Time Occurrence(s) of {c, g} Support
=1 wl0, 1] None 0
= w[0, 2] CustomerID = {2, 4} 2/5=04
=3 w[0, 3] CustomerID = {2, 3, 4} 3/5=0.6

t=4 w(l, 4] CustomerID = {2, 3} 2/5=0.4

t=>5 w2, 5] CustomerID = {1, 3, 5} 3/5=0.6
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With the sliding window model, the frequent temporal
patterns can be discovered for different time windows.
The main goal of our research is to discover interesting
emerging itemsets under progressive time windows.

2.2. Emerging frequent itemsets and interesting emerging
itemsets

In a database, the frequent itemsets will be changed
when new datum is added. As time progresses, we can
see many interesting patterns with regards to the change
in status of individual itemsets. An itemset that was infre-
quent may become frequent (large), while frequent itemsets
may become infrequent (small) and an itemset may remain
frequent or infrequent. We define infrequent itemsets that
are moving toward being frequent as emerging. Conversely,
frequent itemsets moving toward infrequent are submerg-
ing. An infrequent (frequent) itemset that becomes large,
i.e. with support above (below) minimum support value,
is said to have emerged (submerged). The problems we
address in this paper are: (1) How can we identify itemsets
that are emerging (submerging)? (2) Which of these item-
sets have the potential to emerge (submerge) within the
next time window? That is, we focus on finding emerging
frequent itemsets in this paper.

According to the emerging itemsets of incre
scheme, we develop this concept on the temporal data
ing. Temporal data mining has the limitation on win
size for finding emerging itemsets. Therefg
change the formula for finding emerging 4
remainder of this paper, we give definiy

Definition 2.1. db; is the transacti

the transactions in 7 = 1.

Definition 2.2. DB, ;4 ;i
i.e., DBj345 is the tra

dow size = ue to the limitation of
window, the old database db; when
adding he new database should be

DBt 42 eme, we should find emerging
itemsets befS@Aa new database is added. So we should
focus on the d@gase DB, ;1> ;. The old database db;
is useless for finding emerging itemsets. For example, sup-
pose an original database is DB,34 and we set the limita-
tion of window size as 5. If a database dbs is added, the
new database will be DB;5345. Due to the limitation of win-
dow size, when adding a database dbg, we should discard
the old database db,. Thus, the new database becomes
DBs3456. In our scheme, we would find potential emerging
frequent itemsets before a database is added. So we should
focus on the database DB,34s finding potential emerging
frequent itemsets. And the potential emerging frequent
itemsets of the database DB,345 can be represented more

DBazass
DBiaz4s

TxTime

nd this conforms the limitation of window
s that we would find potential emerging

3. Mining temporal emerging itemsets

In Section 3.1, we give an example for mining temporal
emerging itemsets from data stream. The proposed algo-
rithm, EFI-Mine, is described in details in Section 3.2.

3.1. An example for mining emerging itemsets

Fig. 3 shows an example of emerging itemsets modified
on that proposed by Dong and Li (1999) for the special
case of EFI. It shows partitions of the space of itemsets,
indicating all possible transitions for an itemset X from ori-
ginal database DB to the new database DB + db.

Fig. 3 plots the support count in DB (denoted as SCpg)
against the support count in db (denoted as SCg,). Each
point in the graph depicts an ordered pair (SCqp, SCppg)
where the sum of SCqyp, and SCpg is an itemset’s support
count in DB + db at some increment interval. If the incre-
ment adds no transactions to an itemset’s support count,
then its support count in DB has to be equal to min-
SCpg + minSCy, in order to achieve minSCpgigp. This
corresponds to point H in Fig. 3. Alternatively, if an item-
set’s SC is equal to |db| in db, then its support in DB has to
be some SC=n, where n>0, and n=minSCpg+
minSCyp —|db| for the itemset to be frequent. This is point
C in Fig. 3. Line HC partitions the space of all itemsets in
DB + db into frequent and infrequent. The shaded area in
Fig. 3 represents all the frequent itemsets and it includes
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Fig. 3. Emerging frequent itemsets.

Line HC. Specific partitions under HC contain itemsets
that are emerging in the current increment. For example,
the area defined by AHFG represents those itemsets that
were frequent itemsets in DB, infrequent itemsets in db,
and now are infrequent in DB + db. These itemsets have
therefore submerged. AGIC represents itemsets that were
infrequent in DB and frequent in db. These itemsets h,
emerged. Therefore, we can find all itemsets in area AB
are emerging in the current interval and all itemsets in ar
OAGH are submerging.

However, there are too many emerging itg

the current increment. All poi
sented by line RS in Fig. 4

IDE|
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Fig. 4. Potentially emerging frequent itemsets.

For example, if we have a database with |DB| = 10,000,
|db| = 1000 and minsup = 0.2, then the minimum support
count for the current increment is 2200 (2000 from DB plus
200 from db). If an itemset can add the maximum support
from incremental support count, a total of 1000 from db, in
the next increment, it would need a support count of at
least 1400 in the current increment to be able to attain
the minimum support count of 2400 ((11,000 + 1000) *
0.2 =2400) needed to become frequent.

The band of itemsets between ling

the next increment, by this
ABCG and HCSR, we getjite

DB;;
i find frequent itemsets from
e should focus on DB,y . ; for find-

in ging frequent itemsets after adding data-
ba ;and thg®find potential emerging frequent itemsets
of thi DB;y1,i+2, .. j+1 before adding next incre-

al new database db;;. It means db; would be an old
that needs not be considered. After adding new
atabase db;,, the new database would be DB, ;12 . j+1.
So the window size is N when database is changed from
b;i1 to dbyyy. It also indicates N=(j+ 1) —(i+ 1)+ 1.
By the feature of temporal data mining, we set
|db] = |db] = |db;+4| = ... =|db]. In Fig. 4, various lines
bear the following meaning:

LineHC = minSCpg,,, ,, ., + minSCyp,

LineFI = minSCpg,,, ,,

LineRS = 2minSCyy,, + minSCpp,,, ,, ., — |db)]
LineEC = minSCq,, + minSCpp,,, ,, ., — |dbj]

LineAK = minSCdb’

According to the feature of window size in temporal min-
ing, incremental database means adding length of original
transactions and also promoting the probability of infre-
quent itemsets to become frequent. Because we focus on
N — 1 window size for finding potential emerging frequent
itemsets, these formulas should be divided by N — 1 base
on the number of database as follows:

LineHC = (minSCpp,,, ., ., +minSCq,)/N — 1
LineRS = (2minSCyp,, + minSCpp —|db;])/N — 1

it1,i4+2,j— 1
Because Line FI does not add new database, it should be
divided by (N — 1) — 1. It means Line FI should be divided
by N — 2 as follows:

LineFI = minSCpg,,,,,, /N —2

i1,
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Line EC means that adding new database db; and an item-
set’s SC is equal to |dbj in db;, so it should be divided by
(N — 1) as follows:

LineEC = (minSCdbj + minSCpg — |db;])/N -1

1,42, -1

Because db; belongs to one of N window size, the formula
should be d1V1ded by N as follows:

LineAK = minSCyp, /N

Fig. 5 illustrates the potentially emerging frequent itemsets
in area GDSC with window size limitation. The formula
for each line is as mentioned above.

According to these formulas, we can simplify these lines
as follows:

HC=[S" (-1-G+D+1) *Idb] + S * jdbly/
—1—[S (N —2)*|db| + 5 * |dblyN — 1= * |db|
FI—[S U—l—(z—l—l)—i—l)ldbl]/N 2= S b

RS =[2"8 " |db| + S*[(j ~ 1) = (i + 1) + 1]°|db| — |db]y
71—[2 $ ™ ldbl + 8 * (N — 2)"|db] - |db]y
—I—L(S N) — 1]°ldbl/N — 1

EC =[S " |dbl + S™[(~ 1) = (i 1) + 1]"]db] — [db]Y

N — 1 =[S db|+ S ™ (N — 2)"|db| — |db[y

N—l—[S (N — 1) — 1T|[dbl/N — 1
AK = S*db/N

We can also find potentially emerging frequent ite

in area HRSC without concerning support count in »

However, it will reduce the accuracy
emerging frequent itemsets. Taking intg

hc processing pro-
f for minimum

H K
Support
Count F ¢ I
in DBinjr..j1 R
E P__%EH c
— | .
A
0 B
|dby

Support Count in db;

Fig. 5. Potentially emerging frequent itemsets for temporal patterns.

data stream. With window size N, we would not only
remove db; but also add new database db; for finding
l-emerging itemsets on the database DB, i1, . ;and find-
ing large 1-itemsets on the database db; from Step 1 to Step
3. So the purpose is to find potentlal emerging frequent
itemsets of the database DB,y ;1> . ;1 before adding next
new database db;;;. We generate k-candidates and find k-
emerging itemsets by calculating support count as men-
tioned previously from Step 4 to Step 13. Then, we gener-
ate k-candidates and find k-large itca by support count

**N)— 1]*

meeting the constraints s*
|dbl/N — 1 on DBy ito,

cmset is emerging
e itemset. Given an
DBit1it2,.. .1 and
and SCos,., ., -+

of that itemset is
The growth rate of an

support  is
An itemset meet-

Bii1it2,..j-1°
ains minimal

\+dab, — MinSCpp

i+1,i+2,...j—1 "
2, -1 ’dbjfsc DBiyyiy2,..j—1
42, jo1+db,~minSCop, .y 5o oy

emset needs a support count of at least
j-1+dbj+db; g =minSC DBy 142, j—1+2db to emerge
d ng a new database dbjﬂ with expanding one
window size. A potential emerging frequent itemset is the
one that is emerging and meets the following constraint:

.......... SCDBHrlHrZ ,1) >
mmSCDBM+2 _____ . lﬂdb Hence we can mfer that an itemset
that will potentially emerge with expanding » window
sizes is an itemset that is currently emerging and
SCDBI'+1J+2 ..... j—1+db; + n(SC DBii142,..j-1+db; SCDBM 42, 1) >
minSCpg,, ., . ,+ndb- Of course, the larger n is, the less
accurate with finding potential emerging frequent itemsets
might be.

> 1 is an emerging

4. Experimental evaluation

To evaluate the performance of EFI-Mine, we con-
ducted experiments of using synthetic dataset generated
via a randomized transaction generation algorithm in
Agrawal and Srikant (1995). The synthetic data generation
program takes the parameters as shown in Table 2, and the
values of parameters used to generate the datasets are
shown in Table 3. The simulation is implemented in C+-+
and conducted in a machine with 1.4 GHz CPU and
512 MB memory. The main performance metrices used
are execution time and accuracy. We recorded the execu-
tion time that EFI-Mine spends in finding potential emerg-
ing frequent itemsets. The accuracy is to measure the
number of actual emerging frequent itemset in ratio of
the total potential emerging frequent itemsets that we
found. Hence, the accuracy is defined as follows:
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1) Input: DBj‘H]‘A.. 31
2) Remove db; from DBjje.... j1and add new database db; then the database becomes
DBis1ga,..
I Ey={emerging l-itemsets on database DB 139 4} and Li={large |-itemsets on database
dby};
4 for ( k=2; B #0 k++ ) dobegin
5) Gy = candidate-gen(Cy.1); // New candidates
6y forall transactions te DBy ... ,j do begin
E)) Cy= subset(C, , t), // Candidates contained in {tansactions
& forall candidatesc € C;do
)] c.count++;
10 end
11 Ey={ce G | S*dbl>ccount = [(S*N)-1]*|db}N-1}
1D /1 5C between LineHC and LineRS
13)end
14y for ( k=2, Ly #0k++) dobegin
15) Cy = candidate-gen(Cy.1), // New candidates
16) forall transactions te db; do begin
17) Cy = subsel(Cy , 1), #/ Candidates contained in transa S
18) forall candidatesc € Cydo
193 ccount++;
20 end
213 Ly={ce Cx | ccount = S*db/N}
22 #f 5C larger than LineAK
23)end
24) Output: ( UyEy) Ny,
6. Algo EFI-Mine
Table 2

Parameters of the synthetic datasets

1000 100,000 10

Accuracy = (number of actual emerging frequent itemset)/
(total potential emerging frequent itemsets)

4.1. Effects of varying support threshold

In this experiment, we vary the values of support thresh-
old from 30% to 70% for interesting the effects on the accu-
racy. The other parameters were kept fixed as default
values. Fig. 7 shows the accuracy of EFI-Mine under differ-
ent support threshold values. It is observed that the average

\

Accuracy (%)
s

[\
(=)

30% 40% 50% 60% 70%
support

Fig. 7. Accuracy under different support values (N100T5C1000, w = 10).

accuracy of potential emerging frequent itemsets raises as
the support value is increased. Especially, the accuracy
reaches to 100% when the support value is beyond 60%.
Hence, EFI-Mine is verified to be very effective in finding
the emerging itemsets.

4.2. Comparisons with A priori in execution time

In this experiment, we compare the average execution
time in different support values between A priori and
EFI-Mine. Both of these two algorithms could find fre-
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quent itemsets. However, A priori can only find frequent
itemsets, while EFI-Mine can find frequent itemsets that
were infrequent in the past. A priori algorithm processes
DB;yi 42, j+1 to find frequent itemsets, while our EFI-
Mine algorithm needs to process fewer database
DB,y i+2,.. ., to find potentially emerging frequent itemsets.
From Fig. 8, EFI-Mine spends few seconds with high sta-
bility for finding potentially emerging frequent itemsets.
Compared to A priori, the improvement is about 90.6%
for support values varied from 30% to 60%. Although
EFI-Mine does not always obtain frequent itemsets with
100% accuracy, it reduces substantially the time in finding
frequent itemsets. Moreover, the frequent itemsets
obtained by A priori are not suitable for applications in
data streams since we need frequent itemsets which are
infrequent in the past and frequent in the current by the
time change. Hence, EFI-Mine meets the requirements of
high efficiency and high scalability in terms of execution
time for data stream mining.

4.3. Effects of varying window size

In this experiment, we investigate the effects of varying
window size on the accuracy of mining results. As shown
in Fig. 9, we could observe that the larger windowgi
the higher with accuracy. In fact, the accuracy is a
100% when window size is large than 15 in the experim
This is because the itemsets are tended to be sig
ing to the past databases. This indicates th
for mining data streams with large wing

4.4. Effects of varying transacti

effects of varying
results i.e., the

In this experiment, wegnvestigat

Fig. 10, if T is 1
T. This is because

S —4&@— EFI-Mine

k5]

% —l— Aprori

=

H

=1

R=t

=

3

>

10
0 vk T 4 T X = T T !
30% 40% 50% 60% 70%
support

Fig. 8. Execution time with w = 10.

from past transactions. This indicates that EFI-Mine fits
for mining data streams with large transaction size.

100

=

60

40

Accuracy (%)

40

20

3 5 7 10
Average Numbers of Items per trasaction (T)

Fig. 10. Accuracy under different numbers of items per transaction with
w=10.
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\ —&— EFI-Mine

N \\

3

S

>

Q
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5 40

Q

< \
20
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Numbers of Items (N)

Fig. 11. Accuracy under different numbers of items.
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4.5. Effects of varying number of items

In this last experiment, we investigate the effects of vary-
ing the numbers of items on the accuracy of mining results.
The results are as shown in Fig. 11. We observe that the
accuracy decreases when the numbers of items are
increased. This is because too many items will affect the sta-
bility of the patterns. On the contrary, the accuracy under
smaller numbers of items could reach almost 100%. This
indicates that EFI-Mine fits for mining data streams with
small numbers of items.

5. Related work

In association rules mining, A priori (Agrawal et al.,
1993), DHP (Park, Chen, & Yu, 1997), and partition-based
ones (Lin & Dunham, 1998; Savasere, Omiecinski, & Nav-
athe, 1995) are proposed to find frequent itemsets. Many
important applications have called for the need of incre-
mental mining. This is due to the increasing use of the
record-based databases whose data are being continuously
added. Many algorithms like FUP (Cheung, Han, Ng, &
Wong, 1996a), FUP, (Cheung, Lee, & Kao, 1997a) and
UWEP (Ayn, Tansel, & Arun, 1999a, 1999b) are proposed
to solve incremental database for finding frequent itemsets.
The FUP algorithm updates the association rules in a d
base when new transactions are added to the datab
Algorithm FUP is based on the framework of A pr10
and is designed to discover the new frequent ifg
atively. The idea is to store the counts of
itemsets found in a previous mining operg

ung et al. (1997a) where t
FUP, for updating th

UWEP (update with
tal algorlthm tha

ata from data streams is a
ining. Many algorithms like
FTP-DS (Ten®@ al., 2003) and RAM-DS (Teng, Chen,
& Yu, 2004) are [%@mwosed to process data in data streams.
FTP-DS is a regression-based algorithm to mine frequent
temporal patterns for data streams. A wavelet-based algo-
rithm, called algorithm RAM-DS, to perform pattern min-
ing tasks for data streams by exploring both temporal and
support count granularities.

Some algorithms like SWF (Lee, Lin, & Chen, 2001) and
Moment (Chi, Wang, Yu, & Muntz, 2004) are proposed to
find frequent itemsets over a stream sliding window. By
partitioning a transaction database into several partitions,
algorithm SWF employs a filtering threshold in each parti-
tion to deal with the candidate itemset generation. Moment

algorithm use the closed enumeration tree (CET), to main-
tain a dynamically selected set of itemsets over a sliding
window.

Dong and Li define an emerging pattern as an itemset
the support of which increases significantly between two
databases. We view emerging frequent itemsets as a special
case of the emerging patterns described by Dong and Li.
Recently, a new algorithm modifies an existing incremental
algorithm, UWEP, so that it can identify emergent large
itemsets. It uses incremental scheme : ding emerging

Although there existed nu
itemsets mining and data
above, there is no algorit
frequent itemsets in
exploration on the is
quent itemsets i
this research.

quent in current time window but have
to become frequent in the subsequent
e propose a new approach, namely EFI-
which can discover emerging frequent itemsets from
ms efficiently and effectively. The novel contribu-
1on of EFI-Mine is that it can effectively identify the poten-
tial emerging itemsets such that the execution time can be
educed substantially in mining all frequent itemsets in
data streams.

The experimental results show that EFI-Mine can find
the emerging frequent itemsets with high precision under
different conditions like varied window size, transaction
size and number of items, etc. This also indicates that
EFI-Mine fits for mining data streams with large window
size transaction size and number of items. Moreover, it is
highly efficient and scalable in terms of execution time.
Hence, EFI-Mine promising for mining temporal emerging
patterns in data streams. For the future work, we would
extend the concepts of this paper to discover other interest-
ing patterns in data streams like the frequent closed sets
(Bastide, Taouil, Pasquier, Stumme, & Lakhal, 2000; Pas-
quier, Bastide, Taouil, & Lakhal, 1999; Pei, Han, & Mao,
2000).
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