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Abstract:

The PrefixSpan approach to mining sequential patterns is a pattern growth method in which a
pattern is extended one item at a time. The data is first scanned, and frequent patterns are
identified. Then, the identified patterns are extended to discover longer patterns. The PrefixSpan
algorithm uses a prefix tree to store the candidate patterns, which are then extended by adding
one item at a time. The process is repeated until no more patterns can be found. The PrefixSpan
approach is useful in uncovering complex patterns in large datasets, such as those found in
biological and logistic processes. This approach is also suitable for streaming data, as the
patterns can be updated in real time. Additionally, the prefix tree can be used to efficiently store
and access the patterns and their extensions. Sequential pattern mining is a significant data
mining problem with a wide range of applications. It is, however, a difficult problem because
mining may have to generate or examine a combinatorially explosive number of intermediate
subsequences. To reduce the number of candidates to be examined, most previously developed
sequential pattern mining methods, such as GSP, employ a candidate generation-and-test
approach. However, this method may be inefficient when mining large sequence databases with
many patterns and/or long patterns. In this paper, we propose a sequential pattern-growth
approach based on projections for efficient mining of sequential patterns.

Keywords: sequential pattern, frequent pattern, sequence database, scalability, performance
analysis, transaction database.
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1. Introduction
Sequential pattern mining, which identifies frequent subsequences as patterns in a sequence
database, is a significant data mining problem with numerous applications, such as the analysis of
customer purchase patterns or Web access patterns, the analysis of sequencing or time-related
processes such as scientific experiments, natural disasters, and disease treatments, the analysis of

DNA sequences, and so on.
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Agrawal and Srikant introduced the sequential pattern mining problem in [2]: Given a set of
sequences, where each sequence is made up of a list of elements, and each element is made up
of a set of items, and a user-specified min support threshold, the goal of sequential pattern
mining is to find all frequent subsequences, that is, subsequences whose occurrence frequency in

the set of sequences is greater than min support.

A typical a priori-like sequential pattern mining method, such as GSP [23], employs a multiple-
pass, candidate generation-and-test approach, as shown below: The first scan finds all of the
frequent items that comprise the set of single item frequent sequences. Each subsequent pass
begins with a seed set of sequential patterns, which is the set of sequential patterns discovered in
the previous pass. Based on the a priori principle, this seed set is used to generate new potential
patterns known as candidate sequences. Each candidate sequence contains one more item than a
seed sequential pattern, where each element in the pattern may contain one or more items. The
length of a sequence is the number of items in the sequence. As a result, all of the candidate
sequences in a pass will be the same length. In one pass, the database is scanned to find support
for each candidate sequence. The set of newly discovered sequential patterns consists of all
candidates in the database with support greater than min support. This set becomes the seed set
for the next pass. When no new sequential pattern is found in a pass, or when no candidate

sequence can be generated, the algorithm terminates.

Although it reduces search space, the a priori-like sequential pattern mining method has three
nontrivial, inherent costs that are independent of detailed implementation techniques.
sequence generation, test, and support counting is inherent to the a priori-based method, no

matter what technique is applied to optimize its detailed implementation.

TABLE 1 A Sequence Database

Sequence_id Sequenee |
10 ralabeac)dcf))
20 {{ad)c(be)(ae))
30 {(e F){ab)(df jeb)
4 leqlafehe)

2. Problem Definition And The Gsp Algorithm
In this section, the problem of sequential pattern mining is defined, and the most representative a

priori-based sequen- tial pattern mining method, GSP [23], is illustrated using an example.
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Problem Definition

Let | ¥ fiy; iy ... ; ihg be a set of all items. An itemset is a subset of items. A sequence is
an ordered list of itemsets. Asequence s is denoted by hs;s; - sji, where s; is an itemset.s;
is also called an element of the sequence, and denoted asxiX, - XmP, where x, is an
item. For brevity, the brackets are omitted if an element has only one item, i.e., element dxp
is written as x. An item can occur at most once in an element of a sequence, but
can occur multiple times in different elements of a sequence. The number of instances
of items in a sequence is called the length of the sequence. A sequence with length | is
called an I-sequence. A sequence 2 Y haja, - a,i is called a subsequence of another
sequence B ¥4 hbib, - by and B a supersequence of 2, denoted as 2 v B3, if there exist

integers 1 <j; <j, < <jy<msuchthata; €bj1;a,€bj2;...;an Sbjn.

A sequence database S is a set of tuples hsid; si, where sid is a sequence_id and s a
sequence. A tuple hsid; siissaid to contain a sequence 2, if 2 is a subsequence of s. The
support of a sequence 2 in a sequence database S is the number of tuples in the

database containing 2, i.e., supportsd2pP ¥ j fhsid; sijohsid; si 2 SP 2 02 v sbgj:

It can be denoted as supportd2p if the sequence database is clear from the context. Given a
positive integer min_support as the support threshold, a sequence 2 is called a
sequentialpattern in sequence database S if supportsd2P2> min support. A sequential

pattern with length | is called an |-pattern.

Example 1 (Running Example). Let our running sequence database be S given in Table 1

and min support ¥ 2. The set of items in the database is fa; b; ¢; d; e; f; gg.

A sequence hadabcbdacPddcfbi has five elements: dab, dabcbk, dack, 8dP, and dcfb, where
items a and c appear more than once, respectively, in different elements. It is a 9-sequence
since there are nine instances appearing in thatsequence. Item a happens three times in this
sequence, soit contributes 3 to the length of the sequence. However, the whole sequence
hadabcbdacPddcfbi contributes only 1to the support of hai. Also, sequence hadbcbdfi is
a subsequence of hadabcbdacPddcfpi. Since both sequences 10 and 30 contain subsequence s

Yahdabbci, s is a sequential pattern of length 3 (i.e., 3-pattern).
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th scan, 6 canchdates
4 length-4 sequential patterns

Ard wean, 64 candadates
21 length-3 sequential patiemns
13 candidates not appear in datahase at all

2nd scan, 51 candidates
22 length-2 sequential patiems
9 candidates not appear in database at all

15t scan, T candidates
6 length-1 sequential patterns

Candidate cannot pass suppoet threshold

Candadale does nol appear in database ag all

Fig. 1. Candidates and sequential patterns in GSP.

GSP, though benefits from the a priori pruning, still generates a large number of candidates. In
this example, 6 length-1 sequential patterns generate 51 length- 2 candidates, 22 length-2
sequential patterns generate 64 length-3 candidates, etc. Some candidates generated by GSP
may not appear in the database at all. For example, 13 out of 64 length-3 candidates do not

appear in the database.

3. Mining Sequential Patterns By Pattern Growth
The GSP algorithm, as discussed in Section 1 and Example 2, has similar strengths and
weaknesses to the a priori method. A frequent pattern growth method known as FP-growth [9]
has been developed for efficient mining of frequent patterns without candidate generation. To
achieve high performance, the method employs a data structure known as an FP-tree to store
compressed frequent patterns in a transaction database and recursively mines the projected

conditional FP-trees.
Can we mine sequential patterns by extension of the FP-tree structure? Unfortunately, the answer
cannot be so optimistic because it is easy to explore the sharing among a set of unordered items,

but it is difficult to explore the sharing of common data structures among a set of ordered items.

For example, a set of frequent itemsets fabc; cbad; ebadc; cadbg share the same tree branch

habcdei in the FP-tree. However, if they were a set of sequences, there is no common prefix
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subtree structure that can be shared among them because one cannot change the order of items

to form sharable prefix subsequences.

After repeatedly scanning the entire database and generating and testing large sets of candidate
sequences, a sequence database can be recursively projected into a set of smaller databases
associated with the set of patterns mined thus far, and then mine locally frequent patterns in each

projected database.

In this section, we outline a projection-based sequential pattern mining method called FreeSpan

[8], followed by a systematic introduction to an improved method called PrefixSpan [19].

TABLE 2: Projected Databases and Sequential Patterns

| prefix | projected (suffix) database sequential patterns |
{a) | labe)(ac)dcf)), {(d)elbe)lae)}, | {a), {aa), {ab), {albc)), {al(bc)a), (aba),
((B)(df Jeb), {(-f)ebe) (abc), ((ab)), ((ab)c), ((ab)d), ((ab)f),
((ab)dc), {ac), {aca), {ach), {acc}, {ad),
lade), (af)
By | ((-c)lac)d(cf)), {(c)(ae)}, | (b), {ba), {be), ((be)}, ((be)a), (bd), (bdc),
{(df)eb), {c) (bf)
ted | ((ae)d(cf)), ((Be)(ae)), (b, be) | {c), {ea), {eb), (cc)
{d) | {lef)), {clbe)(ae)), {(-f)ch) {d}, (db), {dc), (dcb)
(e} | ((-F)(ab)(df)cb), ((af)che) (e}, {ea), (eab}, (eac), {each), (eb), (ebc),
(ec}, (ech), {ef), {efb), {efc), lefeh).
(f) | {(ab)(df)ch), {cbe) (), (fb), (fbe), (fe), (feb)

Divide search space. The complete set of sequen- tial patterns can be partitioned into the
following six subsets according to the six prefixes:

1) the ones with prefix hai,

2) the ones with prefix hbi;...; and

3) the ones with prefix hfi.

Find subsets of sequential patterns. The subsets of sequential patterns can be mined by
construct- ing the corresponding set of projected databases and mining each recursively. The
projected databases as well as sequential patterns found in them are listed in Table 2, while the

mining process is explained as follows:
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4. Experimental Results And Performance Analysis
Since GSP [23] and SPADE [29] are the two most influential sequential pattern mining algorithms,
we conduct an extensive performance study to compare PrefixSpan with them. In this section, we
first report our experimental results on the performance of PrefixSpan in comparison with GSP
and SPADE and, then, present an indepth analysis on why PrefixSpan outperforms the other

algorithms.

Experimental Results
To evaluate the effectiveness and efficiency of the PrefixSpan algorithm, we performed an
extensive performance study of four algorithms: PrefixSpan, FreeSpan, GSP, and SPADE, on both

real and synthetic data sets, with various kinds of sizes and data distributions.

All experiments were conducted on a 750 MHz AMD PC with 512 megabytes main memory,
running Microsoft Windows 2000 Server. Three algorithms, GSP, FreeSpan, and PrefixSpan, were
implemented by us using Microsoft Visual C++ 6.0. The implementation of the fourth algorithm,
SPADE, is obtained directly from the author of the algorithm [29]. Detailed algorithm

implementation is described as follows:

1. GSP. The GSP algorithm is implemented according to the description in [23].

2. SPADE. SPADE is tested with the implementation provided by the algorithm inventor [29].

3. FreeSpan. FreeSpan is implemented according to the algorithm described in [8].

4. PrefixSpan. PrefixSpan is implemented as described in this paper,3 with pseudoprojection
turned on in most cases. Only in the case when testing the role of pseudoprojection, two options
are adopted: one with the pseudoprojection function turned on and the other with it turned off.
For the data sets used in our performance study, we use two kinds of data sets: one real data set

and a group of synthetic data sets.
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Fig. 2. Distribution of frequent sequences of data set.Fig. 3. Performance of the four algorithms

on data set

SCOPE AND DISCUSSIONS

Mining sequential patterns, as opposed to mining (unordered) frequent patterns, is a step
towards mining more sophisticated frequent patterns in large databases. Following the successful
development of a pattern-growth-based sequential pattern mining method, such as PrefixSpan,
it is interesting to investigate how such a method can be extended to handle more complex
cases. This method is easily extended to mining multidimensional, multilevel sequential patterns
[21]. This section will go over constraint-based mining of sequential patterns as well as a few

research problems.

Mining Sequential Patterns Using Constraints Instead of finding all possible sequential patterns in
a database, a user may prefer to enforce certain constraints to find desired patterns in many
sequential pattern mining applications. Constraint-based mining refers to the mining process
that incorporates user-specified constraints to reduce search space and derive only user-

interested patterns.

A common single item from the set of fb; ¢; dg should be kept in the hai-projected database.
Second, the remaining mining can begin with the suffix, which is essentially "Suffix-Span," a
symmetric algorithm to PrefixSpan that grows suffixes from the end of the sequence forward. The
growth should correspond to the suffix constraint "hfbbjbcdjddgi.” To find all the remaining
sequential patterns in the projected databases that match these suffixes, grow sequential

patterns in either a prefix or suffix-expansion manner.
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Problems facing during Research:

Although the sequential pattern growth approach proposed in this paper is efficient and scalable,
there are still some difficult research issues in sequential pattern mining, particularly for certain
large-scale applications. Here, we highlight a few issues that require further investigation.

Mining Closed and Maximal Sequential Patterns

As shown in Section 1, a frequent long sequence contains a combinatorial number of frequent
subsequences. There are 2100 — 1 nonempty subsequences for a sequential pattern of length
100. In such cases, mining the entire set of patterns, regardless of method, is prohibitively

expensive.

Similar to mining closed and maximal frequent patterns in transaction databases [17], [3], which
mines only the longest frequent patterns (in the case of max-pattern mining) or the longest one
with the same support (in the case of closed-pattern mining), it is also desirable to mine only
(frequent) maximal or closed sequential patterns, where a sequence s is maximal if there is no
frequent super sequence of s, and a sequence s is closed if there exists no frequent super

sequence

Mining Approximate Sequential Patterns

We assumed in this study that all of the sequential patterns to be mined are exact matching
patterns. Many applications require approximate matches in practise, such as DNA sequence
analysis, which allows for limited insertions, deletions, and mutations in their sequential patterns.
The development of efficient and scalable algorithms for mining approximate sequential patterns
is both a difficult and practical endeavour. A recent study [28] on mining long sequential patterns

in a noisy environment is an example of this.

5. Conclusions
We conducted a systematic study on sequential pattern mining in large databases and developed

a pattern-growth approach for efficient and scalable sequential pattern mining.

Instead of refining the a priori-like, candidate generation-and-test approach, such as GSP [23], we
promote a divide-and-conquer approach called pattern-growth [9], an efficient pattern-growth
algorithm for mining frequent patterns without candidate generation. This paper proposes and

investigates PrefixSpan, an efficient pattern-growth method. PrefixSpan recursively divides a
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sequence database into smaller projected sequence databases and grows sequential patterns in
each projected database by exploring only locally frequent fragments. It mines the entire set of
sequential patterns and significantly reduces the effort required to generate candidate
subsequences. Because PrefixSpan investigates ordered growth through prefix-ordered
expansion, it produces fewer "growth points" and smaller projected databases than our previous
proposed pattern-growth algorithm, FreeSpan. In addition, a pseudoprojection technique for

PrefixSpan is proposed to reduce the number of physical projected databases generated.

The implications of this method, in our opinion, go far beyond yet another efficient sequential
pattern mining algorithm. It demonstrates the strength of the pattern-growth mining
methodology by achieving high performance in both frequent-pattern mining and sequential
pattern mining. Furthermore, the methodology can be extended to mining multilevel,
multidimensional sequential patterns, mining sequential patterns with user-specified constraints,
and so on. As a result, it is a promising approach for applications that rely on the discovery of
frequent and/or sequential patterns. Many intriguing issues need to be investigated further, such
as mining closed and maximal sequential patterns, mining approximate sequential patterns, and
extending the method to mining structured patterns. Future research should focus on the
development of specialised sequential pattern mining methods for specific applications, such as
DNA sequence mining that may admit flaws, such as allowing insertions, deletions, and mutations

in DNA sequences, and handling industry/engineering sequential process analysis.
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