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Abstract
UpDown Direcrted Acyclic Graph Approach (UDDAG)  is the 
one of the fastest Approaches for Sequential pattern Mining. 
In this paper we implemented the UDDAG Approach using Java 
.For identifying the frequent itemsets (FIs) we use FP-Growth 
Algorithm which is one of the fastest algorithm to identify 
frequent items. This implementation can be applicable to 
Market data applications.
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I. Introduction
Sequential pattern mining is an important data mining problem, 
which detects frequent subsequences in a sequence database. 
A major technique for sequential pattern mining is pattern 
growth. In this paper, a new  approach  based on UpDown 
Directed Acyclic Graph Approach is implemented. UDDAG is a 
novel data structure which supports bidirectional pattern growth 
from both ends of detected patterns. UDDAG may be extended 
to other areas where efficient searching in large searching 
spaces is necessary. UDDAG implementation involves 3steps 
i.e., database transformation, pattern partitioning, UDDAG-
based pattern mining. A sequence database is a set of tuples 
<sid, s>, where sid is a sequence id and s is a sequence. A tuple 
<sid, s> is said to contain a sequence β if β  s. The absolute 
support of a sequence β in a sequence database D is defined 
as SupD=|{<sid,s>|(β s) ^(<sid,s>Є D)}| , and the relative 
support of β is defined as Sup D (s )/ |D|. Given a positive 
value minSup as the support threshold, β is called a sequential 
pattern in D if SupD (s) ≥ minSup. In this paper we describe 
efficient implementation of UDDAG approach. In section II we 
explain the how sequence database is transformed. In section 
III  we explain identification of patterns for  the transformed 
database. In section IV involves the finding subsets of patterns 
and final sequential  patterns for the given database.

II. Database Transformation
Based on frequent item sets, we transform each sequence in a 
database D into an alternative representation. First, we assign 
a unique id to each FI in D. We then replace each item set in 
each sequence with the ids of all the FIs contained in the item 
set. To detect all FIs we use FP-Growth Algorithm.
For example, for the database in Table 1, the FIs are: (1), (2), 
(3), (4), (5), (6), (1,2), (2,3). By assigning a unique id to each 
FI, e.g., (1)-1, (1,2)-2, (2)-3, (2,3)-4, (3)-5, (4)-6, (5)-7, (6)- 8, 
we can transform the database as shown in fig 1 (infrequent 
items are eliminated).

Fig.1: Database Transformation

III. Pattern Partitioning
Let {x1, x2, . . . ,xt } be the frequent item sets in a database D; x1< 
x2< . . . <xt, the complete  set of patterns (P) in D can be divided 
into t disjoint subsets. The ith subset (denoted by Pxi ; 1 ≤ i ≤ t}  
is the set of patterns that contains xi and FIs smaller than xi. 
To support bidirectional pattern growth, instead of partitioning 
patterns based on common prefix, we can partition them based 
on common root items. For a database with n different frequent 
items (without loss of generality, we assume that these items 
are 1; 2; . . . ; n), its patterns can be divided into n disjoint 
subsets. The ith subset (1 ≤ i ≤  n) is the set of patterns that 
contains i (the root item of the subset) and items smaller than i. 
Since any pattern in subset i contains i, to detect the i th subset, 
we need only check the subset of tuples whose sequences 
contain i in database D, i.e., the projected database of i, or  iD. 
In the ith subset, each pattern can be divided into two parts, 
prefix and suffix of i. Since all items in the ith subset are no 
larger than i, we exclude items that are larger than i in iD.
Example 2: Given the following database:
1. <9 4 5 8 3 6>;
2. <3 9 4 5 8 3 1 5>;
3. <3 8 2 4 6 3 9>;
4. <2 8 4 3 6>;
5. <9 6 3>,

8D is,
1. <4 5 8 3 6>;
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2. <3 4 5 8 3 1 5>;
3. <3 8 2 4 6 3>;
4. <2 8 4 3 6>.

If minSup is 2, the 8th subset of patterns is
{<8>;<3 8>; <4 8>; <5 8>; <4 5 8>; <8 3>;
<8 4>; <8 6>;<8 3 6>; <8 4 3>; <8 4 6>;
<3 8 3>; <5 8 3>; <4 5 8 3>}
Observing the patterns in the 8th subset, except for <8>, which 
only contains 8 and can be derived directly, all other patterns 
can be clustered and derived as follows: 1. f<3 8>; <4 8>; <5 
8>; <4 5 8>g, the patterns with 8 at the end. This cluster can 
be derived based on the prefix subsequences of 8 in 8D, or 
Pre(8D), which is,
1. <4 5>;
2. <3 4 5>;
3. <3>; and
4. <2>.
By concatenating the patterns (<3>;<4>;<5>; <4 5>) of Pre(8D) 
with 8, we can derive patterns in this cluster.

2. {<8 3>; <8 4>; <8 6>; <8 3 6>; <8 4 3>; <8 4 6>}, the 
patterns with 8 at the beginning. This cluster can be derived 
based on the suffix subsequences of 8 in 8D, or Suf(8D), which 
is
1. <3 6>;
2. <3 1 5>;
3. <2 4 6 3>;
4. <4 3 6>.

By concatenating 8 with the patterns (<3>; <4>; <6>; <3 6>; <4 
3>; <4 6>) of Suf(8D), we can derive patterns in this cluster.

3. {<3 8 3>; <4 8 3>; <5 8 3>; <4 5 8 3>}, the patterns with 8 in 
between the beginning and end of each pattern. This cluster can 
be mined based on the patterns in Pre(8D) and Suf(8D). In this 
case, a pattern (e.g., <4 8 3>) can be derived by concatenating 
a pattern of Pre(8D) (e.g., 4) with the root item 8 and a pattern 
of Suf(8D) (e.g., 3).

IV. Finding subsets of Patterns
To detect Px, we first detect patterns in Pre(xD) and Suf(xD) and 
then combine them to derive Px. This is a recursive process 
because for Pre(xD) and Suf(xD), we perform the same action 
until reaching the base case, where the projected database 
has no frequentitem set.
A. Finding P8. First, we find  Pre(8D) and Suf(8D), which are, 
Pre(8D): 1) <1 (1,2,3,4,5) (1,5) 6>, 3) <(7,8) (1,2,3) >, 4) 
<7>; 
Suf(8D): 1) <>, 3) < (1,2,3) (6,8) 5 3>, 4) <5 3 5>.
Let PP be all the patterns in Pre(8D), since the FIs in Pre(8D) are 
(1), (2), (3), and (7), we can partition PP into four subsets, PP7; 
PP3; PP2, and PP1. First, we detect PP7. Since the prefix-projected 
database of 7 in Pre(8D) is empty, and the suffix-projected 
database of 7 is: 3) <(1, 2, 3)>, 4) < >, the only pattern in PP7 
is <7> as shown in fig. 2 

Fig. 2: PP7   for Pre(8D)

Similarly, PP 3 {<3>}; PP2 {<2>}, and PP1 { <1>}. Thus, PP= 
{<1>;<2>; <3>;<7>}. 

Let PS be all the patterns in Suf(8D), since the FIs in Suf(8D) 
are (3) and (5), we can partition PS into two subsets, PS5 and 
PS3. First, we detect PS5. The prefix-projected database of 5 
in Suf(8D) is: 3) < (1,2,3) (6,8) >, 4) <5 3>, which contains a 
pattern <3>. The suffix-projected database of 5 in Suf(8D) is: 
3) < 3>, 4) <3 5>, which also contains a pattern <3>.

Suf(8D) of the given database is shown in fig.3

Fig. 3: Suf(8D)

Since both databases have patterns, we need consider case 3, 
i.e., whether concatenating <3> with root 5 and <3> is also a 
pattern. Here, the occurrence set of <3> in the prefixprojected 
database of 5 is {3, 4}, and the occurrence set of <3> in 
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the suffix-projected database of 5 is also {3, 4}. Thus, their 
intersection set is {3, 4}, which means that the support of <3 
5 3> is at most 2. However, since 5 occurs twice in tuple 4, we 
need check whether it really contains <3 5 3>, which is not true 
by verification. Thus, the support of <3 5 3> is 1, and it is not 
a pattern. Therefore, PS5 = { <3 5>;<5 3>;<5>}. S i m i l a r l y 
, PS3 ={<3>}. All together, PS ={<3 5>; <5 3>;<5>;<3>}. 
Next, we detect P8 based on the Up and Down DAGs of 8 {(Fig. 
4(a), 4(b)} by evaluating each candidate vertex pair. First, we 
detect the VDVSs for length-1 pattern in Pre(8D), i.e., up vertexes 
1, 2, 3, and 7. For vertex 1, first, we check its combination with 
down vertex 3, the intersection of the occurrence sets is {3}. 
Thus, the corresponding support is at most 1, which is not a 
valid combination. Similarly, up vertex 1 and down vertex 5 are 
also invalid combination. All the children of down vertex 5 are 
not valid for up vertex 1. Therefore, VDVS1=Ø. Similarly, VDVS3 
= Ø , VDVS7= {ov(<3>); ov(<5>); ov(<5 3>)}: Since no length-2 
pattern exists in Pre(8D), the detection stops. Eventually, we 
have 

P8 ={<8>;<1 8>;<2 8>;<3 8>;<7 8>;
<8 3>;<8 5>;<8 3 5>;<8 5 3>;
<7 8 3>;<7 8 5>;<7 8 5 3>}
8-UDDAG based on detected patterns in P8 is shown in fig. 
4c.

Fig. 4: UpDown DAG for P8. (a) Up DAG of patterns in pre(8D). 
(b) Down
DAG patterns in Suf(8D). (c) 8-UDDAG.

Similarly, we have

P7 ={<7>;<7 1>;<7 3>;<7 1 3>;<7 5>,
<7 1 5>;<7 3 5>;<7 5 3>};

P6 ={<6>;<1 6>;<2 6>;<3 6>;<6 3>;<6 5>;
<6 5 3>;<3 6 5>;<2 6 5>;<1 6 5>};

P5 = {<5>;<1 5>;<2 5>;<3 5>;<5 5>;
<1 3 5>;<1 5 5>; <5 1>;<5 3>;
<5 5>;<1 5 1>;<1 5 3>};

P4 = {<4>;<1 4>;<4 1>;<1 4 1>};

P3 ={<3>;<1 3>;<3 1>;<1 3 1>};

P2 = {<2>};

   P1 = {<1>;<1 1>};

The complete set of patterns is union of all subsets of patterns 
detected above is shown in fig. 5

Fig. 5:

V. Conclusion
In this paper we describe the implementation of UpDown 
Directed Acyclic Graph Approach for a given sequence database. 
This implementation work  for any type of market data . 
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