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Abstract--- Mining sequential patterns with time constraints,
such as time gaps and sliding time-window, may reinforce
the accuracy of mining results. However, the capabilities to
mine the time-constrained patterns were previously
available only within Apriori framework. Recent studies
indicate that pattern-growth methodology could speed up
sequence mining. Current algorithms use a generate-
candidate-and-test approach that may generate a large
amount of candidates for dense datasets. Many candidates
do not appear in the database. Therefore we are introducing
a more efficient algorithm for sequential pattern mining. The
time complexity of proposed algorithm will be lesser in
comparison to previous algorithms

I. INTRODUCTION
Data mining is the process of extracting interesting (non-
trivial, implicit, previously unknown and potentially useful)
information or patterns from large information repositories
such as: relational database, data warehouses, XML
repository, etc. Also data mining is known as one of the core
processes of Knowledge Discovery in Database (KDD).

Of all the mining functions in the knowledge
discovering process, frequent pattern mining is to find out
the frequently occurred patterns. The measure of frequent
patterns is a user-specified threshold that indicates the
minimum occurring frequency of the pattern. We may
categorize recent studies in frequent pattern mining into the
discovery of association rules and the discovery of
sequential patterns. Association discovery finds closely
correlated sets so that the presence of some elements in a
frequent set will imply the presence of the remaining
elements (in the same set). Sequential pattern discovery
finds temporal associations so that not only
closelycorrelated sets but also their relationships in time are
uncovered.

In a Sequence Database, each sequence is an time-
ordered list of itemsets. An itemset is an unordered set of
items (symbols), considered to occur simultaneously.

ID Sequences

seql ta, by et AghAe}
seq2  ta,d}.ic}. {h‘ {a,b.e.f}
seq3 | {aj, }b‘ fr{er

et | {01}

Table. 1: Sequential Data Base

Sequential Pattern Mining is probably the most
popular set of techniques for discovering temporal patterns
in sequence databases. SPM finds subsequences that are
common to more than minsupsequences. SPM is limited for
making predictions. For example, consider the pattern
{x}.{y}. Itis possible that y appears frequently after an x but
that there are also many cases where x is not followed by y.

For prediction, we need a measurement of the confidence
that if x occurs, y will occur afterward

A sequential rule typically has the form X->Y A
sequential rule X=Y has two properties:

— Support: the number of sequences where X occurs
before Y, divided by the number of sequences.

— Confidence the number of sequences where X occurs
before Y, divided by the number of sequences where X
occurs.

Sequential Rule Mining finds all valid rules, rules with

a support and confidence not less than user-defined

thresholds minSupand minConf
Consider minSup= 0.5 and minConf= 0.5:

1D Sequences

seql | {a,b}.[c).{f}.{g}. (e}
seq? | {a.d}.{c}.{b).{a. b.e.f}
seq 3 tay (b}, rfi {e}

seqd b} 4f g}
Table. 2: Sequential Data Base

1D Rule Support | Confidence
rl fa b el=le} 0.5 1.0

r2 fa}=2{c. e f} ] 0.66

13 {a, b} 2> {e.f} | 05 1.0

r4 ib} -} e, f} 0.75 0.75

I3 tarf e, f} 0.75 1.0

6 fel =24 0.5 1.0

17 r,_q] > {b} 0.5 0.66

Table. 3: Sequentlal Rules

Il. A SURVEY OF SEQUENTIAL PATTERN MINING METHODS
In general, we may categorize the mining approaches into
the generate-and-test framework and the pattern-growth one,
for sequence databases of horizontal layout. Typifying the
former approaches [1,2 , 3], the GSP (Generalized
Sequential Pattern) algorithm [3] generates potential
patterns (called candidates), scans each data sequence in the
database to compute the frequencies of candidates (called
supports), and then identifies candidates having enough
supports as sequential patterns. The sequential patterns in
current database pass become seeds for generating
candidates in the next pass. This generate-and-test process is
repeated until no more new candidates are generated. When
candidates cannot fit in memory in a batch, GSP re-scans the
database to test the remaining candidates that have not been
loaded into memory. Consequently, GSP scans at least k
times of the on-disk database if the maximum size of the
discovered patterns is k, which incurs high cost of disk
reading. Despite that GSP was good at candidate pruning,
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the number of candidates is still very huge that might impair
the mining efficiency.

The PrefixSpan(Prefix-projected Sequential pattern
mining) algorithm [4,12], representing the pattern-growth
methodology [5, 4, 6], finds the frequent items after
scanning the sequence database once. The database is then
projected, according to the frequent items, into several
smaller databases. Finally, the complete set of sequential
patterns is found by recursively growing subsequence
fragments in each projected database. Two optimizations for
minimizing disk projections were described in [4]. The bi-
level projection technique, dealing with huge databases,
scans each data sequence twice in the (projected) database
so that fewer and smaller projected databases are generated.
The pseudo-projection technique, avoiding physical
projections, maintains the sequence-postfix of each data
sequence in a projection by a pointer-offset pair. However,
according to [4], maximum mining performance can be
achieved only when the database size is reduced to the size
accommodable by the main memory by employing pseudo-
projection after using bi-level optimization. Although
PrefixSpansuccessfully discovered patterns employing the
divide-and-conquer strategy, the cost of disk 1/0O might be
high due to the creation and processing of the projected sub-
databases.

Besides the horizontal layout, the sequence
database can be transformed into a vertical format consisting
of items’ id-lists [7, 8, 9]. The id-list of an item is a list of
(sequence-id, timestamp) pairs indicating the occurring
timestamps of the item in that sequence. Searching in the
lattice formed by id-list intersections, the SPADE
(Sequential PAtternDiscovery using Equivalence classes)
algorithm [9,10,11] completed the mining in three passes of
database scanning. Nevertheless, additional computation
time is required to transform a database of horizontal layout
to vertical format, which also requires additional storage
space several times larger than that of the original sequence
database.

I1l. PROPOSED ALGORITHM

Step. 1 : Start

Step. 2: Read the  Sequence
MinimumSupport(MS)

Step. 3 : Find Frequent Item sets

Step. 4 : Arrange frequent items in lexicographic order &
then assign a unique index to frequent itemsets

Step. 5 : Transform the DB into an equivalent data base and
remove infrequent items from the data base..

Step. 6 : P= @ (Set of all frequent sequential patterns)

Step. 7 : Create partitions of sequential patterns as P1 to Pn.
This n is equal to the number of FI found. Then
find prefix and suffix of each of P1 to Pn. At end P
is formed by conquering P1 to Pn.

Database  (DB) and

Step. 8 : Stop.
Example:
Sequence ID Sequences
1 <(1)(1,2,3)(4)(7,8)(3)>
2 <(3)(5,8,9)(1,2)(2,3)>
3 <(5)(1,2)(3,5,6)(1,2)(6)>

Table. 4: Sequential Data Base

For the above sequential data base the frequent
itemsets are as follows:(1),(1,2),(2),(3).  Uniquel
disassignedto each FI as follows :- (1)-1, (1,2)-2, (2)-3, (3)-
4[7]. The algorithmconsists oftwomajorsteps.

First the given sequential database is converted into
an unique ID based data base. Infrequent items are also
eliminated in this step.

Therefore, the converted sequential databaseis
1:<(1)(1,2,3,4)(4)>;2:<(4)(1,2,3)(3,4)>;3:<(1,2,3)(4)(1,2,3)>

The next task is problem partitioning. In this
example, the number of frequent item sets are four.
Therefore the final sequential pattern set will contain four
disjoint subsets. These four disjoint subsets are P1, P2, P3,
P4. Then we find prefix and suffix of each database.

First the calculation is performed for P4. The data
base is converted in to DB4. The projected data base for P4.
It is the data base for the fourth element i.e. 3.

Itis as follows:
{1 : <(1)(1,2,3,4)(4)> 2
<(1,2,3)(4)(1,2,3)>}

Prefix of 4thDB is {1: < (1) (1,2,3,4) >; 2: < (4)
(1,2,3) > ; 3: < (1,2,3) >} andSuffix of 4th DB is {1: <(4)>
120 <(1,2,3) (3,4)> ;3: <(1,2,3)>} . It is clear that the suffix
of this data base does not contain any frequent pattern.
prefix(3prefix ( 4D)) is 1: <(1)> ;2: <4>; sufixf (3prefix (
4D)).

For prefix(2prefix (4D)) as 1:<(1)> ;2:<(4)>:
suffix (2prfixe (4D))

prefix(1prefix (4D)) 1: <(1)> ;2- <4>;

suffix (Lprefix (4D)) 1:<(1,2,3,4).

P4:<1 4><2 4><3 4><4>;

patterns for P3,P2,Plare found as

P3: <1 3><3>

P2:<2>

P1:<1>.

P is the union of all P1, P2, P3, P4. It is as follows
{<13> <14> <1> <2 4> <2> <3 4>,<3> <4>} .

:<(4),(1,2,3)(3,4)>;3

IV. TIME COMPLEXITY

If the length of longest pattern in sequence is N then the
maximum number of projections that can be associated with
that particular sequence will be N. From above it is clear
that the every item in the sequence is scanned or checked a
maximum of N times. In a database, if the total no of items
in that data base is M and the average length of the
sequential pattern is O. The total number of checks will be a
maximum of OM. Therefore the time complexity of the
proposed algorithm is O((log O)M) because the because the
minimum levels of projections to detect a pattern with
length N is about logN+1. In ODDAG, it is O(OM).
because the minimal levels of projections to detect a pattern
with length N is always N.

V. CONCLUSION
This paper presents a new and efficient algorithm to mine
sequential patterns from a sequential data set. The time
complexity of the proposed algorithm is lesser in
comparison to the existing algorithms.
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