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Abstract

One of important research areas of data mining
is mining sequential patterns. For a transaction
database, sequential pattern means that there are
some relations between the items bought by cus-
tomers in a period of time. If we can find these
relations by mining sequential patterns, we can
provide better selling strategy to gain more cus-
tomers’ attentions. However, since the transac-
tion database contains a lot of data, and it will
be scanned during the mining process again and
again, to improve the running efficiency is an im-
portant topic. In the GSP algorithm, it gener-
ates fewer number of candidates; however, it still
spends too much time in counting candidates. In
the SPAM algorithm, it uses bitwise operations to
reduce the time for counting candidates; however,
it generates too many candidates which will never
become frequent itemsets. In this paper, we pro-
pose a new bitmap-based algorithm. We use the
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similar candidate generation method presented in
the GSP algorithm to reduce the number of candi-
dates and the similar counting method proposed in
the SPAM algorithm to reduce the time of count-
ing candidates. From our simulation results, based
on the same bit representation for the transaction
database, we show that our proposed algorithm
could provide better performance than the SPAM
algorithm in terms of the processing time, since
our algorithm could generate fewer number of can-
didates than the SPAM algorithm.

Keywords: Bitmap-based mining, data mining,
knowledge discovery, pattern analysis, sequential
patterns.

1 Introduction

In recent years, with the computers and infor-

mation industries growing more and more rapidly,

varies data around us become more complexity

and huge. As the amount of data grows, it be-

comes very difficult to determine the useful data.

So, there comes a research named data mining

which is used to help making decisions and infor-

mation retrieval [18]. Mining sequential patterns

is a very important topic for the behaviors in the

real world. A sequential pattern indicates a se-

quence of transactions that usually occurred seri-

ally in time. For example, in a transactional data-

base, one might purchase a TV and then purchase

some speakers at some later time. After a period

of time, he/she could possible buy a VCD player



and some VCDs. If the database contains a suffi-

cient number of customers who have a purchasing

sequence of TV, speaker, VCD player and VCD,

then such a sequence is a sequential pattern. In

this case, we can provide the speaker information

to the customer after he/she has bought a TV.

The problem of mining sequential patterns was

first introduced in [3]. The input data is a set

of sequences, called data-sequences. Each data-

sequence is a list of transactions, where each

transaction is a sets of literals, called items.

Each transaction is associated with a transaction-

time. A sequential pattern consists of a list of

sets of items. The problem is to find all se-

quential patterns with a user-specified minimum

support, where the support of a sequential pat-

tern is the percentage of data-sequences that con-

tain the pattern [15]. Generally speaking, there

are two differences between mining sequential pat-

terns and mining association rules: candidate gen-

eration and counting, where mining association

rules means that the presence of some items in a

transaction will imply the presence of other items

in the same transaction. The difference in the part

of the candidate generation is shown in Figure 1.

Since the transaction time is a factor of sequen-

tial mining, there are four candidates in sequen-

tial patterns, while there are only two candidates

in association rules. Note that in mining associa-

tion rules, the information about the customer ID

is ignored. The other difference is the counting

for candidates, which is shown in Figure 2. Since

the same customer has two transactions with the

same item, the count of the candidates of sequen-

tial patterns is 1, while the count of the candidate

of association rules is 2. From the above observa-

tions, we can not solve the problems of sequential

patterns by using the existing association rules al-

gorithms directly.

Customer ID
  Transaction Time
 Items Bought


sequential patterns
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<(bread)>


<(milk)>
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2
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Figure 1: The difference of candidate generation
between mining sequential patterns and mining
association rules

The tasks of finding frequent sequential pat-

terns in large databases will bring lots of benefits

for many applications, such as DNA sequences,

telecommunication alarms, customer relationship

management [9, 10]. There are several Apriori-

based algorithms, such as AprioriAll [3] and GSP

[15], have been proposed. (Note that the Apri-

ori algorithm is one of well-known algorithm for

mining association rule.) However, their search

space is extremely large. For example, with m

attributes, there are O(mk) potentially frequent

sequences of length k. Moreover, these algorithms

are iterative in nature, which need high I/O cost.

Pei et al. proposed another two algorithms [8]

which could provide better performance than the

GSP algorithm [14] by reducing the huge set of

candidates and the multiple scans of database. In

their algorithms, they use the projected database

as their data structure which needs a lot of mem-

ory space and needs too much time in constructing

those structures.

Basically, the above algorithms for the candi-

date generation apply a common property, “the

subset sequences of a frequent candidate sequence

are also frequent”, which reduces the number of

candidates resulting in reducing both the process-
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Figure 2: The difference of counting between min-
ing sequential patterns and mining association
rules

ing time and the storage space. This is one spirit

of the Apriori algorithm [2]. Therefore, we need

an algorithm that keeps the spirit of the Apriori

algorithm but avoid the expensive cost of candi-

date generation and test.

On the other hand, we notice the constant exe-

cution time of all logical operations at the bit level

(e.g., AND, OR, NOT, etc.). Additionally, we ob-

serve that sorting the data is not required when

using bitmaps [6]. Besides, since the candidate

generation and test is under bitwise operations,

the bitmap data structure is simple, easy to im-

plement, and providing fast processing time.

In [4], based on the bitmap representation,

Ayres et al. proposed the SPAM algorithm to solve

the problems of I/O cost and poor data struc-

ture that the Apriori-based or non-Apriori-based

algorithms have met. Besides, it keeps the advan-

tages of bitwise operations. The SPAM algorithm

is simple, fast, and easy to implement. However,

the process of the candidate generation based on

the Lexicographic Sequence Tree is time and space

consuming. Moreover, it generates too many can-

didates which will never become frequent itemsets.

In this paper, we propose a new bitmap-based

algorithm to discover the frequent sequential pat-

terns, which avoids the weakness of the SPAM

algorithm but keeps its advantages, such as the

speed of the bitwise operations. Moreover, we re-

call the spirit of Apriori-based algorithm, that is,

to make full use of the previous generated frequent

sequences. Hence, by modifying the way to gener-

ate candidates in the GSP algorithm and applying

the bitwise operations in the SPAM algorithm, the

proposed algorithm can mine sequential patterns

efficiently. That is, we use the similar candidate

generation method presented in the GSP algo-

rithm to reduce the number of candidates and the

similar counting method proposed in the SPAM

algorithm to reduce the time of counting candi-

dates. In the proposed algorithm, we classify the

itemsets into two cases, simultaneous occurrence

(noted as AB) and sequential occurrence (noted

as A->B). In the case of simultaneous occurrence,

the number of candidate is Cn
k based on the ex-

hausted method. In order to prevent too many

candidates generated, we make use of the prop-

erty, “the subsets of a frequent itemset are also fre-

quent”, to reduce the number of candidates from

Cn
k to C

y
k , k ≤ y < n. In the case of sequential oc-

currence, the candidates are generated by using a

special join operation which could combine, for ex-

ample, A->B and B->C to A->B->C. Moreover,

we have to consider two other cases: (1) combing

A->B and A->C to A->BC; (2) combing A->C

and B->C to AB->C. The method of counting

candidates is similar to the SPAM algorithm (i.e.,

bitwise operations). From our simulation results,

we show that the proposed algorithm outperforms

the SPAM algorithm in all datasets. The main

reason is that our algorithm could generate fewer

number of candidates than the SPAM algorithm,

which reduces a lot of time of testing candidates.

The rest of the paper is organized as follows.

Section 2 gives a survey of some algorithms for

mining sequential patterns. In Section 3, we

present a new bitmap-based algorithm for min-

ing sequential patterns. In Section 4, we give a
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comparison of the performance of the SPAM al-

gorithm and our proposed algorithm. Section 5

gives a conclusion.

2 Background

In this section, we give a survey of some well-

known data mining algorithms for sequential pat-

terns problems.

2.1 Formal Problem Definitions

First, we give the formal definitions of the

problem of mining sequential patterns which are

proposed by Agrawal and Srikant [3, 15]. Let

I = {i1, i2, ..., in} be a set of items. A subset

X ⊆ I is an itemset and |X | is the size of X .

A sequence s = 〈s1, s2, ..., sm〉 is an ordered list

of itemsets, where si ⊆ I, i ∈ {1, ..., m}. The

size, m, of a sequence is the number of item-

sets in the sequence. The length l of a sequences

s = 〈s1, s2, ..., sm〉 is defined as l =
m∑

i=1

|si|. A

sequence with length l is called an l-sequence [4].

A sequence sa = 〈a1, a2, ..., an〉 is a subsequence

of another sequence sb = 〈b1, b2, ..., bm〉, if there

exist integers i1 < i2 < ... < in such that

a1 ⊆ bi1 , a2 ⊆ bi2 , ..., an ⊆ bin
. For example,

the sequence k = 〈(A)(BC)〉 is a subsequence of

〈(AB)(BCE)(D)〉, since (A) ⊆ (AB), (BC) ⊆

(BCE). However, the sequence 〈(ABC)〉 is not a

subsequence of k.

Let D be a set of sequences called data-

sequences. Each data-sequence is a list of trans-

actions, ordered by increasing transaction-time. A

transaction T consists of a customer-id, a trans-

action time, and a set of items, such as T =

(CID, T ID, I), where CID is a customer-id, TID

is a transaction time, and I is a set of items. We

assume that no data-sequence has more than one

transaction with the same transaction-time. The

support of a sequence s in D is defined as

support(s) = # of the data−sequences that contain s

# of total data−sequences

Table 1: The transaction database

CID TID Itemset
1 1 (AD)
1 2 (B)
1 5 (AF)
2 2 (BD)
2 6 (EF)
3 4 (AE)
3 5 (A)

Table 2: The data-sequences

CID Sequence
1 〈(AD)(B)(AF )〉
2 〈(BD)(EF )〉
3 〈(AE)(A)〉

For a user-specified min sup, if support(s) ≥

min sup, s is a frequent itemset.

Table 1 shows the transaction database which

is sorted by CID and TID. Table 2 shows the

corresponding data-sequences. From this table,

the number of the data-sequences is three. Sup-

pose we want to find the support of s = 〈(A)(A)〉.

For a sequence, such as 〈(A)(A)〉, has the same

meaning as the form of A->A. From Table 2, we

know that s is a subsequence of the sequences of

customer 1 and customer 3. Therefore, we have

support(s) = 66.7%. If min sup = 50%, s is a

frequent 2-itemset.

2.2 Related Work

Many algorithms have been proposed for min-

ing sequential patterns [1, 3, 4, 5, 7, 8, 11, 12, 14,

13, 15, 16, 17, 19, 20, 21]. Ayres et al. proposed the

SPAM algorithm in which the data is recorded in

the bit representation [4]. In this algorithm, they

use the sequence-extended and itemset-extended

techniques to build up the lexicographic sequence

tree, and use the bitwise AND operation to gen-

erate the candidates. However, it spends a lot
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of time to prune sequence-extended and itemset-

extended sequences. Moreover, it costs lots of

space to store the necessary information to fol-

low the rule of the lexicographic sequence tree.

The above algorithms assume that there is no time

constraint for sequential patterns. The first two

of the following algorithms introduce time con-

straints for mining sequential patterns.

Srikant and Agrawal proposed the GSP algo-

rithm [15]. This algorithm adds taxonomies, slid-

ing windows, and time constraints for the real

world conditions. These constraints affect the

counting of the candidates. In addition, the GSP

algorithm uses a contiguous subsequence method

to generate the candidates. As compared to

AprioriAll, GSP is between 30% to 5 times faster

than AprioriAll [15].

3 The Bitmap-Based Approach

Most of the proposed algorithms follow the

Apriori principle to solve the sequential pattern

mining problems. One advantage of the princi-

ple is that any subset of the frequent itemsets will

be frequent. Thus, we can reduce a lot of steps

to check out whether a candidate is frequent or

not. However, if we use the string recognition

to do this work, it will be too slow to find out

the frequent itemsets. Therefore, the SPAM al-

gorithm uses the bitmap representation to speed

up the process [4]. Although it reduces the time

spent on generating candidates, it generates too

many candidates that are not frequent. In this

Section, we present an algorithm based on the

bitmap-based approach to reduce the number of

candidates by using a new candidate generation

method and adding some new bitwise operations

for needs.

3.1 The Bitmap Representation

In this section, we give a simple example to il-

lustrate how to denote sequential patterns by us-

ing the bitmap representation. The bitmap repre-

sentation uses True and False to show the states

of items. For example, Figure 3-(a) shows the orig-

inal transactions. It means that customer 1 buys

ACD, AB, and BCD at time 10, 15, and 20, re-

spectively. We transform these transactions into

the bitmap representation, as shown in Figure 3-

(b). To simply our denotation, we use 1 and 0,

instead of True and False, to represent whether

the item is bought or not. In Figure 3-(b), we can

observe that when TID = 10, items A, C, and D

are marked with 1, and item B is marked with 0,

since 1 means that it really happens while 0 means

that it does not.

There are two basic cases of sequential pat-

terns. The first one is that two items bought in

different time, i.e., the sequential occurrence. It

means that two items have a former and later rela-

tionship and the order of them is important. The

second one is that two items bought at the same

time, i.e., the simultaneous occurrence.

Now, we describe the bitmap operations be-

tween these two basic cases of sequential patterns.

Suppose we want to mine the relationship between

items A and B. From Figure 3-(b), we know

A = [110] and B = [011] with TID = 10, 15,

and 20. For the first one, A->B (the sequential

occurrence), we find out the first bit 1 that hap-

pens in A with its TID being the smallest one

among those transactions for the same customer.

We then change it to 0, and set the rest of bits to

1 no matter they are 1 or 0. We apply an AND

operation on the result and B. Finally, we get the

result of A->B as shown in Figure 4-(a). For the

second one, AB (the simultaneous occurrence), we

5
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1
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TID
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Figure 3: An example for the bitmap representa-
tion: (a) the original transactions; (b) the corre-
sponding bitmap representation.
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Figure 4: Two cases using bitwise operations: (a)
A->B (sequential occurrence); (b) AB (simulta-
neous occurrence).

apply an AND operation on A and B directly.

Thus, we can have the result of AB as shown in

Figure 4-(b). These operations are proposed in

the SPAM algorithm [4].

3.2 Definitions

To efficiently mining sequential patterns based

on the bitmap representation in our algorithm, we

will apply one bit transformation technique, S-

step, used in the SPAM algorithm [4], which is

defined as follows:

• S-step transformation: If there is an item-

set x and its corresponding bitmap repre-

sentation is [x0, x1, ..., xi−1, xi], ∃k such that

xk = True (1), and for all i < k such that

xi = False (0), we set xk = False (0) and

xi = True (1), ∀i > k.

In addition to the above bit transformation, we

define the following two operations:

x
 = [0101]
 y
 = [1100]


[0]
 [0]


[1]
 [1]


[0100]


[1101]


Inner 
AND
 operation


Inner 
OR
 operation


Outer 
AND
 operation


Outer 
OR
 operation


[0011]
 [0111]
S-step transformation


Figure 5: An example for the S-step transforma-
tion, the inner AND/OR operation, and the outer
AND/OR operation

• Inner AND/OR operation: If there is

an itemset x and its corresponding bitmap

representation is [x0, x1, ..., xn−1, xn], an in-

ner AND operation is x0 AND x1 AND ...

AND xn−1 AND xn, and an inner OR oper-

ation is x0 OR x1 OR ... OR xn−1 OR xn.

• Outer AND/OR operation: If there

are two itemsets x and y and their corre-

sponding bitmap representations are x =

[x0, x1, ..., xn−1, xn], y = [y0, y1, ..., yn−1, yn],

respectively, an outer AND operation is [x0

AND y0, x1 AND y1, ..., xn−1 AND yn−1,

xn AND yn] and an outer OR operation is

[x0 OR y0, x1 OR y1, ..., xn−1 OR yn−1, xn

OR yn]

For example, given the itemsets x = [0101] and

y = [1100], after performing S-step transforma-

tions, we have x = [0011] and y = [0111], as shown

in Figure 5.

3.3 The Algorithm

In this section, we illustrate the proposed algo-

rithm by using an example transaction database as

shown in Figure 6. Figure 7 shows the correspond-

ing bitmap representation. The procedure main

is shown in Figure 8. Given min sup = 50%, for

this example, it means that an itemset is frequent
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CID
 TID
 Itemsets
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20
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25
 A D F


2

15
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25
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3
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15
 D G H


20
 B F


30
 A G


Figure 6: An example transaction database

if it exists in more than 2 (= 4 ∗ 50%) customer

transactions. The whole algorithm is processed as

follows. First, we find out L1 by using procedure

Reduce BDB.

For example, as shown in Figure 9-(a), for item

A = [0111] with CID = 1, we apply an inner OR

operation on A. The result is 1, which means that

the support of this item is 1. After summarizing

the support of other items, we delete the items

with their support less than min sup. Finally, the

remaining items are L1, as shown in Figure 9-(b).

Next, to generate L2, as described in the pre-

vious section, we have to consider two cases for

the same CID: the itemsets with the same TID

(denoted Case 1) and the itemsets with different

TIDs (denoted Case 2), for mining sequential pat-

terns.

For Case 1, the itemsets with the same TID,

we call procedure L Same TID P (Y, n), as shown

in Figure 10, where procedure Combination is

used to compute the combinations of the items

in Y , and stores all the possible combinations in

COMB. For each CID, according to COMB,

we apply an outer AND operation on any two of

A
 B
 C
 D
 E
 F
 G
 H


0
 0
 1
 1
 0
 0
 0
 0


1
 1
 1
 0
 0
 0
 0
 0


1
 1
 0
 0
 0
 1
 0
 0


1
 0
 0
 1
 0
 1
 0
 0


1
 1
 0
 0
 1
 1
 0
 0


0
 0
 0
 0
 1
 0
 0
 0


1
 1
 0
 0
 0
 1
 0
 0


0
 0
 0
 1
 0
 0
 1
 1


0
 1
 0
 0
 0
 1
 0
 0


1
 0
 0
 0
 0
 0
 1
 0


1


2


3


4


CID


Figure 7: The bitmap representation Exist for the
example database

procedure main () {

ReadFromSource(Exist);

Reduce BDB(Exist);

/* Generating L1 */

L Same TID P (Y,n);

/* Generating L2 with the same TID */

L Diff TID1 P ();

/* Generating L2 with different TIDs */

while (Ln 6= ∅) then {

MakeTable(L Diff TIDn−1);

Y = Reduce CSameTID(L Same TIDn−1, n);

L Same TID P(Y , n);

L Diff TID CaseA();

L Diff TID CaseB();

L Diff TID CaseC();

n = n + 1; } }

Figure 8: Procedure main
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(a)


(b)


CID
 CID


CID
 CID


Figure 9: The generation of L1: (a) the process of
pruning items by using an OR operation; (b) the
final bitmap representation of L1.

procedure L Same TID P (Y , n) {

foreach CID c do {

Combination(Y,n,c,COMB);

Total COMB = Total COMB
⋃

COMB;

foreach itemset I ∈ COMB do {

isT rueTrans = False;

foreach TID t do {

isT rueItem = True;

foreach item i ∈ I do

isT rueItem = Exist[c, i, t] AND isTureItem;

isT rueTrans = isT rueTrans OR isT rueItem;}

if (isT rueTrans = True) then

I.count = I.count + 1; } }

foreach itemset I ∈ Total COMB do {

if I.count ≥ min s then

L Same TIDn = L Same TIDn

⋃
{I}; } }

Figure 10: Procedure L Same TID P

A
 B
 D
 F


0
 0
 1
 0


1
 1
 0
 0


1
 1
 0
 1


1
 0
 1
 1


1


AB


0


1


1


0


AD


0


0


0


1


AF


0


0


1


1


BD


0


0


0


0


BF


0


0


1


0


DF


0


0


0


1


OR)
 1
 1
 1
 0
 1
 1


AND


CID


Figure 11: The generation of C2 for CID = 1 and
the same TID (Case 1)

items in Exist. Then, we apply an inner OR op-

eration on each candidate to obtain their support.

Finally, we summarize the support to find out the

frequent itemset. For example, as shown in Fig-

ure 11, after we apply an outer AND operation

on item A = [0111] and item B = [0110], we will

have a new itemset AB = [0110]. Then, we ap-

ply an inner OR operation on itemset AB and the

result is 1, which means that AB is in the transac-

tions for CID = 1. The result of C Same TID2

is shown in Figure 12. If the final support are less

than min sup, they can not be frequent and will

be deleted. Finally, the remaining itemsets are

L Same TID2.

For Case 2, itemsets with different TIDs, we

call procedure L Diff T ID1 P , as shown in Fig-

8
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Figure 12: The result of C2 for the same TID

(Case 1)

ure 13, where procedure MPermutation (i.e.,

Modified Permutation) is used to compute the per-

mutations of L1 and stores all the possible permu-

tations in MPERM . The difference between the

modified permutation and the mathematical per-

mutation is that the modified permutation has a

self-permutation relationship. For example, if we

have A and B, the mathematical permutation will

have A->B and B->A. However, relationships A-

>A and B->B should be also considered in our

algorithm, which are necessary for mining sequen-

tial patterns. Therefore, according to procedure

MPERM , we change the bits of the former item-

set by applying the S-step transformation. We

apply an outer AND operation on the result and

the later itemset. Then, we apply an inner OR

operation on the result and the resulting bit is the

support of the item.

For example, assume that B->A is one of the

itemsets in MPERM , B = [0110] is the former

itemset and A = [0111] is the later itemset. The

process of computing the result of B->A is shown

in Figure 14. After applying the S-step transfor-

mation on B, we have B = [0011]. The result-

procedure L Diff TID1 P () {

foreach CID c do {

MPermutation(2,c,MPERM);

Total MPERM = Total MPERM
⋃

MPERM ;

foreach itemset I ∈ MPERM do {

Transformation(I.former);

isT rueTrans = False;

foreach TID t do

isT rueTrans = isT rueTrans OR

(I.former[t] AND I.later[t]);

if (isT rueTrans = True) then

I.count = I.count + 1; }

foreach itemset I ∈ Total MPERM do {

if (I.count ≥ min s) then {

L Diff TID2 = L Diff TID2

⋃
{I};

CheckSet = CheckSet
⋃

{I}; } } }

Figure 13: Procedure L Diff T ID1 P

ing bits mean that any itemset appearing with

TID = 3 and 4 will have a former itemset B.

Since the itemset B->A is composed of B and

A, we should also examine whether A will sat-

isfy this condition or not. Therefore, we apply an

outer AND operation on B and A = [0111], and

we have B->A = [0011], which means those cases

that the later itemset A appears in the pattern

B->A are TID = 3 and 4, respectively. Then,

we apply an inner OR operation on B->A. Fi-

nally, the result is 1, which means that B->A ex-

ists in the transactions for CID = 1. The result

of C Diff T ID2 is shown in Figure 15. If the

results are less than min sup, they can not be

frequent and will be deleted. Finally, the remain-

ing itemsets are L Diff T ID2. The final result

of L Same TID2 and L Diff T ID2 is shown in

Figure 16-(a) while Figure 16-(b) shows the corre-

sponding bitmap of L2.

For the following while loop, as shown in Fig-

ure 8, we generate Ln based on Ln−1, n ≥ 3,

until Ln = ∅. In order to generate candidates

Cn, n ≥ 3, we need to create tables for frequent

itemsets. We define two tables as FTable (i.e.,

9
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C
2


A -> A

A -> B

A -> D

A -> F

B -> A

B -> B

B -> D

B -> F

D -> A

D -> B

D -> D

D -> F

F -> D

F -> F

F -> A


CID


1


2


3


B -> A

D -> B

D -> F

D -> A

F -> A


4


C
2
CID


Figure 15: The result of C2 for different TIDs

(Case 2)

A B

A F

B F


B -> A

D -> B

D -> F

D -> A

F -> A


L
2
 Support


3

3

4


2

2

2

2

2


L_Same_TID


L_Diff_TID


(a)


B->A


0


0


1


1


D->B


0


1


1


0


D->F


0


0


1


1


D->A


0


1


1


1


F->A


0


0


0


1


AB


0


1


1


0


AF


0


0


1


1


BF


0


0


1


0


(b)


2


2


Figure 16: The result of L2: (a) the counts of L2;
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Figure 17: Related tables of L2: (a)FTable;
(b)RTable

the Front Table) and RTable (i.e., the Rear Ta-

ble). We split the itemset (a1->a2->... ->an−1-

>an) into two different sub-itemsets ((a1->a2->...

->an−1), (an)) and ((a1), (a2->... ->an−1->an))

and put them into the two tables. For example,

if we have an itemset D->B->A->C, the item-

set can be split by the first ->and the last ->.

This will produce ((D->B->A), (C)) and ((D),

(B->A->C)). Tables for this example are shown

in Figure 17.

As described in the process of the generation

of L2, there are two cases for the generation of Ln,

n ≥ 3. For Case 1, itemsets with the same TID,

in the first step, because any subset of a frequent

itemset is also frequent, we can prune the useless

items before calling procedure L Same TID P .

The pruning procedure is shown in Figure 18. For

example, as shown in Figure 19-(a), we have three

L Same TID2 itemsets, AB, AF , BF . They are

used to generate C Same TID3. When we want

to find out the combinations of C Same TID3,

we do not need to generate ABD, ADF , BDF .

They will never be the frequent itemsets, because

item D is not include in the L Same TID2 item-

sets. Therefore, we do not directly compute the

combinations of three items from L1 (i.e., A, B,

D, and E), but compute the combinations of three

items from A, B, and F . The number of candi-

dates can be reduced from C4
3 = 4 to C3

3 = 1.

First, we check AB and mark A and B with 1.

10



function Reduce C Same TID (L Same TIDn−1, n)

{

foreach itemset I ∈ L Same TIDn−1 do {

foreach item i ∈ I do

Y = Y
⋃

{i}; }

return (Y ); }

Figure 18: function Reduce C Same TID

Then, we check AF and mark A and F with 1.

Third, we check BF and mark B and F with 1.

The marking bit 1 means that the item exists in

L Same TID 2. After that, we apply an inner

OR operation on these items. If the final result is

1, it means that this item is needed. In the sec-

ond step, we use the same method as illustrated

in the process of the generation of L Same TID2.

This is shown in Figure 19-(b). Finally, we obtain

C Same TID3 as shown in Figure 20.

For Case 2, itemsets with different TIDs, there

are three subcases in this case of the candidate

generation. We use the FTable and RTable to

support them. The diagram for these sub-cases is

shown in Figure 21.

For subcase A, and for the table shown

in Figure 17, we find out the itemsets where

FT Front = RT Rear. Then, we check if the

itemset RT Front->FT Rear is frequent or not

(i.e., if it is in CheckSet). If this does not

stand, it means that the subsequence RT Front-

>FT Rear of this itemset RT Front->RT Rear-

>FT Rear is not frequent and we can drop this

candidate. After the above process, we ap-

ply the S-step transformation to transform the

itemset RT Front->RT Rear, which is from the

RTable. Next, we apply an outer AND opera-

tion on it and the itemset FT Front->FT Rear,

which is from FTable. Therefore, the candidate

itemset RT Front->RT Rear->FT Rear is gen-

erated. We apply an inner OR operation on this
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Figure 19: The generation of C3: (a) the preprun-
ing process; (b) the generation of C3 using AND
operation for CID = 1 and the same TID (Case
1).
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Figure 21: Three subcases for the case of different
TIDs

candidate to obtain its support. The procedure

is shown in Figure 22. For example, we find that

the itemset B (RT Rear) in RTable is equal to the

itemset B (FT Front) in FTable and the itemset

D->A (RT Front->FT Rear) is in CheckSet.

The process for this example is shown in Figure

23. Since that D->A has been mined and is known

as frequent, we apply the S-step transformation to

transform the itemset D->B = [0110] to become

[0011]. Next, we apply an outer AND operation

on the result and the itemset B->A = [0111]. Fi-

nally, the candidate D->B->A = [0011] is gen-

erated. After the inner OR operation, we obtain

that the support of this candidate for CID = 1 is

1.

For subcase B, and for the table shown in

Figure 17, we find out any two of the item-

sets where FT Front = FT Front. We ap-

ply an outer AND operation on these itemsets

to generate candidate FT Front ->(FT Rear1 +

FT Rear2). The pattern (FT Rear1+FT Rear2)

means the synthesis of two itemsets FT Rear1

and FT Rear2, such as, B + F = BF and

BD + BF = BDF . Then, we apply an inner OR

operation on the result. The procedure is shown in

Figure 24. For example, we find that the itemset

D is in FT Front and D appears more than once

and two of these itemsets are D->B = [0110] and

D->F = [0011]. The process for this example is

procedure L Diff TID CaseA() {

foreach itemset FI ∈ FTable do {

foreach itemset RI ∈ RTable do {

if ((FI.front = RI.rear) and

(not(Prune(RI.front->FI.rear)))) then {

Candidate = RI.front->RI.rear->FI.rear;

foreach CID c do {

if (Candidate.length = n) do {

Transformation(FI [c]);

isTureTrans = False;

foreach TID t do {

Candidate[t] = Iset[t] AND RI [c, t];

isT rueTrans =

Candidate[t] OR isT rueTrans; }

if (isT rueTrans = True) then

Candidate.count = Candidate.count+1; } }

if (Candidate.count ≥ min s) then

L Diff TIDn =

L Diff TIDn

⋃
{Candidate}; } } } }

Figure 22: Procedure L Diff T ID CaseA
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Figure 23: The generation of D->B->A (subcase
A) for CID = 1 and different TIDs (Case 2)

shown in Figure 25. We apply an outer AND op-

eration on these two itemsets and a new candidate

D->BF = [0010] will be generated. After the in-

ner OR operation, the support of this candidate

for CID = 1 is 1.

For subcase C, and for the table shown in

Figure 17, we find out any two of the item-

sets where RT Rear = RT Rear. We synthe-

size the itemsets RT Front1 and RT Front2 and

generate the itemset (RT Front1 + RT Front2).

We try to find whether this itemset exists in

L Same TIDn or not. If we can not find the

12



procedure L Diff TID CaseB() {

/* FI1 + FI2 means the synthesis of two itemsets.*/

foreach itemset FI1 ∈ FTable do {

foreach itemset FI2 ∈ FTable do {

if (FI1.front = FI2.front) then {

Candidate = FI1 + FI2;

if (Candidate.length = n) then {

foreach CID c do {

isT rueTrans = False;

foreach TID t do {

Candidate[t] = FI1[t] AND FI2[t];

isT rueTrans =

Candidate[t] OR isT rueTrans; };

if (isTureTrans = True) then

Candidate.count =

Candidate.count + 1; };

if (Candidate.count ≥ min s) then {

L Diff TIDn =

L Diff TIDn

⋃
{Candidate};

CheckSet =

CheckSet
⋃

{Candidate}; } } } } } };

Figure 24: Procedure L Diff T ID CaseB

itemset, we do not need to generate this candi-

date; otherwise, we apply the S-step transforma-

tion on the itemset. Next, we apply an outer

AND operation on it and the itemset RT Front1-

>RT Rear. (We can use itemset RT Front2 -

>RT Rear instead of RT Front1 ->RT Rear,

because RT Front1 and RT Front2 lead to the

same result RT Rear. Since we want to gener-

ate the candidate (RT Front1 + RT Front2) -

>RT Rear, we obtain the same result no matter

which itemset (RT Front1 or RT Front2) is used

to do this operation.) Then, we apply an inner OR

operation on the result. The procedure is shown

in Figure 26.

For example, we find that the itemset A is

in RT Rear and A appears more than once and

two of these itemsets are B->A = [0011] and F -

>A = [0001]. The process for this example is

shown in Figure 27. We first synthesize B and F

to BF . Since BF = [0010] is in L Same TID2,

0
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D->F
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0


1


1


D->B
 D->BF


0


0


1
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1
OR)


Figure 25: The generation of D->BF (subcase B)
for CID = 1 and different TIDs

we apply the S-step transformation on the item-

set. Next, we apply an outer AND operation on

the result and B->A (or F ->A). Finally, the can-

didate BF ->A = [0001] is generated. After the

inner OR operation is performed, the support of

this candidate for CID = 1 is 1. Thus, L3 and its

count for CID = 1 is shown in Figure 28-(a), and

Figure 28-(b) shows the corresponding bitmaps.

Up to this point, we have generated L3 for

this example. FTable and RTable tables for L3

is shown in Figure 29. Similarly, we continue to

process the steps inside the while loop to generate

FTablen and RTablen tables for Ln until Ln = ∅.

4 Performance

In this Section, we study the performance of

the proposed algorithm. As stated in [14], the

performance of the PrefixSpan algorithm [14] is

better than the GSP [15] and the FreeSpan [8] al-

gorithms in terms of the processing time. On the

other hand, as stated in [4], the performance of

the SPAM algorithm [4] is better than the Pre-

fixSpan and the SPADE [20] algorithms in terms

of the processing time. Therefore, in this paper,

we only make a comparison of our proposed algo-

rithm with the SPAM algorithm.
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procedure L Diff TID CaseC() {

/* RI1 + RI2 means the synthesis of two itemsets.*/

foreach itemset RI1 ∈ RTable do {

foreach itemset RI2 ∈ RTable do {

if (RI1.rear = RI2.rear) then {

Candidate = RI1 + RI2;

if (Candidate.length = n) then {

if (Candidate.head ∈ L Same TIDn−1) then{

foreach CID c do {

Transformation(Candidate.head);

isT rueTrans = False;

foreach TID t do {

Candidate[t] =

Candidate.head[t] AND RI1[t];

isT rueTrans =

Candidate[t] OR isT rueTrans; };

if (isT rueTrans = True) then

Candidate.count =

Candidate.count + 1; };

if (Candidate.count ≥ min s) then {

L Diff TIDn =

L Diff TIDn

⋃
{Candidate};

CheckSet =

CheckSet
⋃

{Candidate};} } } } } } };

Figure 26: Procedure L Diff T ID CaseC
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Figure 27: The generation of BF->A (subcase C)
for CID = 1 and different TIDs
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Figure 28: The result of L3: (a) the counts of L3;
(b) the corresponding bitmap of L3 for CID = 1.
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4.1 Generation of Synthetic Data

We generate the synthetic datasets using the

same data model in [3], which also has been used

in [4, 8, 11, 14, 15]. The synthetic data is to simu-

late the behaviors of customers buying patterns in

the retail market. The parameters used in the gen-

eration program of the synthetic data are shown

in Table 3.

First, we determine the number of transac-

tions for the customer, and the average size of

each transaction for this customer. The number

of transactions is decided from a Poisson distrib-

ution with mean µ equal to C, and the average

size of the transaction is decided from a Poisson

distribution with µ equal to T .

Then, we assign items to the transactions of

the customer. Each customer is assigned with a

series of potentially frequent sequences. If the

frequent sequence on hand does not fit in the

customer-sequence, i.e., the size of this customer-

sequence exceeding the predefined size of the

customer-sequence, the itemset is still added into

the customer-sequence, anyway, in half of the

cases, and the itemset is moved to the next

customer-sequence in the rest of the cases.

Frequent sequences are chosen from a table T

of maximal potentially frequent sequences. There

are NS sequences in T . A sequence in T is gener-

ated by first picking the number of itemsets in the

sequence from a Poisson distribution with mean µ

equal to S. Itemsets in the first sequence are cho-

sen randomly from a table of maximal potentially

frequent itemsets. The table of maximal poten-

tially frequent itemsets is similar to the table of

maximal potentially frequent sequences. Since the

sequences often have common items, i.e., popular

products being bought together usual, some frac-

tion of itemsets in subsequent sequences are cho-

Table 3: Parameters

Parameter Meaning
D Number of customers

(= size of the database)
C Average number of transactions

per customer
T Average number of items

per transaction
S Average length of maximal

potentially frequent sequences
I Average size of Itemsets in

maximal potentially frequent
sequences

NS Number of maximal potentially
frequent sequences

NI Number of maximal potentially
frequent itemsets

N Number of items

sen from the previous sequence generated. We use

an exponentially distributed random variable with

mean equal to the correlation level to decide this

fraction for each itemset. The remaining itemsets

are picked at random. In our experiments, the

correlation level was set to 0.25.

Each sequence in T has a weight which deter-

mines the probability that this sequence will be

picked. This weight is picked from an exponential

distribution with unit mean. The next sequence

to be added into a customer sequence is chosen

from T according to their weights. The larger the

weight of one sequence is, the higher probability

of this sequence being picked is.

Since all the items in a frequent sequence are

not always bought together, we assign each se-

quence in T a corruption level c. When adding

a sequence to a transaction, we keep dropping an

item from the sequence as long as a uniformly dis-

tributed random number between 0 and 1 is less

than c. The corruption level for a sequence is fixed

and is obtained from a normal distribution with

mean 0.75 and variance 0.1. Each transaction is
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stored in a file system with the form of <customer

identifier, transaction identifier, item>.

4.2 Simulation Results

In our simulation result, the performance mea-

sures which we concern about are the CPU execu-

tion time of the computation and the sensitivity

to parameters. First, we make a comparison of

the execution time for six synthetic data sets(six

cases). These data sets are used to simulate the

sales volume of the stores within one month. The

first two cases are small-sized shops, the second

two cases are medium-sized stores, and the third

two cases are large-sized stores. Then, we make

a comparison of the execution time under the set-

ting of different parameters. For the comparison of

the first performance measure, NS , NI , S, I were

set to 5000, 25000, 4, and 1.25, respectively. For

the comparison of the second performance mea-

sure, NS , NI , S, I were set to 5000, 25000, 10,

and 10, respectively.

4.2.1 Time Scalability

The first performance measure of our experiments

was to evaluate the execution time of these al-

gorithms to mining various synthetic data sets.

These data sets used in the data generator are

shown in Table 4. The comparisons of execution

time under different minimum supports are shown

in Figure 30.

From these figures, we show that the proposed

algorithm always requires shorter execution time

than the SPAM algorithm no matter what size the

data set is or what value the minimum support is.

The reason is that these two algorithms both use

the bitwise operations to count the support. How-

ever, our algorithm generates fewer number of can-

didates than the SPAM algorithm. Therefore, our

algorithm needs less time to check whether one

Table 4: The synthetic data sets for three different
kinds of stores

Case Name D C T N

1 D1.5C10T3N0.5 1.5 10 3 0.5

2 D4C10T3N0.5 4 10 3 0.5

3 D25C6T7N5 25 6 7 5

4 D30C7T5N10 30 7 5 10

5 D150C3T20N10 150 3 20 10

6 D180C3T15N20 180 3 15 20

Case Size Meaning

1 473KB small-sized store

2 1.35MB small-sized store

3 10.3MB medium-sized store

4 12.4MB medium-sized store

5 24.2MB large-sized store

6 27.0MB large-sized store
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Figure 30: The comparisons of the execution time
under different minimum supports: (a) Case 1:
D1.5C10T3N0.5; (b) Case 2: D4C10T3N0.5; (c)
Case 3: D25C6T7N5; (d) Case 4: D30C7T5N10;
(e) Case 5: D150C3T20N10; (f) Case 6:
D180C3T15N20.
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Table 5: The synthetic data sets with various pa-
rameters

Case Name

A D?C10T10N10

B D15C?T10N10

C D15C10T?N10

D D15C10T10N?

candidate is frequent or not than the SPAM algo-

rithm. Generally speaking, in both of algorithms,

the higher the min sup is, the shorter the execu-

tion time is. This is because when the min sup

gets higher, the number of frequent itemsets gen-

erated becomes fewer. It leads to fewer number of

candidates.

4.2.2 Sensitivity to Parameters

We studied the sensitivity of the SPAM algorithm

and our algorithm to the change of some parame-

ters. The data sets(cases A, B, C, D) are shown

in Table 5, and min sup is set to 0.04. The results

are shown in Figure 31.

From Figure 31-(a)(case A), we observe that

when the number of customers increases, the ex-

ecution time increases slowly. The reason is that,

when the number of customers increases, the num-

ber of candidates also increases slowly. However,

in Figures 31-(b) and 31-(c), the execution time in-

creases rapidly, when the number of transactions

and the number of items per customer increase.

The reason is that, in both cases(cases B and C)

if the sequence of one customer is long, the num-

ber of candidates will increase rapidly. Therefore,

they have to spend a lot of time to count the candi-

dates. From Figure 31-(d), we observe that when

the number of items increases, the execution time

decreases. The reason is that since there are too

many items, the count for each candidate is dis-

tributed too and will not create too many large

itemsets. Therefore, the number of candidates de-
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Figure 31: The comparisons of the execution time
under different number of customers: (a) Case
A: D?C10T10N10; (b) Case B: D15C?T10N10;
(c) Case C: D15C10T?N10; (d) Case D:
D15C10T10N?.

creases and this leads to short execution time.

From the above comparisons, we show that our

algorithm is always faster than the SPAM algo-

rithm. Note that the key issues of effecting per-

formance of mining sequential patterns are candi-

date generation and counting. Our algorithm and

the SPAM algorithm both use the bitwise opera-

tion for the counting part, so the candidate gen-

eration part becomes the main factor that affects

the performance of mining. Since the process of

the candidate generation of our algorithm is more

efficient than the SPAM algorithm and our algo-

rithm generates fewer candidates than the SPAM

algorithm, our algorithm could provide better per-

formance than the SPAM algorithm.

5 Conclusion

In this paper, we have proposed a bitmap-

based algorithm for mining sequential patterns.

Basically, there are two differences between min-

ing association rules and sequential patterns: can-

didate generation and counting. The situations
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are more complex in mining sequential patterns

than in mining association rules. That is why we

could not apply the technique of mining associ-

ation rules directly to the problem of mining se-

quential patterns. Therefore, the algorithms for

mining sequential patterns must be redesign. The

most time-consuming task in the process of mining

sequential patterns is to count the candidates. We

find that using the bitwise operations can reduce a

lot of time when counting. Therefore, we proposed

a new bitmap-based algorithm for mining sequen-

tial patterns efficiently. The basic idea is to use

the similar candidate generation method proposed

in the GSP algorithm to reduce the number of

candidates and the similar counting method pro-

posed in the SPAM algorithm to reduce the time of

counting candidates. We have made a comparison

of execution time between the proposed algorithm

and the SPAM algorithm by simulation. We have

conducted several experiments using different syn-

thetic datasets, including the datasets for different

kinds of stores and the datasets for different para-

meters of the synthetic data. The simulation re-

sults have shown that our algorithm could provide

better performance than the SPAM algorithm in

terms of the processing time no matter whether

the size of the datasets is large or small.
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