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Abstract. Sequential pattern mining is an important data mining task with wide
applications. However, it may present too many sequential patterns to users,
which degrades the performance of the mining task in terms of execution time
and memory requirement, and makes it difficult for users to comprehend the results. The problem becomes worse when dealing with dense or long sequences.
As a solution, several studies were performed on mining maximal sequential
patterns. However, previous algorithms are not memory efficient since they
need to maintain a large amount of intermediate candidates in main memory
during the mining process. To address these problems, we present a both time
and memory efficient algorithm to efficiently mine maximal sequential patterns,
named MaxSP (Maximal Sequential Pattern miner), which computes all maximal sequential patterns without storing intermediate candidates in main
memory. Experimental results on real datasets show that MaxSP serves as an
efficient solution for mining maximal sequential patterns.
Keywords: sequences, sequential pattern mining, compact representation, maximal sequential patterns

1

Introduction

Mining useful patterns in sequential data is a challenging task in data mining. Many
studies have been proposed for mining interesting patterns in sequence databases [1,
2, 3] Sequential pattern mining is probably the most popular research topic among
them. A sub-sequence is called sequential pattern or frequent sequence if it frequently
appears in a sequence database, and its frequency is no less than a user-specified minimum support threshold minsup. Sequential pattern mining plays an important role in
data mining and is essential to a wide range of applications such as the analysis of
web click-streams, program executions, medical data, biological data and e-learning
data [1, 2, 3]. Several algorithms have been proposed for sequential pattern mining
such as SPAM [4], SPADE [5] and PrefixSpan [6]. However, a drawback of these
algorithms is that they may present too many sequential patterns to users. A very large
number of sequential patterns makes it difficult for users to analyze results to gain

insightful knowledge. It may also cause the algorithms to become inefficient in terms
of time and memory because the more sequential patterns the algorithms produce, the
more resources they consume. The problem becomes worse when the database contains long sequential patterns. For example, consider a sequence database containing a
sequential pattern having 20 distinct items. A sequential pattern mining algorithm will
present the sequential pattern as well as its 220-1 subsequences to users. This will most
likely make the algorithm fail to terminate in reasonable time and run out of storage
space. For example, the well-known sequential pattern mining algorithm PrefixSpan
would have to perform 220 database projection operations to produce the results.
To reduce the computational cost of the mining task and present fewer but representative patterns to users, many studies focused on developing concise representations of sequential patterns. One of the representations that has been proposed is
closed sequential patterns [7, 8, 9]. A closed sequential pattern is a sequential pattern
that is not strictly included in another pattern having the same frequency. Several
approaches have been proposed for mining closed sequential patterns in sequence
databases such as BIDE [7], CloSpan [8] and ClaSP [9]. Although these algorithms
mines a compact set of sequential patterns, the set of closed patterns is still too large
for dense databases or database containing long sequences.
To address this problem, it was proposed to mine maximal sequential patterns [10,
11, 12, 13, 14]. A maximal sequential pattern is a closed pattern that is not strictly
included in another closed pattern. The set of maximal sequential patterns is thus
generally a very small subset of the set of (closed) sequential patterns. It is widely
recognized that mining maximal patterns can be faster than mining all (closed) patterns. Besides, the set of maximal sequential patterns is representative because all
sequential patterns can be derived from it. Furthermore, the exact frequency of the
sequential patterns can be obtained with a single database pass. This method thus
provides an alternative solution to find all sequential patterns when the traditional
algorithms cannot successfully mine (closed) sequential patterns in the databases.
Maximal sequential pattern mining is important and has been adopted for many applications such as discovering frequent longest common subsequences in a text, analysis of DNA sequences, data compression and web log mining [10].
Although maximal sequential pattern mining is desirable and useful in many applications, it is still a challenging data mining task that has not been deeply explored.
Only few algorithms have been proposed for efficiently mining maximal sequential
patterns. MSPX [12] is an approximate algorithm and therefore it provides an incomplete set of maximal patterns to the user, and thus may omit important information.
DIMASP algorithm [10] is designed for the special case where sequences are strings
(no more than an item can appear at the same time) and where no pair of contiguous
items appears more than once in each sequence. AprioriAdjust algorithm [13] is an
apriori-like algorithm, which may suffer from the drawbacks of the candidate generation-and-test paradigm. In other word, it may generate a large number of candidate
patterns that do not appear in the input database and require to scan the original database many times. MSPX [12] and MFSPAN [14] algorithms need to maintain a large
amount of intermediate candidates in main memory during the mining process. Although the above algorithms are pioneers for maximal sequential pattern mining, they

are not memory efficient since they need to maintain a large amount of intermediate
candidates in main memory during the mining process [10, 11, 12, 13, 14].
To address the above issues, we propose a both time and memory efficient algorithm, named MaxSP (Maximal Sequential Pattern miner), to efficiently mine maximal sequential patterns in sequence databases. The proposed algorithm is developed
for the general case of a sequence database rather than strings and it can capture the
complete set of maximal sequential patterns with only two database scans. Moreover,
it discovers all maximal sequential patterns neither producing redundant candidates
nor storing intermediate candidates in main memory. Whenever a maximal pattern is
discovered by MaxSP, it can be outputted immediately. We performed an experimental study with five real-life datasets to evaluate the performance of MaxSP. We
compared its performance with the BIDE algorithm [8], one of the current best algorithms for mining closed sequential patterns without storing intermediate candidates
in memory. Results show that MaxSP outperforms BIDE in terms of execution and
memory consumption and that the set of maximal patterns is much smaller than the
set of closed patterns.
The rest of the paper is organized as follows. Section 2 formally defines the problem of maximal sequential pattern mining and its relationship to sequential pattern
mining. Section 3 describes the MaxSP algorithm. Section 4 presents the experimental
study. Finally, Section 5 presents the conclusion and future work.

2

Problem Definition

The problem of sequential pattern mining was proposed by Agrawal and Srikant [1].
A sequence database SDB is a set of sequences S = {s1, s2…ss} and a set of items I =
{i1, i2, … im} occurring in these sequences. An item is a symbolic value. An itemset I
= {i1, i2, …, im} is an unordered set of distinct items. For example, the itemset {a, b,
c} represents the sets of items a, b and c. A sequence is an ordered list of itemsets s =
〈I1, I2, … In 〉 such that Ik ⊆ I (1 ≤ k ≤ n). For example, consider the sequence database
depicted in Figure 1. It contains four sequences having respectively the sequences ids
(SIDs) 1, 2, 3 and 4. In this example, each single letter represents an item. Items between curly brackets represent an itemset. For instance, the sequence 〈{a,
b},{c},{f},{g},{e}〉 indicates that items a and b occurred at the same time, were followed successively by c, f, g and lastly e. A sequence sa = 〈A1, A2, …, An〉 is contained
in another sequence sb = 〈B1, B2,…, Bm〉 iff there exists integers 1 ≤ i1 < i2 < … < in ≤
m such that A1 ⊆ Bi1 , A2 ⊆ Bi2 , …, An ⊆ Bin (denoted as sa sb). The support of a
subsequence sa in a sequence database SDB is defined as the number of sequences s 
S such that sa s and is denoted by sup(sa).
Definition 1. The problem of mining sequential patterns in a sequence database SDB is
to find all frequent sequential patterns, i.e. each subsequence sa such that sup(sa) ≥
minsup for a threshold minsup set by the user. For example, Figure 2 shows the 29
sequential patterns found in the database of Figure 1 for minsup = 2.
Several algorithms have been proposed to mine sequential pattern such as SPAM [4],
PrefixSpan [5], and SPADE [6]. To reduce the number of sequential patterns found
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and find representative patterns, it was proposed to mine closed and maximal sequential patterns.
Definition 2. A closed sequential pattern is a frequent sequential pattern that is not
strictly included in another sequential pattern having the same support [8, 9].
Definition 3. A maximal sequential pattern is a frequent sequential pattern that is not
strictly included in another frequent sequential pattern. An equivalent definition is
that a sequential pattern is maximal if it is a closed sequential pattern that is not strictly included in another closed sequential pattern.
Property 1. It can be easily seen that maximal patterns are a subset of the set of
closed patterns and that closed patterns are a subset of the set of frequent sequential
patterns. Rationale. This follows directly from the above definitions. Example. Consider the database of Figure 1 and minsup = 2. There are 29 sequential patterns
(shown in Figure 2), such that 15 are closed (identified by the letter ‘C’) and only 10
are maximal (identified by the letter ‘M’).
Property 2. Maximal patterns are a lossless representation of all frequent sequential
patterns (they allow recovering all frequent sequential patterns). Proof. By definition,
a maximal sequential pattern has no proper super-sequence that is a frequent sequential pattern. Thus, if a pattern is frequent, it is either a proper subsequence of a maximal pattern or a maximal pattern. Figure 3 presents a simple algorithm for recovering
all sequential patterns from the set of maximal sequential patterns. It generates all the
subsequences of all the maximal patterns. Furthermore, a check is performed to detect
if a sequential patterns has already been output (line 3) because a sequential pattern
may be a subsequence of more than one maximal pattern.

3

The MaxSP Algorithm

The MaxSP algorithm is a pattern-growth algorithm inspired by PrefixSpan [5]. We
therefore first briefly introduce the PrefixSpan algorithm. Then, we present the
MaxSP algorithm and discuss optimizations.
3.1

Discovering sequential patterns by pattern-growth

PrefixSpan [5] is one of the most efficient sequential pattern mining algorithm. It
offers several interesting properties such as being a pattern-growth approach, i.e. it
discovers patterns directly without generating candidates. The pseudocode of the main
steps of PrefixSpan is shown in Figure 4. PrefixSpan takes three parameters as input.
The first parameter is a sequence database SDB. The second parameter is the userdefined minimum support threshold minsup. The third parameter is a prefix sequence
P, which is initially set to the empty sequence 〈〉. The output of PrefixSpan is the set
of frequent sequential patterns. PrefixSpan operates as follows. It first scans SDB
once to calculate the support of each single item (line 1). Then, for each frequent item

i, the algorithm outputs the sequential pattern 〈{i}〉 (line 2-4). For each frequent item
i, a projection of the database SDB by i is performed to obtain a projected database
SDBi (line 5). Then, a recursive call is performed with parameters SDBi, minsup and
the concatenation of the prefix P with {i} (line 6). The recursive call will then consider extending the pattern 〈{i}〉 with single items to form larger patterns. By the means
of the recursive calls, the PrefixSpan algorithm recursively appends items one item at
a time to discover larger patterns. The database projection operation is performed as
follows.
SID
1
2
3
4

Sequences
〈{a, b},{c},{f, g},{g},{e}〉
〈{a, d},{c},{b},{a, b, e, f}〉
<{a},{b},{f,g},{e}>
〈{a},{b},{f},{e}〉
〈{b},{f, g}〉

Fig. 1. A sequence database

Pattern
Sup.
Pattern
〈{a}〉
3〉 〉 C
〈{b},{g},{e}〉
〈{a},{g}〉
2〉
〈{b},{f}〉
〈{a},{g},{e}〉
2〉 CM
〈{b},{f, g}〉
〈{a},{f}〉
3〉 C
〈{b},{f},{e}〉
〈{a},{f},{e}〉
2〉 CM
〈{b},{e}〉
〈{a},{c}〉
2〉
〈{c}〉
2
CM
〈{a},{c},{f}〉
〈{c},{f}〉
2
CM
〈{a},{c},{e}〉
〈{c},{e}〉
2〉
〈{a},{b}〉
〈{e}〉
2〉 CM
〈{a},{b},{f}〉
〈{f}〉
2〉 CM
〈{a},{b},{e}〉
〈{f, g}〉
3〉 C
〈{a},{e}〉
〈{f},{e}〉
2〉 CM
〈{a, b}〉
〈{g}〉
4〉
〈{b}〉
〈{g},{e}〉
3〉 C 〉
〈{b},{g}〉
C = Closed M = Maximal

Sup.
2
CM
4
C〉
2
CM
2
CM
3
C
2〉
2〉
2〉
3〉
4〉
2〉
2〉
3〉
2〉

Fig. 2. Sequential patterns found for minsup = 2 (right)
RECOVERY (a set of maximal patterns M)
1. FOR each sequential pattern j ∈ M,
2.
FOR each subsequence k of j,
3.
IF k has not been output
4.
THEN output k.
Fig. 3. Algorithm to recover all frequent sequential patterns from maximal patterns

Definition 4. The projection of a sequence database SDB by a prefix P is the projection of each sequence from SDB containing P by the prefix P.
Definition 5. The projection of a sequence S by a prefix P is the part of the sequence
occurring immediately after the first occurrence of the prefix P in the sequence S. For
instance, the projection of 〈{a},{c},{a},{e}〉 by the item a is the sequence
〈{c},{a},{e}〉 and the projection of 〈{a},{c},{b},{e}〉 by the prefix 〈{c},{b}〉 is
〈{e}〉.
Note that performing a database projection does not require to make a physical
copy of the database. For memory efficiency, a projected database is rather represented by a set of pointers on the original database (this optimization is called pseudoprojection) [5]. Also, note that the pseudo-code presented in Figure 4 is simplified.
The actual PrefixSpan algorithm needs to consider that an item can be appended to
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the current prefix P by i-extension or s-extension when counting the support of single
items. An i-extension is to append an item to the last itemset of prefix P. An sextension is to append an item as a new itemset after the last itemset of prefix P. The
interested reader is referred to [5] for more details. The PrefixSpan algorithm is correct and complete. It enumerates all frequent sequential patterns thanks to the antimonotonicity property, which states that the support of a proper supersequence X of a
sequential pattern S can only be lower or equal to the support of S [2]. PrefixSpan is
said to discover sequential patterns without candidate generation because only frequent items are concatenated with the current prefix P to generate patterns at each
recursive call of the algorithm.
PrefixSpan (a sequence database SDB, a threshold minsup, a prefix P initially set to 〈〉)
1. Scan SDB once to count the support of each item.
2. FOR each item i with a support ≥ minsup
3.
P’ := Concatenate(P, i).
4.
Output the pattern P’.
5.
SDBi := DatabaseProjection(SDB, i ).
6.
PrefixSpan(SDBi, minsup, P’).
Fig. 4. The main steps of the PrefixSpan algorithm

3.2

The MaxSP algorithm

The main challenge to design a maximal sequential pattern mining algorithm based on
PrefixSpan is how to determine if a given frequent sequential pattern generated by the
PrefixSpan is maximal. A naïve approach would be to keep all frequent sequential
patterns found until now into memory. Then, every time that a new frequent sequential pattern would be found, the algorithm would compare the pattern with previously
found patterns to determine if (1) the new pattern is included in a previously found
pattern or (2) if some previously found pattern(s) are included in the new pattern. The
first case would indicate that the new pattern is not maximal. The second case would
indicate that some previously found pattern(s) are not maximal. This approach is used
for example in CloSpan [8] for closed sequential pattern mining. The drawback of this
approach is that it can consume a large amount of memory if the number of patterns is
large, and it is becomes very time consuming if a very large number of patterns is
found, because a very large number of comparisons would have to be performed [7].
In this paper, we present a new checking mechanism that can determine if a pattern is
maximal without having to compare a new pattern with previously found patterns.
The mechanism is inspired by the mechanism used in the BIDE algorithm for checking if a pattern is closed [7]. In this subsection, we first introduce important definitions and then we present our solution. Note that in the following, we use sequences
where itemsets contain single items (strings) for the sake of simplicity. Nevertheless,
the definitions that we present can be easily extended for the general case of a sequence of itemsets containing multiple items (our implementation handle the general
case of itemsets).

Definition 4. Let be a prefix P and a sequence S containing P. The first instance of
the prefix P in S is the subsequence of S starting from the first item in S until the end
of the first instance of P in S. For example, the first instance of 〈{a},{b}〉 in
〈{a},{a},{b},{e}〉 is 〈{a},{a}, {b}〉.
Definition 5. Let be a prefix P and a sequence S containing P. The last instance of the
prefix P in S is the subsequence of S starting from the first item in S until the end of
the first instance of P in S. For example, the last instance of 〈{a},{b}〉 in
〈{a},{b},{b},{e}〉 is 〈{a},{b}, {b}〉.
Definition 6. Let be a prefix P containing n items and a sequence S containing P. The
i-th last-in-last appearance of P in S is denoted as LLi and defined as follows. If i =
n, it is the last appearance of the i-th item of P in the last instance of P in S. If 1 < i <
n, it is the last appearance of the i-th item of P in the last instance of P in S such that
LLi must appear before LLi+1. For example, the first last-in-last appearance of
〈{a},{c}〉 in the sequence 〈{a},{a},{c},{e},{c}〉 is the second a, while the second
last-in-last appearance in the sequence 〈{a},{a},{c},{e},{c}〉 is the second c.
Definition 7. Let be a prefix P containing n items and a sequence S containing P. Let
Pn-1 denotes the first n items of P. The i-th maximum period of P in S is defined as
follows. If 1 < i < n, it is the piece of sequence between the end of the first instance of
Pn-1 in S and the i-th last-in-last appearance of P in S. If i = 1, it is the piece of sequence in S before the first last-in-last appearance of P in S. For example, consider S
= 〈{a},{b},{c},{d}〉 and P = 〈{a},{b}〉. The first maximum period of P in S is the
empty sequence, while the second maximum period is 〈{b},{c}〉.
Based upon the above definitions, we propose a mechanism to determine if a frequent pattern P is maximal without maintaining previously found patterns in memory.
The mechanism consists of verifying if P can be extended by appending items to form
a larger frequent sequential pattern. If yes, it indicates that the pattern P is not maximal (by definition 3, a maximal pattern has no proper supersequence that is frequent).
Otherwise, P is maximal and can be immediately output. The mechanism is implemented by two separate checks, which we respectively name maximal-backwardextension check and maximal-forward-extension check, and are defined as follows.
Definition 8. Let be a frequent sequential pattern P containing n items and a sequence database SDB. The pattern P has a maximal-backward-extension in SDB if and
only if for an integer k (1 ≤ k ≤ n), there exists an item i having a support higher or
equal to minsup in the k-th maximum periods of P in SDBP.
Definition 9. Let be a frequent sequential pattern P containing n items and a sequence database SDBP. The pattern P has a maximal-forward-extension in SDB if and
only if there exist an item i having a support higher or equal to minsup in the projected database SDBP.
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We now demonstrate that the maximal-forward-extension check and maximalback-extension-check is sufficient for determining if a pattern is maximal.
Property 3. A frequent sequential pattern P is a maximal sequential pattern for a
sequence database SDB if and only if it has no maximal-forward-extension in SDBP
and no maximal-backward-extension in the projected database SDBP. Rationale. By
definition, a pattern is maximal if it has no proper supersequence that is frequent.
Consider a sequential pattern P=〈{a1},{a2}, …,{an}〉 containing n items. If there exists a proper supersequence of P that is frequent, it means that an item i can be added
to P so that the resulting pattern P’ would be frequent. It can be easily seen that the
support of P’ is the minimum of the support of i and the support of P. To count the
support of P’, we can consider SDBP instead of SDB, since P’ can only appear in a
subset of the sequences where P appear. To detect if such an item i can be appended
to P, we need to consider three cases: (1) an item i can be appended to P before a1,
(2) an item i can be appended to P between any ax and ay such that y = x+ 1 and 1 ≤
x ≤ n, or (3) an item i can be appended to P after an. The first two cases are verified by
the maximum backward extension check. Verifying if an item can be appended before
a1 consists of verifying if an item is frequent in the first maximum period of P in
SDBP. Verifying if an item can be appended between any ax and ay such that y = x+ 1
and 1 ≤ x ≤ n is done by verifying if an item appear frequently in the y-th maximum
period of P in SDBP. Finally, the third case can be verified by simply counting the
support of items in SDBP to see if an item is frequent (because SDBP is projected by P
and thus items in SDBP are items that can be appended to P after an).
Having shown that maximal-forward-extension and maximal-back-extension can
be used to determine if a pattern is maximal, we next explain how they can be incorporated in the search procedure. We show the modified procedure in Figure 5, which
we name MaxSP. It takes the same parameters as PrefixSpan: a current database SDB,
a threshold minsup and a current prefix P. The algorithm first initializes a variable
largestSupport to 0, which will be used to store the support of the largest pattern that
can be obtained by extending the current prefix (line 1). Then, the algorithm counts
the support of each item in the current database (line 2). Then for each frequent item i,
the algorithm appends i at the end of prefix P, to obtain a new prefix P’ and the projected database SDBi is created by projecting SDBP by i (line 3-5). Next, the check for
maximal-back-extension is performed (line 6). If there is no maximal-back-extension,
the procedure MaxSP is recursively called to explore patterns starting by P’ (line 7).
This recursive call returns the largest support of patterns that can be created by appending items to P’. If the largest support is smaller than minsup, it means that there
is no maximal-forward-extension (line 8). In this case, the pattern P’ is output (line 9).
Next, the largest support for the prefix P is updated (line 10). Finally, after all frequent items have been processed, the largest support of extensions of P is returned.
3.3

Optimizations

We performed three optimizations to improve the performance of MaxSP. First, we
use pseudo-projections instead of projections to avoid the cost of making physical

database copies (as suggested in PrefixSpan [5]). A second optimization is to remove
infrequent items from the database immediately after the first database scan because
they will not appear in any maximal sequential pattern. A third optimization concerns
the process of searching for the maximal-backward-extensions of a prefix by scanning
maximum periods. During the scan, item supports are accumulated. The scan can be
stopped as soon as there is an item known to appear in minsup maximum periods,
because it means that the prefix is not maximal. For large databases containing many
sequences, we found that this optimization increase performance by about a factor of
two. Note that, this optimization has similarity to the ScanSkip optimization proposed
in the BIDE algorithm, that stop scanning sequences as soon as a pattern is determined to be non closed [7].
MaxSP (a sequence database SDB, a threshold minsup, a prefix P initially set to 〈〉)
1. largestSupport := 0.
2. Scan SDB once to count the support of each item.
3. FOR each item i with a support ≥ minsup
4.
P’ := Concatenate(P, i).
5.
SDBi := DatabaseProjection(SDB, i ).
6.
IF the pattern P’ has no maximal-backward-extension in SDBi THEN
7.
maximumSupport := MaxSP (SDBi, minsup, P’).
8.
IF maximumSupport < minsup THEN OUTPUT the pattern P’.
9.
IF support(P’) > largestSupport THEN largestSupport := support(P’)
10. RETURN largestSupport.
Fig. 5. The pseudocode of the MaxSP algorithm
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Experimental Evaluation

To evaluate the performance of the proposed algorithm, we performed a set of experiments on a computer with a third generation Core i5 processor running Windows 7
and 1 GB of free RAM. We compared the performance of MaxSP with BIDE [7], a
state-of-the-art algorithm for closed sequential pattern mining, which also does not
store intermediate candidates during the mining process. We do not compare the performance of MaxSP with PrefixSpan because BIDE was previously shown to be more
than an order of magnitude faster than PrefixSpan [6, 8]. All algorithms are implemented in Java and memory measurements were done by using the Java API. Five
real-life datasets BMS, Snake, Sign, Leviathan and FIFA with varied characteristics
are used in the experiments. Table 1 summarizes their characteristics and data types.
The experiments consisted of running MaxSP and BIDE on each dataset while decreasing the minsup threshold until either an algorithm became too long to execute or
a clear winner was found. For each dataset, we recorded the execution time, memory
usage and the number of patterns found for each algorithm. Figure 6 and 7 respectively show the number of patterns found and the execution times for each dataset.
Figure 8 presents the maximum memory usage for Sign, Snake and Leviathan. The
source code of compared algorithms and datasets can be downloaded from
http://goo.gl/hDtdt.
9

Table 1. Datasets’ Characteristics
dataset
BMS
Snake
Sign
Leviathan
FIFA

sequence
count
59,601
163
730
5,834
20,450

distinct item
count
497
20
267
9,025
2,990

avg. seq. length
(items)
2.51 (std = 4.85)
60 (std = 0.59)
51.99 (std = 12.3)
33.81 (std= 18.6)
34.74 (std = 24.08)

type of data
web click stream
protein sequences
language utterances
book
web click stream
Snake

10K
K

46
minsup

51

5K
K
141

Leviathan

100

41

10K

136

Sign

500K
400K
300K
200K
100K
K

Pattern count

Pattrn count

37 39 41 43 45 47
minsup

15K

50
95

minsup

115

Pattern count

Patterns

Maximal
patterns
Closed
patterns

20K

Pattern count

BMS

30K

146 151
minsup

10

156

161

Fifa

5
2550 2750 2950 3150
minsup

Fig. 6. Maximal pattern and closed pattern count

As it can be seen from the results, the number of maximal patterns is always considerably smaller than the number of closed patterns, and the gap increases quickly as
minsup decreases. For example, for the Sign dataset, only 25 % of the closed sequential patterns are maximal for minsup = 47. Another example is Snake, where only 28
% of the closed patterns are maximal for minsup = 136. This confirms that mining
maximal sequential patterns is more efficient in terms of storage space.
With respect to execution time, we can see that MaxSP is always faster than BIDE.
The difference is large for sparse datasets such as Sign and FIFA. For example, for
Sign, MaxSP was up to five times faster than BIDE. There are two reasons why
MaxSP is faster. The first reason is how the maximal-backward-extension checking is
performed. For each pattern found, MaxSP looks for items that could extend it with a
support no less than minsup, while BIDE looks for items with a support equal to the
support of the prefix. As soon as MaxSP or BIDE find an item meeting their respective conditions, they stop searching for backward extensions (the third optimization in
MaxSP and the ScanSkip optimization in BIDE). Because the condition verified by
BIDE is more specific and thus harder to meet, BIDE needs to analyze more sequences on average for backward extension checking, and this makes BIDE slower. The
second reason is that BIDE needs to perform more write operations to disk for storing
patterns because the set of closed sequential patterns is larger.
For the memory usage (cf. Figure 8), similar conclusions can be drawn. MaxSP
generally uses less memory than BIDE. This is due to the fact that less sequences

BMS

150K

BIDE

100K
50K

MaxSP

K

Runtime (s)

Runtime (s)

need to be scanned (as explained previously) and less patterns need to be created by
MaxSP. Note that we did not show the memory usage for FIFA and BMS due to
space limitation but results are similar as those of Leviathan, Snake and Sign.

150
100
50
141

2000

151

FIFA

Leviathan

1000

95

41 44 47 50
minsup

146
minsup

Runtime (s)

Sign
Runtime (s)

Runtime (s)

37 39 41 43 45 47
minsup
2000
1500
1000
500

Snake

200

1000

500
2550 2750 2950 3150
minsup

105 115
minsup

Sign

Leviathan

800

Memory (MB)

400

Memory (mb)

Memory (mb)

Fig. 7. Execution times of MaxSP and BIDE

600

375

400

350
41

46
minsup

51

95

105
minsup

115

Snake

380
340
300

141

146
minsup

151

Fig. 8. Maximum memory usage for Sign, Leviathan and Snake

5

Conclusion

Maximal sequential pattern mining is an important data mining task that is essential
for a wide range of applications. The set of maximal sequential patterns is a compact
representation of sequential patterns. Several algorithms have been proposed for maximal sequential pattern mining. However, they are not memory efficient since they
may produce too many redundant candidates and need to maintain a large amount of
intermediate candidates in main memory during the mining process. To address these
problems, we proposed a memory efficient algorithm to mine maximal sequential
patterns named MaxSP (Maximal Sequential Pattern miner). It incorporates a novel
checking mechanism consisting of verifying maximal-backward-extensions and maximal-forward-extensions, which allows discovering all maximal sequential patterns
without storing intermediate candidates in memory nor producing redundant candidates. An experimental study on five real datasets shows that MaxSP is more memory
efficient and up to five time faster than BIDE, a state-of-art algorithm for closed sequential pattern mining, and that the number of maximal patterns is generally much
11

smaller than the number of closed sequential patterns. The source code of MaxSP and
BIDE be downloaded from http://goo.gl/hDtdt as part of the SPMF open-source data
mining software.
For future work, we plan to develop new algorithms for mining concise representations of sequential patterns and sequential rules [15, 16].
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