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Abstract. Mining sequential patterns is to discover sequential purchasing be-
haviors of most customers from a large amount of customer transactions. The
previous approaches for mining sequential patterns need to repeatedly scan the
large database, and take a large amount of computation time to find frequent
sequences, which are very time consuming. In this paper, we present an algo-
rithm SSLP to find sequential patterns, which can significantly reduce the num-
ber of the database scans. The experimental results show that our algorithms are
more efficient than the other algorithms.

1   Introduction

Because the capacity of the storage is getting larger, large amount of data can be
stored in the database. Potential useful information may be embedded in the large
databases. Hence, how to discover the useful information exists in such databases is
becoming the popular field in the computer science. The purpose of data mining [1],
[3], [4], [5] is to discover the useful information from the large databases, such that
the quality of decision making can be improved.

A transaction database consists of a set of transactions. A transaction typically
consists of the transaction identifier, the customer identifier (the buyer), the transac-
tion date (or transaction time), and the items purchased in this transaction. Mining
sequential patterns [1], [2], [6] is to find the sequential purchasing behavior of most
customers from a large transaction database. For example, there is a sequential pattern
<{TERMINATOR, TERMINATOR 2}{TRUE AND FALSE}{JUNIOR}> 70% is dis-
covered from the transaction database in a video rental store, which means that sev-
enty percent of the customers rent TRUE AND FALSE after renting both
TERMINATOR and TERMNATOR 2, and then they rent JUNIOR after enjoying TRUE
AND FALSE. The manager can use this information to recommend the new customers
to rent TRUE AND FALSE and JUNIOR when they rent TERMINATOR and
TERMINATOR 2.

The definitions about mining sequential patterns are presented as follows: An
itemset is a non-empty set of items. An itemset X is contained in a transaction T, if
X ⊆ T, and X is a sub-itemset of T.
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A sequence is an ordered list of the itemsets. A sequence s is denoted as <s1, s2, …,
sn>, where si is an itemset. A sequence <a1, a2, …, an> is contained in another se-
quence <b1, b2, …, bm> if there exist integers i1< i2< …< in, 1¡Øik ¡Øm such that
a1 ⊆ bi1, …, an ⊆ bin, then <a1, a2, …, an> is a subsequence of sequence <b1, b2, …,
bm>. A maximum sequence is a sequence that is not contained in any other sequence.

A customer sequence is the list of all the transactions of a customer, which is or-
dered by increasing transaction-time. A customer sequence c supports a sequence s if
s is contained in c. The support for a sequence s is the number of customer sequences
that supports s. If the support for a sequence s satisfies the user-specified minimum
support threshold, then s is called frequent sequence. Otherwise, s is a non-frequent
sequence. The length of a sequence s is the number of itemsets in the sequence. A
sequence of length k is called a k-sequence, and a frequent sequence of length k a
frequent k-sequence. In general, before generating the frequent sequences, we need to
generate the candidate sequences, and scan the database to count the support for each
candidate sequenc to decide if it is a frequent sequence. A candidate sequence of
length k is called a candidate k-sequence.

For the previous approaches [1], [2] they need to generate a large number of can-
didates to be counted and make multiple passes over the large database, which are
very time consuming. In this paper, we present an algorithm SSLP to discover all the
sequential patterns. This algorithm can reduce the number of database scans. Moreo-
ver, it can effectively decrease the number of candidates to be counted.

The rest of this paper is organized as follows: Section 2 presents the algorithm to
discover sequential patterns. The performance evaluation and the experimental results
are shown in section 3.

2   Mining Sequential Patterns

We refer to [1] to decompose our algorithms into the same five phases. However, The
major work of mining sequential patterns is to find all the frequent sequences. Hence,
in the Sequence Phase, we present an efficient algorithm SSLP to generate all the
frequent sequences from a transformed transaction database.

2.1   Algorithm SSLP (Segmental Smallest and Largest Position)

Let Lk be the set of the k-frequent sequences, and Ck be the set of the candidate k-
sequences.

Definition 1.  Let a sequence s = <s1, s2, …, sn>, and a customer sequence c = <c1,
c2, …, cm>. If there exists i1< i2<…<in¡B1¡Øik¡Øm, such that s1 ⊆ ci1,…,sn ⊆ cin, then
the position of s in c is in. Otherwise, the position is 0.

For example, consider the customer sequence 3 in Table 1, the position of 2-
sequence <{A}{B}> is 3.
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Definition 2.  The position pair of a sequence s corresponding to a customer sequence
c is denoted as (F,L), where F and L are the minimum value and the maximum value
among all the positions of s in c, respectively. If s is not contained in c, then the posi-
tion pair of s in c is (0,0). If the position of s in c is p, then the position pair of s is
(p,p), where 1¡Øp¡Øthe number of itemsets in c.

For example, consider the customer sequence 3 in Table 1, the position pair of 2-
sequence <{A}{B}> is (3,3).

Table 1. The transformed transaction database (DB)

CID Transformed customer sequence
1 <{A,B,D}{A}{B}>
2 <{A}{B}{A,B,C,D}>
3 <{A,B,D}{A}{B}{C}>
4 <{A,C}{B,C}{C}>

SSLP partitions DB into some segments. For each segment, SSLP only needs to re-
cord the position pair of each candidate sequence corresponding to each customer
sequence in the segment. A segment consists of n customer sequences, where n is the
length of the segment. The i-segment support for a sequence s is the number of the
customer sequences which support s in the ith segment. SSLP scans the database pass
by pass. For the (k/2)th (k=2,4,…) pass, SSLP scans DB from the first segment to the
mth segment, and generates Lk and Lk-1. For the ith segment scan, SSLP computes the i-
segment support for each candidate sequence.

Assume that SSLP has scanned the ith segment. The current support CSs(i) of a se-
quence s = 1-segment support of s +…+ i-segment support of s. The maximum sup-
port of s is a value that the support of s is never greater than this value. Let the maxi-
mum support of a = <a1, …, ak> be denoted as maxSa(i), and the i-segment support of
1-sequence aj be Sij. The initial maximum support maxSa(0) of a is defined as :

maxSa(0)= ∑
=

=

mi

1i
min{ Si1,…,Sik}, m is the number of the segments in the database (1)

After scanning the i th segment, the maximum support of the k-sequence a can be
obtained by the following expression :

maxSa(i)= maxSa(i-1)¡Ð(min{Si1,…,Sik}¡Ði-segment support of a) (2)

For example, the transaction database DB (Table 1) is partitioned into 2 segments,
and the minimum support is set to 3. Hence, the customer sequences 1 and 2 are in the
first segment, and the customer sequences 3 and 4 are in the second segment. The 1-
segment supports and 2-segment supports of all the frequent 1-sequences can be found
in the Transformation Phase, which are shown in Table 2. In the following, we use this
example throughout this section and describe the three steps for the (1/2)k pass
(k=2,4,…) for SSLP.
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Step 1. Generate Ck from Lk-1, compute the initial maximum support of each candidate
k-sequence, and then prune the candidate k-sequences that cannot be the frequent k-
sequences from Ck.

We refer to [1] to generate Ck form Lk-1. After generating candidate k-sequences
Ck, if Ck is not empty, then the candidates in Ck need to be further pruned. Otherwise,
SSLP terminates. If one of the (k-1)-subsequences of the candidate k-sequence s is not
in Lk-1, then s is pruned from Ck.

Table 2. The segments supports of frequent 1-sequences

Frequent 1-
sequence

Segment support Frequent 1-
sequence

Segment support

Segment 1 Segment 2 Segment 1 Segment 2

<{A}> 2 2 <{C}> 1 2

<{B}> 2 2 <{D}> 1 1

Lemma 1.  If the maximum support of a sequence is less than the minimum support
threshold, then the sequence is not a frequent sequence.

For example, the initial maximum support of <{A}{B}> is 2+2=4, and the initial
maximum support of <{A}{D}> is 1+1=2, which cannot be the frequent sequences.

Step 2. Generate Ck+1 from Ck, compute the initial maximum supports of the candidate
(k+1)-sequences, and then prune candidate (k+1)-sequences which cannot be the
frequent (k+1)-sequences from Ck+1.

For example, the initial maximum support of candidate 3-sequence <{A}{B}{C}>
is 1+2=3.

Step 3. Scan the transaction database DB from the first segment to the last segment.

Lemma 2.  If the maximum support of a sequence s is equal to the current support of
s, and the current support is no less than the minimum support, then s is a frequent
sequence.

Step 3.1. For the ith (i¡Ù1) segment scan, SSLP records the position pairs of each
candidate k-sequence corresponding to each customer sequence in the ith segment,
computes the maximum support and the current support for each candidate k-
sequence, and then prunes the candidate k-sequences which cannot be the frequent
sequences. Besides, if the pruned candidate k-sequence is a subsequence of a
candidate (k+1)-sequence s, then s is also pruned from Ck+1.

For example, Table 3 shows the related information about some of C2 after scan-
ning the first segment, where candidate 2-sequence <{C}{A}> can be pruned, because
its maximum support is less than the minimum support. Besides, according to Lemma
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2, we can find some frequent sequences earlier, and these sequences need not be fur-
ther examined.

Table 3. The related information for some candidate 2-sequences and candidate 3-sequences

Candidate Position pairs Maximum
support

Current
support

Customer sequence
1

Customer sequence
2

<{A}{B}> (3,3) (2,3) 4-(2-2)=4 2
<{A}{C}> (0,0) (3,3) 3-(1-1)=3 1
<{C}{A}> (0,0) (0,0) 3-(1-0)=2 0

<{A}{B}{C}> 0 3 3-(1-1)=3 1

Step 3.2. Find the i-segment support of each candidate (k+1)-sequence by computing
the simple positions according to Definition 3, compute the maximum support and the
current support for each candidate (k+1)-sequence, and then prune the candidate
(k+1)-sequences which cannot be the frequent sequences according to Lemma 1.

Definition 3.  Let a sequence s = <a1,…,ak>, and the two (k-1)-subsequences of s are
s1 = <a 1, …, ak-2, ak-1> and s2 = <a 1, …, ak-2, ak>. Assume that the position pairs of s1

and s2 corresponding to the customer sequence c are (f1,l1) and (f2,l2), respectively.
The simple position of s corresponding to the customer sequence c is denoted as
Sims(c). If f1< l2 and f1¡Ú0,f2¡Ú0 then Sims(c)=l2 else Sims(c)=0.

For example, the position pair of <{A}{B}> corresponding to customer sequence
4 is (2,2), and the position pair of <{A}{C}> is (2,3). Hence, the simple position of
<{A}{B}{C}> corresponding to customer sequence is 3.

Lemma 3.  A customer sequence c supports a sequence s if and only if the simple
position of s corresponding to c is not equal to 0.

According to Lemma 3, if the simple position of a candidate (k+1)-sequence s cor-
responding to a customer sequence c is not equal to 0, then c support s. Hence, the
supports of all the candidate (k+1)-sequences can be found by computing the simple
positions. Thus, we do not have to scan the transaction database DB for counting the
support of s.

SSLP repeats step 3.1 and step 3.2 until all the segments in the transaction data-
base DB are scanned, and the candidate sequences which are remained in Ck and Ck+1

are the frequent sequences. In our example, SSLP finally generates L2 and L3:
L2 = {<{A}{B}>,<{A}{C}>,<{B}{A}>,<{B}{C}>}, L3 = {<{A}{B}{C}>}.
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3. Experimental Results

We refer to [1] to generate three synthetic transaction databases, and evaluate the
performance of SSLP by comparing this algorithm with Aprioriall.

Suppose the maximum length of the generated candidate sequences by Aprioriall
is q. Hence, the maximum length of the generated frequent sequences is no greater
than q. Aprioriall has to scan the given transaction database q-1 times, but SSLP needs

only to scan the database  2
1−q  times. However, if q is even, then the maximum

length of the candidate sequences generated by SSLP may be q+1. If Cq+1 is not empty,
SSLP need to compute the supports for the candidate (q+1)-sequences, even though
there is no frequent (q+1)-sequences generated. The relative execution times for Apri-
oriall and SSLP over the minimum support ranging from 20.2% to 19%, in which the
segment length is 250. The execution time of SSLP is between 1.6 times and 2.6 times
as fast as that of Aprioriall. We notice that when the minimum support is 20%, the
performance gap slightly decreases because the maximum length of the candidate
sequences generated by Aprioriall is even. SSLP outperforms Aprioriall ranging from
1.6 to 2.6, and the performance gap increases as the minimum support decreases be-
cause the number of database scans increases for Aprioriall.
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