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ABSTRACT 

 

Aiming to the Discovery of frequent item set which is a major 
problem in important data mining applications, such as the 
discovery of multidimensional association rules, set of the 
maximal (length) frequent itemsets (called maximum frequent 
pattern) which uniquely defines the entire frequent itemsets: 
“where frequent itemsets are precisely all the non – empty subsets 
of maximal frequent item sets”. We use a two way approach 
which combines the top- down and bottom approach for finding 
maximal pattern in multi-dimensional databases.   
 

Keywords: Two way approach, maximal, multidimensional 
association rule, frequent item set, Data mining. 
 

I. INTRODUCTION  
 

Need for discovering frequent item 
set is a key problem in data mining1 
applications, such as the discovery of 
multidimensional association rules2, set of 
the maximal (length) frequent itemsets 
(called maximum frequent pattern) which 
uniquely defines the entire frequent itemsets: 
“where frequent itemsets are precisely all the 
non – empty subsets of maximal frequent 
item sets”. The search for the maximal can 
be proceed from the 1– itemset to n– itemset 
(Bottom-up approach) and from n –itemset 
to 1-itemset (Top down approach). Thus, 
discovering the maximal pattern implies 
immediate discovery of all the maximal 

frequent itemsets from the large databases5. 
In many cases it is sufficient to know the 
supports of the maximal frequent itemsets, 
and supports of a few subsets of the maximal 
frequent itemsets, rather than the supports of 
all the frequent itemsets.  

In this approach to find the maximal 
pattern from multidimensional database we 
use the two way approaches3 (combines the 
top- down and bottom approach) for finding 
maximal by multi-dimensional pattern 
mining approach. The approach uses both 
properties of Apriori algorithm4 to prune 
candidates and make use of the information 
gathered in one direction to prune more 
candidates during the search in the other 
direction. If some maximal frequent itemset 
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is found in the top-down direction, then this 
itemset can be used to eliminate (possibly 
many) candidates in the bottom-up direction. 
The subsets of this itemset can be pruned 
because they are frequent. But if an 
infrequent itemset is found in the bottom- up 
direction, then it can be used to eliminate 
some candidates in the top-down direction. 
This “two-way search approach” can fully 
use of both properties and thus speed up the 
search for the maximum frequent set for 
multidimensions.  

 

The two way approach that we have 
adopted from the general Pincer algorithm 3 
reduces the I/O and CPU time as compared 
to simple Apriori algorithm4. An attempt has 
been made to find the maximal frequent 
pattern for multi-dimension database with 
reduce number of database passes. The 
algorithm for mining multi-dimensional 
patterns is discussed in the section II and III. 
 
II. PROPOSED TWO-WAY APPROACH 
 
 Pincer Search Algorithm3 was 
proposed by, Dao-I Lin & Zvi M. Kedem of 
New York University in 1997. This 
algorithm uses both, the top-down and 
bottom-up approaches to Association Rule 
mining. It is a slight modification to original 
Apriori Algorithm by4. In this the main 
search direction is bottom-up (same as 
Apriori) except that it conducts 
simultaneously a restricted top-down search, 
which basically is used to maintain another 
data structure called Maximum Frequent 
Candidate Set (MFCS)3,6. As output it 
produces the Maximum Frequent Set i.e. the 
set containing all maximal frequent itemsets, 
which therefore specifies immediately all 
frequent itemsets. The algorithm specializes 

in dealing with maximal frequent itemsets of 
large length. 

For determining the maximum 
frequent itemset in a multi-dimensional a 
multi strategy approach is used in which we 
have use bottom up approach and 
simultaneously we apply the top down 
approach to define the MFCS(Maximum 
frequent candidate set)6. The maximum 
frequent pattern (say as MFP) is the set of all 
the maximal frequent patterns. (An itemset 
is a maximal frequent itemset if it is frequent 
and no proper superset of it is frequent). The 
approach is also better when the maximal 
frequent itemsets are long. 
 
A. Principles of Proposed Approach 
 
Pincer Search3 combines the following two 
approaches: 
 
Bottom-up: Generate subsets and go on to 
generating parent candidate sets using 
frequent subsets. 
 
Top-Down: Generating parent set and then 
generating subsets. 
It also uses two special properties: 
 
Downward Closure Property: If an itemset 
is frequent, then all its subsets must be 
frequent. 
 

Upward Closure Property: If an itemset is 
infrequent, all its supersets must be 
infrequent. 

It uses the above two properties for 
pruning candidate sets, hence decreases the 
computation time considerably. It uses both 
approaches for pruning in following way:  

If some maximal frequent itemset is 
found in the top down direction, then this 
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itemset can be used to eliminate (possibly 
many) candidates in the bottom-up direction. 
The subsets of this frequent itemset will be 
frequent and hence can be pruned (as per 
Downward closure property). If an 
infrequent itemset is found in the bottom up 
direction, then this infrequent itemset can be 
used to eliminate the candidates found in 
top-down search found so far (as per 
Upward Closure Property). This two-way 
approach makes use of both the properties 
and speeds up the search for maximum 
frequent set.  

The above approach is explained by 
the taking a example of two dimensional 
approach first we see it for bottom up 
approach after that it will be applied for top 
down approach as: 
 
B. Bottom – up search 
 

For the bottom up search we deploy 
the general apriori approach4 in bottom up 
direction for generating the candidate 
itemsets for multi-dimensions. A two 
dimensional example is taken to understand 
the working principle of proposed approach 
discussed as below. 

Suppose some transaction of items 
is given with the income group of the 
customer as the 1st and 2nd dimension 
respectively. The dataset D is in fig.1 given 
minsup = 2. We have to generate new 
candidate pattern in bottom – up direction. 
In this example we have recorded 25 
transactions for the various income group. 

 

The algorithm performs first one 
database pass to count the support to form 1-
candidate patterns for each value of the 
second dimension income (low, middle, 
high) in its first iteration. The 1-candidate 

consider as C1 simply scans all of the 
transaction in order to count the number of 
occurrences of each items as shown in fig.2. 
 

T No.  Item Income 
T1 a, b, e, f Low  
T2 b, c, e Middle  
T3 b, d Low 
T4 b, c Low 
T5 c, e Middle  
T6 c, d Middle  
T7 a, b, e  High  
T8 a, b, d High  
T9 a, b, d  Low 
T10 b, d, e, f Middle  
T11 a, b, c, e, f High 
T12 a, b, c  High  
T13 a, c  Low  
T14 b, d  Middle  
T15 c, d Middle  
T16 b, c Low  
T17 a, c  High  
T18 b, d Middle 
T19 a, c Low 
T20 a, b, c, e Low 
T21 b, c, d, e Middle  
T22 b, c, d Middle  
T23 b, c High  
T24 b, d High  
T25 a, b, c Low  

 
Fig.1: Multidimensional Dataset D 

 
For the above transactions the 

minimum support is 2. The set of frequent 
1–itemsets L1 can there be determined. It is 
shown that the all the income group 
candidate of the 1 – itemset L1 of C1 not 
satisfy the minimum support. So infrequent 
itemsets are discarded from the C1.   

 
For the next iteration, all 

multidimensional candidates 2 – patterns are 
created and stored in C2 as in the table given 
in fig.3(a) for the entire income group.  
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Itemset   Supp. Count  Income 

a 6  

Low b 7 
c 6 
d 2 
e 2 
f 1 
a 0 

Middle 

b 6 
c 6 
d 7 
e 4 
f 1 
a 5 High 
b 4 

 
Fig. 2. a) Multidimensional Candidate pattern C1 and  b) Multidimensional Frequent 1- itemset L1 

 
      (a) 

Itemset   Supp. 
Count  

Income 
Group 

(a, b) 4 Low 
(a, c) 4 Low 
(a, d) 1 Low 
(a, e) 2 Low 
(b, c) 4 Low 
(b, d) 2 Low 
(b, e) 2 Low 
(c, d) 0 Low 
(c, e) 1 Low 
(d, e)  0 Low 
(a, b) 0 Middle  
(a, c) 0 Middle 
(a, d) 0 Middle 
(a, e) 0 Middle 
(b, c) 3 Middle 
(b, d) 5 Middle 
(b, e) 3 Middle 
(c, d) 4 Middle 
(c, e) 3 Middle 
(d, e)  2 Middle 
(a, b) 4 High  
(a, c) 3 High  
(a, d) 1 High  
(a, e) 2 High  
(b, c) 3 High  
(b, d) 2 High  
(b, e) 2 High  
(c, d) 0 High  
(c, e) 1 High  
(d, e)  0 High  

Fig. 3.a) Multidimensional Candidate pattern C2 and b) Multidimensional Frequent 2- itemset L2 

Itemset   Supp. Count  Income  
a 6 

Low 

b 7 
c 6 
d 2 
e 2 
b 6 

Middle 
c 6 
d 7 
e 4 
a 5 

High  

b 4 
c 4 
d 2 
e 2 

 

Prune  
L1  

(b)  
Itemset   Supp. 

Count  
Income 
Group  

(a, b) 4 Low  
(a, c) 4 Low 
(a, e) 2 Low 
(b, c) 4 Low 
(b, d) 2 Low 
(b, e) 2 Low 
(b, c) 3 Middle  
(b, d) 5 Middle 
(b, e) 3 Middle 
(c, d) 4 Middle 
(c, e) 3 Middle 
(d, e)  2 Middle 
(a, b) 4 High  
(a, c) 3 High 
(a, e) 2 High 
(b, c) 3 High 
(b, d) 2 High 
(b, e) 2 High 
 



Shashank Swami, et al., J. Comp. & Math. Sci. Vol.2 (4), 605-612 (2011)              609 

Journal of Computer and Mathematical Sciences Vol. 2, Issue 4, 31 August, 2011 Pages (581-692) 

(a)           (b) 

 
Itemset   Supp. 

Count  
Income 
Group 

(a, b, c) 2 Low  
(a, b, e) 2 Low  
(b,c, d) 2 Middle  
(b, c, e) 2 Middle  
(b,d, e) 2 Middle  
(a, b, c) 2 High  
(a, b, e) 2 High  

 

Fig. 4. a) Multidimensional Candidate pattern C3 and b) Multidimensional Frequent 1- itemset L3 
 

So at the second iteration all 
candidates 2 – patterns C2 are created and 
stored. It is also consider that no candidates 
for low income group are removed from C2 
during the prune step because each subset of 
the candidates is also frequent, but we can 
see that there is no candidate set with the 
element {a} can be generated in the middle 
value of the second dimension as it is 
infrequent so all its frequent set related to it 
are infrequent and hence will be discarded 
fig.3(a). The algorithm uses the 
multidimensional join of L1 to itself for 
generating C2. 

In our algorithm, simultaneously at 
each pass MFCP updates and after a 
maximal frequent itemset is added to MFCP, 
all of its subsets in the frequent set will be 
removed. If the original join process is 
applied in the some needed itemsets could 
be missing from the candidate set. By 
considering the Fig. 4(a) and Fig.4(b) the 
original frequent itemset for L3 of the set of 
candidates for all the values of income group 
(second dimension) we get the following 
patterns respectively  

 

i) C3(Low) = {{a, b, c}, {a, b, e), {a, c, e), 
{b, c, d}, (b, c, e},    (b, d, e}}.  

ii)  C3(Middle) = {{b, c, d} {b, c, e} {b, d, 
e} { c, d, e}} 

iii)  C3(High) = {{a, b, c}, {a, b, e), {b, c, d}, 
(b, c, e}, (b, d, e}    {a, b, d,}{a, c, e), 
{a, d, e} {a, d, c}{c, d, e}} 

 
We can determine that the last four 

candidates for C3 (Low) cannot possibly be 
frequent because we determine that the 
candidates cannot have their subsets 
frequent. Therefore, they are removing from 
C3 thereby saving the effort of unnecessarily 
obtaining their counts during the next scan 
to determine the L3. 
Similarly for the C3 (Middle) all the patterns 
are taken except the last one as it is 
infrequent. Therefore, that itemset is 
removing from C3. 

Similarly for the C3 (High) we can 
determine that the last four candidates 
cannot possibly be frequent because we 
determine that the candidates cannot have 
their subsets frequent. Therefore, they are 
removing from C3 thereby saving the effort 
of unnecessarily obtaining their counts 
during the next scan to determine the L3. 

 

After pruning of candidates of 3 – 
itemsets for all the values of income group 
(second dimension) are therefore C3(Low) = 
{a, b, c}, (a, b, e}, C3(Middle) ={b, c, d} {b, 
c, e} {b, d, e} and for C3(High) = {a, b, c}, 
{a, b, e). Now the algorithm uses join of L3 

Itemset   Supp. 
Count  

Income 
Group 

(a, b, c) 2 Low  
(a, b, e) 2 Low  
(b,c, d) 2 Middle  
(b, c, e) 2 Middle  
(b,d, e) 2 Middle  
(a, b, c) 2 High  
(a, b, e) 2 High  
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to generate the candidate set of 4
for all the values of income group (second 
dimension). The join result is (a, 
all the values of income group (second 
dimension) and the itemset generated is 
pruned because its subset {b, c, e} is not 
frequent for C3(Low) and C
subset {c, d, e} for C3(Middle) respectively. 
Thus C4 = Null, and the algorithm 
terminates, having found all of the frequent 
itemsets. 

Now in the second phase we 
generate the strong association rules from 
the frequent itemsets for every value of 
second dimension as follows:
Firstly we define the frequent itemsets for 
low value of income dimension that are {a}, 
{b}, {c}, {d}, {e}, {a, b}, {a, c}, {a, e}, {b, 
c}, {b, d}, {b, e}, {a, b, c}, {a, b, e}. Now 
we can define the strong multidimensional 
association rule for the above data with low 
value of income dimension same rule will be 
generated for middle and high values of 
income dimension.  
 

C. Top- Down approach 
  

For the explanation of the top down 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig5. Execution Time of Algorithm with different thresholds values.
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to generate the candidate set of 4- itemset C4 

for all the values of income group (second 
dimension). The join result is (a, b, c, e}, for 
all the values of income group (second 
dimension) and the itemset generated is 
pruned because its subset {b, c, e} is not 

(Low) and C3(High) and 
(Middle) respectively. 

= Null, and the algorithm 
rminates, having found all of the frequent 

Now in the second phase we 
generate the strong association rules from 
the frequent itemsets for every value of 
second dimension as follows: 
Firstly we define the frequent itemsets for 

dimension that are {a}, 
{b}, {c}, {d}, {e}, {a, b}, {a, c}, {a, e}, {b, 
c}, {b, d}, {b, e}, {a, b, c}, {a, b, e}. Now 
we can define the strong multidimensional 
association rule for the above data with low 
value of income dimension same rule will be 

ted for middle and high values of 

For the explanation of the top down  

approach suppose the current old value of 
MFCP is {a, b, c, d, e, f}.  

Now suppose we consider two new 
infrequent itemset {a, f} and {c, f} are 
discovered for one value of second 
dimension {suppose for {low}. Now 
consider first the infrequent itemset {a, f} 
for the first value of second dimension 
{Low}. Since the itemset {a, b, c, d, e, f} 
(elements of MFCP) contains items {a, f}. 
Then by removing {a} form itemset we get 
{b, c, d, e, f}and by removing item {f} from 
itemset {a, b, c, d, e,f} we get {a, b, c, d, e}, 
then the MFCP becomes {{a, b, c, d, e}, and  
{b, c, d, e, f}. Itemset {c, f} is then used to 
update this MFCP. Since {c, f} is a subset of 
{a, b, c, d, e, f} then two itemsets {b, c, d, e} 
and {b, c, d, e, f} are generated to replace 
the {b, c, d, e, f}. The itemset {b, c, d, e, f} 
is a subset of the itemset {a, b, c,
the new MFCP, and it will be removed from 
MFCP. Therefore MFCP becomes {a, b, c, 
d, e} and {b, c, d, e, f}.  

Thus how we create the updates of 
MFCP for each value of second dimension 
income group just as above for the first 
value “low” and so on. 

Fig5. Execution Time of Algorithm with different thresholds values. 

1) 

692) 

approach suppose the current old value of 

Now suppose we consider two new 
infrequent itemset {a, f} and {c, f} are 
discovered for one value of second 
dimension {suppose for {low}. Now 
consider first the infrequent itemset {a, f} 
for the first value of second dimension 

b, c, d, e, f} 
(elements of MFCP) contains items {a, f}. 
Then by removing {a} form itemset we get 
{b, c, d, e, f}and by removing item {f} from 
itemset {a, b, c, d, e,f} we get {a, b, c, d, e}, 
then the MFCP becomes {{a, b, c, d, e}, and  

temset {c, f} is then used to 
update this MFCP. Since {c, f} is a subset of 
{a, b, c, d, e, f} then two itemsets {b, c, d, e} 
and {b, c, d, e, f} are generated to replace 
the {b, c, d, e, f}. The itemset {b, c, d, e, f} 
is a subset of the itemset {a, b, c, d, e, f} in 
the new MFCP, and it will be removed from 
MFCP. Therefore MFCP becomes {a, b, c, 

Thus how we create the updates of 
MFCP for each value of second dimension 
income group just as above for the first 
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III. EXPERIMENTAL RESULT  
 
To explore the result of the above 

method we have run the algorithm for above 
discussed dataset to find the execution time. 
All the experiments are performed on a 
Pentium 3 Ghz machine and 1 GB RAM, 
running Microsoft windows 2007. The 
algorithm is implemented in visual basic 6.0 
to calculate the maximal set. All the running 
time include CPU and I/O time. The fig. 5 
shows experimental results in which 
calculate the estimate time in seconds 
against the various threshold values for the 
above discussed dataset D with of two 
dimensions where the minimum support 
values is defined to be 5%. 
 
IV. CONCLUSION 
 
  In this paper we have presented two 
way approaches for the multidimensional 
association rule mining that can efficiently 
discover the maximum frequent pattern as 
well as counting the supports of all frequent 
patterns without accessing additional 
database passes for all the dimension. By 
using this approach we will be able to 
discover some maximal frequent pattern 
itemsets for two dimensional databases by 
this we can reduce the number of candidates 
and the passes of reading the database for 
the entire dimension, which in turn can 
reduce the CPU and I/O time. Thus how we 
can calculate the maximal for the n 
multidimensional database and naturally it 
will increase the execution time in seconds 
and the maximal itemset also. This is 
especially significant when the maximal 
frequent itmesets discovered in the early 
passes are long. 

 Result shows that using this two way 
multi dimensional pattern mining approach 
can be very significant, especially when 
some maximal frequent itemsets are long. 
Our two way multidimensional approach 
improves the efficiency of the frequent 
pattern extraction from correlated data. 
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