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ABSTRACT

We present an association rule algorithm based on
granular computing (Bit-Compu-AssocRule) that
doesn’t follow the generation-and-test strategy of
Apriori algorithm It adopts the divide and conquers
strategy, thus avoids the time consuming table scan
to find and prune the item sets. It is the fast bit
operations based on its corresponding granular for
all the operations of finding large item sets fromthe
datasets. We also develop a prototype and model of
association rules based on bitmap and granular
computing. Our research indicates that bitmap and
granular computing can greatly improve the

performance of association rule algorithm.

Keywords :Data Mining, Association rules, Bitmap,

granule.
1. INTRODUCTION

An association rule algorithms have been developed in
the last decades{2][3][41[5] [6] .Which can be classified
into two categories: (a) candidate generation/test approach
‘ such as Apriori [5] (b) pattern growth approach [2]. The
challenging issues of association rule algorithms are
multiple scan of transaction databases and huge number
of candidates. We present a novel association rule

algorithm Bit -Compu- AssocRule based on bit map and
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granular computing approach. Traditional Apriori
algorithms require full table scan and multiple passes of
the item-sets in order to finding association rules from
large database. Bit- Compu-AssocRule avoids these time-
consuming operations and relies on the fast bit operations
of its granular to find the large Bit bit item sets. Bitmap
represents each distinct value as array of bits where a 1
or 0 in each relative position in the array represents True
or False for that value for the corresponding relative
record within the database relational table. This approach
is sometimes referred as inverted-list. But the real benefit
of the bitmap index is the processing speed. With bitmap
techniques, we can greatly improve the performance of

the association rule algorithms.

Recently, many attempts have been given to applying
bitmap techniques in the association rule algorithms in
[1].The use of bitmaps improves the performance to find
association rules. The bit representation of bitmaps offers
efficient storage while the interseciion of bitmaps offers
fast computation in finding association rules. The
AND,SHIFT, and COUNT operations among bitmaps
are extremely fast, Unlike the traditional Apriori algorithm
which generates k-candidate by combining two (k-1) large
item sets. Our Bit-Compu-AssocRule algorithm generates
k- candidate by interesting the bitmap of 1 attribute value
with bitmaps of other (k-1) attribute values.

Here, we describe the algorithm in details.

Bit-Compu-apriori takes the same or litter longer time
than the various Apriori algorithms in constructing the 1-
itemsets because of the extra cost of building the bitmaps

for the 1-itemsets. But after the 1-itsemtset is done, Bit-
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AssocRule is significant faster than the Apriori algorithms
in constructing large frequent item sets because it only
uses the fast bit is significant faster than the Apriori

algorithms in constructing large frequent ttem sets.

Granule mining is a new initiative that attempts to improve
the quality of discovered knowledge in muitidimensional
databases. The basic idea of granule mining came from
decision tables presented by [9], where the attributes are
divided by users info two groups: condition atiributes and

decision attributes.
The remainder of the paper is organized as follows:

we discuss bitmnap techniques and granular computing in
Section 2. We present the granular-based association rule
algorithm .In section 3, we focuses on Bit-Compu—apriori
and the comparison results of Bit-Compu-apriori with
various Apriori algorithms in Section 4. In Section 5 ,we
develop prototype and model of association rules based
on bitmap and granular computing. In Section 6, we

conclude the paper with some discussions,
2. Birtmar TECHNIQUES AND GRANULAR COMPUTING

The bitmap technique was proposed in the 1960 [7] and
has been used by a variety of products since then. Bitmap
technique delivers far superior query performance on
unselective data than traditional B-Tree indexing
techniques. Bitmap represents each distinct value as array
of bits where 1 or 0 in each relative position in the array
represents True or False for that value for the
corresponding relative record within the database
relational table. This approach is sometimes referred as
an inverted-list. But the real benefit of the bitmap index
is the processing speed. Combining the process of
performing a logical operation (AND, OR or NOT) on a
serious of bitmaps is very efficient, particularly compared

with performing similar processes on lists of tuple -Ids.
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Granular computing was first proposed by [1] and has
become a very important tool in data mining since then,
A granule is a clump of objects drown together by
similarity, proximity or functionality. The equivalent
relations are the granules of the relation. Each unique
attribute value in the relational table is a granule, and
each granule is a list of tuples that have the same atiribute
value. Only the tuple name, or the reference to the tuple,

is stored in the granules.

The granular concept and bitmap index are very closely
refated to each other. Other than a list, the granular can
be represented in bitmap. Each tuple in the relation has
one unique offset position in the bitmap. The bits are set
to 1 for those tuples having the attribute value of the
granule, and the bit are set to 0 for those tuples not having
the attribute values of the granules. This is the bitmap

representation of the granules of the lists.
3. APRIORI ALGORITHM

The most influential algorithm Apriori developed by
Rakesh et al. [6][5][10] generates the k-candidate by
combining two (k-1)-itemset that have the first k-2
attribute values in the two (k-1)-itemset the same the last
pair does not. A new K-candidate becomes a k large item
set if every (k-1)-subset of the k-candidate is a large item
set otherwise it is removed. This algorithm need to do
table scan of the whole data set and examine the item

sets multiple times, the process is very time consuming.

The algorithm Apriori is as following :
Li={large [-itemset};

For(k=2; L, “ok++}

{

Chk=apriori (L),

For all transactions t = D

{
Ct=subset(Ck,1);

-
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For all candidates ce C,

c.count++;

L={c C,|ccount >= minsup}

Return (L)

yoo

The aprior-gen funcﬁon takes as an argument L, , the
set of all large (k-1)- itemsets. It returns a superset of

the set of all large k-itemsets.

4 BiT-CoOMPU—APRIORI ALGORITHM

4.] The Generatior of Combinations

Creating: combinations, or patterns, is a computational
process of forming sets of attribute values. The number
of combinations for one selected attribute is the number
of distinct values of the selected attribute. Each candidate
contains one attribute value from that selected attributes
is the Cartesian product, p, X p, whete p, and p, are the
pumber of distinct values the first and second selected
attribute values respectively. Each combination contains
two atiribute values: one attribute value form the first
?ind one attribute value form the second. For the general
case, the number of k-candidates is p, X p, * ...x p, .Bach
k c_andidate contains one attribute value for each selected
attribute. The more general case is to create k-candidate
among the n atiributes in the relation. Since no columns
are sclected beforehand, k unique attributes are chosen
from the 1 attributes, all combinations of attributes values

form the domains of those atiributes are formed.

There are C(n, k) possible ways to choose k attributes form
1 attributes, and each possible way has its own set of k-
candidates among the k attributes. In a word, the number
of k-candidate is the total sum of the each subtotal

combination for each possible way to select k atiributes.

The general equation for the total number of k- candidate

on n attributes in the relation is the following:

k=Eg=1n“ (ku I)(PS(EFSHH“ (k“ 2)
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Ph(zf__h” f- (k_ 3)p,(’): z=yt) np:))))

The equation deals with various numbers of distinct values
on the columns in the relation, For the special case,
suppose all attributes in the relation have the same number
of distinct values, F, the equation simplifies to C( n,k P
.Generally, the number of distinct values of each attribute
in the relation are not the same. Nonetheless, taking the
average number of distinct values of all the attributes may

be useful to estimate the number of combinations of length

For a relation with many attributes or attribute values,
the number of combinations can be very large. Each
combination requires a count of the number of tuples in
the relation that the combination contains. The
combinations with the count greater than the minimal
support are association rules. The next subsection
demonstrates methods to reduce the number of
combinations. In doing so, the number of comparisons
between the combinations and the tuples in the relation

are saved.

The number of combinations is an important factor to
consider in the process. Each combination has the bitmaps
in the combinations intersected and the result counted. If
a combination does not have the potential of becoming a
large itemset, the combination should not be undergoing
this process. So, only potential combinations are generated

in the process.

The algorithm starts with a list L1(all the counts of the
bitmaps of these 1-itemset are greater than the minimal
counter nuiber),which contains all the I-itemset. When
making k-candidates, all the elements in the list L1 are
verified if they exist as elements in any (k-1)-itemset. If
an element does not exist in any (k-1)- itemset, it is
removed from the list. Next, new k candidates are created

from the (k-1)-itemset and the list L by joming a (k-1)-
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itemset with element in L that has an attribute index greater
than all attribute indexes of elements in that (k-1)-itemset.
Only the new k candidates that have every (k-1)-subset a
large item set are kept. The Algorithim Bit-Compu-apriori
association Rule is as following:
LI= {bitmaps of large I-itemset}
For (k=2; L, ,““@;k++)
{
Prune the L1,
/*Remove those elements in LI which ave not included in
any itemset of L,/
C, = Bit -Compu - apriovi( L, , L, );
L = { ¢ C, | bitmap count of ¢ >= minsup }
return(, L, )
/
.The algorithm starts with a list L1(also called 1-
ttemset),which contains attribute values. All the count of
" the bitmaps of these I-itemset are greater than the minimal

counfer number,

Yy Y

el 27 202

The k-candidates consist of k atiribute values (

.Y,

g et

¥, ) fromXk attributes. Using bitmap techniques,
the candidate is a large item set if the bit count on the
intersection of all the bitmaps 4, )” 4, )”... 4, (suppose
A, 1s the bitmap of the Y, ;) is equal or greater than the
minimal count. The bit count is the number of 1’s in the
‘bitmap indexed from the result of the intersection of the

bitmaps.
4.2 A Comparison study

The traditional Apriori algorithm, its variation and bitmap-
based Bit-Compu- Apriori association rule are compared
based on their key operations. For the Bit- Compu-
Apriori, the number of AND operations between the
bitmaps determines the cost. Ior the Apriori algorithm,
the number of cornparisons between the attribute values

in the candidates and the tuples determines the cost. A
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ration is used to compare the two algorithms Apriori and

Bit-Compu- Apriori, it is defined as follows:
X=M/N

Where, M is the number of comparison operations in
Apriori; and N is the number of AND operations in Bit-

Compu- Apriori.

The Apriori and Compu Apriori algorithms generate the
candidate itemnsets to be counted in a pass by using only
the itemsets found large in the previous ﬁass without
considering the transaction in the databases. The
AprioriTid algorithm has the additional property that the
database is not used at all for counting the support of
candidate itemsets after the first pass. AprioriHybrid uses
Apriori in the initial passes and switches to AprioriTid
when it expects that the set of candidate itemsets at the

end of the pass will fit in the memory [6][5].

The worst case for the Apriori algorithm is m*(k*q)
comparison operations, where m is the number of tuples,
all the p candidates have the same length, k. q is tﬁe
average number of atiribute values per candidates. Each
candidate compares with each tuple to determine if it is
contained in the tuple. The worse case for Bit-compu-
apriori association rule algorithm is (in/32)*(k-1y*q AND

operations. So, the ratio is defined as follows:
X=m*(k*q)/({m/32)*(k-1y*q)=32k/(k-1)

The Rit-compu-apriori can execute 32 times faster or more
than Apriori in theory.
5. PROTOTYPE AND MODEL OF ASSOCIATION RuLES Basen

oN BITMAr AND GRANULE

5.1 Decision model and granules

Let T={t,,t,

transaction is a set of items. In the multidimensional

,{ } be a transaction database and each
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database, Pawlak proposed the decision tables in rough
set theory to represent the association rules from the
hidden patterns {8][9]. A feature of decision model is
related to wser constraints, which divide the attributes of
a database into condition attributes and decision atiributes,
respectively. We call the tuple (7, V7, C, D) a decision
model of (T, VIYif C)" D=¢and C ;D ¢ V7, Tisaset
of ransactions, and ¥7 is the set of attributes (iterns). The
condition attributes C represent the premisé (antecedent)
of association rules, while the decision attn‘Butes D can
be interpreted as the post-condition (consequent) of

association rules.

In a decision model{11][12]{13), there is a function for
every attribute @ £ V" such thata: T°! ¥, where V, is the
set of all values of a. We call ¥, the domain of a. C(or D}
determines a binary relation f{C) (or /(D)) on T such that
(1, 1,) {C)if and only if a(t1) = a(72) for every aC, where
a(f) denotes the value of atiribute a for abject /T, It is

easy to prove that /(C) is an equivalence relation, and

the family of all equivalence classes of [(C), that is a

department, commodity, cost, price, profit. The users
choose only three atiributes and let C = {department,
commodity} and D = {profit}. We compress the database
into a decision model, where each product is viewed as a
granule and N, Is the number of transactions that belong

to the granule.

Using Table 1 we can classify the condition granules (C-
granules) as T / C = {{1,5}, {2,6}.,{3}, {4,7}} and
decision granules (D-granule) as T /D = {{1,4}, {2,5%,
{3,6,7} 1, respectively.

Table 2 : A Time Slice Transaction Model

Tirme Product
t102”2{20(}4 a1, 5,486,872
£:02/01/2005 ay,85, 8,87
t::02/0212005 &), 3,24, 85,87
t:02/03/2805 ay,43,33,23,8
ts: 024042005 a1,8,84,85,86
t5: 02/05£2005 ay, &, 8, @, &
tr: 02/06/20035 a1, a4, 85, &

Table 3. Granules

Granule a a ag ag A
partition determined by C, is denoted by T'/ C. cgy 1 Q U 0 1
, ca 1 1 0 1 1
The classes in T/ C (or T /D) are referred to C-granules c 1 1 1 0 1
(or D-granules). The class which contains ¢ is called C- cgs 1 0 0 1 1
granule induced by ¢, and is denoted by C (2). {a} C-granules
le 1 si . .
Table 1 simulates a part of the daily transactions for Grande | ag o
product sales in a shop, which is a Multidimensional dg 1 1
database. There are 200 transactions for 7 different d@ 0 1
products in the database. The possible attributes are des 1 0
Table 1. A decision model
{b) D-granules
Granule | Department | Commodity | Profit(%) | Ny
1 Fav Lecessories Over 70 | 47 eI I R . TR
2 Bakery | Gereral Merch | 3040 | 12 I L B, )
s & 1 0 0 0 1 1 1 2
3 Bakery Glasswrare 20-30 43 @ 1 1 g i 3 5 1 1
4 Soft Drinks | Dinners Frozen | Cver 70 | 12 & T 1 i 1 i 1 0 1
5 Fav Accessories 30-40 21 & 1 i 1 0 1 1 0 0
6 Bakery General Merch 20-36 46 o 1 0 0 1 1 0 1 3
7 Soft Drinks | Dinners Frozen 20-30 20 {c) Decision Model
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We also can view the fransactions in Table 2, where the
transactions come from the different time slices during 7
months and all products are frequent. Let 7 = {al, [
ay}, T={t,t,,..., t.}. According to the profit, bananas
Cavendish (a}, coca cola 2LT (a,), 1.25 LT (a,), chicken
pieces (a,) and potatoes brushed (a,) are all high profit
products; bread white (a6) and sandwich (a.) are both
low profit products. We set up the user constraint with
the profit and classify the products into two groups. Let
A, 8, 8, 8,8, be condition attributes and a, a, decision
attributes. Table 3 (a) is the C-granules; Table 3 (b) is the
D-granules; Table 3 (c) is

the decision model, where T/C D = {g,, £, & Zp &}

and NV_is the number of objects in the same granule.

In the representation of association rule mining[14][15],
we view a decision model as a multidimensional
database. Every granule in the decision model can be
mapped into a decision rule [8]. The condition atiribute
can be viewed as the premise of association rules; the
decision attributes can be viewed as the post-conditions.
The presence or absence of items is viewed as the same
position. Therefore, we can obtain 5-decision rules in

Table 3 (c), and the first one can be read as the following

decision rule:
(a,=1)"(a,=0)*(a,=0) " (a,=0) " (a,= 1) "t (g, = 1)
~a,=1)

or inshort C(g))'! D{(g ) (or C(¢,)’! D(t,}). where * means

“and”,

And remaining for decision Rules find out similar as

above.

From the above examples, we can now interpret
association rules based on granules rather than patterns.
In particular, we can view the association rules based on
different granularities of multidimensional databases

according to what users want.
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Definition A frequent patiern X is closed if and only if X
= Closure(X).

Given a C-granule cg = C(?), its covering set fcg] = {*" |
e T,( 10 (O} Let cg be a C-granule and dg be a D-
granule, we define [cg * dgl = [cg] )" {dg].For example,
inTable3 g, = {(a,=1) " (a,=0) " (a,=0) " (a,=0)"(a,
=1)"(g,=1) " (a,= 1)} = Cg) " Dig,) = cg, " dg;,

therefore

lgl=lcg ~dgi=leg ) ldgl= {t, 1t b tut 11 )

{t, 1} = {1, 1}
lg,) = [cg, " dg,} =lcg, )" [dg = {t, 1} )" {1, 1} = {15}

g,] = leg, * dg,] = [eg,] )" [dg,)= {1, 1.} )" {ta 1, 8} =
{£,}.

lg)] = lcg, " dg,t = [eg,} )" [dg,]= {1, £} )" {¢, 1 6} =
t#. ts}‘

fg)] =lcg, " dg, = cg ) )" HdgJ= { .} )" {7, 1,} = {1}
Table 4 illustrates the covering sets of granules, where
(a) includes the covering sets of Cgranules,(b) includes

the covering sets of D-granules, and (c) includes the

covering sets of CD-granules.

Theorem Let (T, V7, C, 1) be a decision model. We
have

[C(H] ICD(N], for all (T, (1)

The derived decision pattern of every granule g T/ CD is
2

Table 4. Covering set of C s - granules

a closed pattern.

Granule | ag | 2 | a3 | a4 | 25 Cavering set
4 1 0 0 H| i {tl,tg,tg,tg,ts,tﬁ,ty}
ch 1 116 1] 1 {ts,t5)
cgs 111191 {ts.ts)
cgy 1jJo0]06]1]|1 {tr}

{a) C-granuies
Granule | ag | a3 | Covering set
dg 111 {t1,ta}
dga 61 {ta.ty}
dgs 110 {ta, b5, 56}

(&) D-granules
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Granmle | 2 | a2 | & | 2 | 25 | a | m | I Covering set
g ijefJolel 1l 1}]1]2 k)
& T ENEREENER YRR {t}
& t[1tolt]i1]130]1 {ts}
& Ti1]11063111]07]0 {tots}
2 Tjo[ej1[1]0o}t]2 {ts}
(&) Decision todel

6. Conclusiens

We present a Bit-compu-apriori based association Tule
algorithm using granular computing technique and
introduce the bitmap technique to the data mining
procedure and develop bitmap based algorithm to find
associations. Bit-compu-apriori algorithm avoids the time-
consuming table scan to find and prune the itemsets, all
the operations of finding large itemsets from the datasets
are the fast bit operations. This research indicates that
bitmap and granular computing techniques can greatly
enhance the performance for finding association rule, and
bitmap techniques are very promising for the decision

support query

optimization and data mining application. Bitmap
technique is only one way to improve the performance
data mining algorithm. Based on their published
comparison results with Apriori, our Bit-AssocRule. we
present granule based decision models to reduce the
complexity and evaluate the effectiveness of association

rule mining.
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