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ABSTRACT

 An association rules mining is an important task in data
mining. It  discovers  the interesting relationships (associations)
between  items in the database based on the user-specified support
and confidence. In order to find relevant associations one has to
specify an appropriate support threshold. In this paper we present
an algorithm for mining association rules that is fundamentally
different from known algorithm.
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1 INTRODUCTION

Data mining is widely used in
various application areas such as
banking, marketing, retail industry and
so on. Association rule mining is one
technique used in data mining to
discover hidden associations that
occur between various  data items1.

An association rule1 is an
expression of the form AB, where A,
B are itemsets. It reveals the relation-
ship between the itemsets A and B. The
portion of transactions containing A
also containing B, i.e., P(B|A)=P(A U
B) / P(A) is called the confidence (conf)

of the rule. The support (sup) of the rule
is the portion of the transactions that
contain all items both in A and B, i.e.,
sup(A  B) = P (A U B). To generate
an interesting association rule, the
support and confidence of the rule
should satisfy a user-specified minimum
support called MINSUP and  minimum
confidence called MINCON, respectively.

Mining association rules consists
of two steps1:

1) Finding all the frequent
itemsets having adequate support.

 2) Producing   association rules
from these frequent itemsets. The
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outcome depends upon the results of
step1. According to step 1, the itemsets
whose support value is greater than
the MINSUP are labeled as frequent
itemsets. The result of this step plays
an important role in producing the
association rules. Consequently, the
concentration has been given  only on
the first step by many researchers.
However, without specific knowledge,
users will have difficulties in setting
the MINSUP to obtain their required
results. If MINSUP specified by the user
is not appropriate, the user may find
many meaningless rules or may miss
some interesting rules. Hence, the user
has to try many possibilities for speci-
fying the MINSUP in order to find the
appropriate one. To overcome these
problems, a technique is required to
generate the rules of high  confidence
without having user specified support
constraint.

2  Related Work

Association rule mining as an
interesting research  area and studied
widely1-11. Most of these studies address
the issue of finding the association rules
that satisfy user-specified minimum
support and minimum confidence cons-
traints. Approaches like Apriori1,12 and
FP-Growth13 employ the uniform
minimum support at all levels. These
approaches assume that all items in the
data are of the same kind and have
similar frequencies in the database but
this assumption is not applicable for
real-life applications. In many applica-

tions, some items appear very frequently
in the database, while others  hardly
ever appear. One cannot claim that the
frequent itemsets are alone interesting,
but the rare items would also matter.
To identify the frequent and rare  items,
an appropriate minimum support has
to be specified. Otherwise the user
would face two problems4.

1. Generation of fewer rules
upon specifying the high minimum
support.

2. Generation of to many rules
sometimes uninteresting upon specifying
low minimum support. This may lead
to the development of stronger rule
pruning  techniques. A better solution
lies in developing support constraints,
which specify minimum support required
for the itemsets, so that only the
necessary itemsets are generated. If
more than one support constraint is
satisfied by an itemset, then the one
with minimum support value should be
adopted. This has been studied in the
paper6. This approach also has some
problems:

1. This approach deals with
only the specific problems but not in
general.

Moreover it assumes that the
user has adequate domain knowledge.

2. Using the approach, one can
analyze the nature of the items but
can’t able to know frequency of the
items until all the items in the database
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are scanned and  candidate items are
generated. Correlation based frame-
work10 without the use of support
thresholds has also been studied in the
past. It uses contingency table to find
positively correlated items. Although
the correlation framework discovers
strongly correlated items,  the support
threshold is still important. Without the
support threshold, the computation
cost will be too high and many ineffec-
tual itemsets would be  generated10.
As such, users still face the problem of
appropriate support specification. In11,
the authors avoided the use of support
measure to find the interesting associ-
ations.

3. Association Rule Mining Framework

Consider a given transaction
database D = {t1, t2, …, tn}, where
each record ti, 1  i  n is a set of
items from a set I of items, i.e., ti I.
The basic association rule model as
follows:

Let I = {1, 2 …, m} be a set of
items. Let T be a set of records in the
database, where each record t is a set
of items such that  t  I. An
association rule is an expression of the
form, A  B, where A  I, B  I and
A  B = ¢. The rule A  B holds in
the set of records T with confidence
c if c% of records in T that supports
A also supports B. The rule has
support s in T if s% of the records in
T contains A U B.

Given a set of records T, the
problem of mining association rules is
to discover all association rules that have
support and confidence greater than
the user-specified minimum support
(MINSUP) and minimum confidence
(MINCON). An  association rule mining
algorithm works in two steps3,4:

1. Generate frequent itemsets
that satisfy MINSUP.

2. Generate interesting association
rules that satisfy MINCON using the
frequent itemsets.

4. Proposed Model

In this model, we propose two
minimum  support  counts  namely
Dynamic  Support  Count (DS) and
Collective Support Count (CS) for the
itemset generation at each level. Initially,
DS is calculated while scanning the
items in the database. CS is calculated
during the itemset generation. DS reflects
the frequency of items in the database.
CS reflects the intrinsic nature of items
in the database by carrying over the
existing support to  the next level. This
model is based on multiple  minimum
supports model. In each  pass, a different
minimum support value is used (i.e)
the DS and CS values are calculated in
each pass. Initially, the DS is used for
itemset generation and in the subse-
quent passes CS values are used to find
the frequent itemsets.

Let there are n items in the
database and supp be the support of
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each item in the database and p repre-
sents the current pass. MXSp and MNSp
denote the Maximum Support and
Minimum Support respectively. The
total support of items  considered in
each pass is TOTCp.
                n
TOTCp =   supp

              
t =1

DSp=[TOTCp/n+(MNSp+MXSp)/2]/2

CSp = [DSp+DSp-1 ] / 4

The calculation for the DS values
has been the same at all level. Here DSp
represents the value at the current level
whereas the DSp-1 represents the
value  at the previous level.

5. Frequent Itemset Generation

The proposed algorithm extends
the Apriori algorithm for finding large
itemsets. We call the new algorithm, DS
(Dynamic Support) Apriori. The new
algorithm  is  also based on level wise
search. It generates all large itemsets
by making multiple passes over the
data. In each pass p, it counts the
supports of itemsets and finds the
MNSp and MXSp values, TOTCp and
thus the DSp value. Initially, the itemsets
that satisfy the DSp value are retrieved.
The DSp value is calculated based on
the candidates generated in the previous
pass. Let Lk denote the list of k-itemsets.
Each itemset c is of the following
form, {c[1], c[2], …, c[k]}, which
consists of items, c[1], c[2], …, c[k].
The algorithm is given below:

Algorithm DS Apriori
Input : D, a database of transactions
Output : L, Frequent itemsets  in D.
        L1=find_frequent_1 itemsets(D);
       for (K=2; Lk-1 ; K++) {

  Ck=Candidate_gen(Lk-1);
       for each transaction t  D {

  Ct=Subset (Ck, t);
       for each candidate c  Ct {

  c.count++;
   }
}
  CSp=Sup_Calc(Ck)
  Lk={cCk| c.count  CSp}
}
return L=UkLk;

Procedure Candidate-gen(Lk-1)
for each itemset l1  Lk-1

for each itemset l2  Lk-1

perform join operation l1||l2
    if has_infrequent_subset (c, Lk-1) then {

prune c;
    else

add c to Ck; }

return Ck;

Procedure has_infrequent_subset(c, Lk-1)
    for each (k-1) subset s of c

if s  Lk-1 then {

   return false;
else
   return true;

}

Procedure sup_calc(Ck)
MNSp=c.count|c.count is

minimum for all Ck and c.count>1
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MXSp = c.count | c.count
is maximum for all Ck

TOTCp= sum(c.count ) for
all Ck

DSp=Average((Average (MXS p,
MNSp)+Average(TOTCp))

If (p= 1) then
       CSp = DSp;

else
    CSp = (DSp-1+DSp) / 4;
return CSp;

6. Example

Consider the following dataset.

Table 1. Transaction Database
Tid Itemsets(I)
T1 1 2 5
T2 1 3
T3 3 4
T4 1 2 3
T5 1 2 3 5 6
T6 2 5 6
T7 2 5 6 7

Initially the database is scanned
and the support counts of itemsets
are found. If there are n items and the
minimum support and maximum support
are MNS and MXS respectively. The sum
of support of all items is known as
TOTC. In the first pass, the algorithm
retrieves the itemsets whose support
count is greater  than the DS value as
frequent itemsets. In the subsequent
passes, the algorithm uses the CS
value to prune the uninteresting items.

Using the formula 1 and 2, the proposed
algorithm finds out the frequent itemsets
in the first pass as: 1, 2, 3, 5. Similarly
during the second pass the DS and
the CS values are calculated and the
itemsets {1, 2},{1, 3}, {1, 5},{{2, 3},
{2, 6},{3, 6} are generated. During the
third pass the itemsets {2, 3, 5}, {1,
2,  3}, {1, 2, 5}, {1, 3, 5} are generated
as frequent itemsets.

7.  Generation of Association Rule

The proposed algorithm adopts
the confidence based rule generation
model of  apriori [1] for rule generation.
The confidence threshold can be used
to find out the interesting rule set. The
confidence of a rule is its support
divided by the support of its antece-
dent. For example, the  following  rule
{2, 3}  {5} has confidence equivalent
to support for {2, 3, 5} / support for
{2, 3}.

Association rules are generated as
follows.:

* For each frequent itemset l, all non
empty subsets  of l are generated.

** For every non empty subset s of l,
the rule s  (l-s) is  formed, if support-
count (l)/support-count of (s)  Minimum
Confidence. After the generation of
frequent items, the algorithm checks
if it satisfies the MINCON threshold.
If their confidence is larger than MINCON
then they will be generated as interesting
association rules. Otherwise, the rules
will be discarded.
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The algorithm for rule generation
is given below:

Algorithm: Rule_gen(Lk, MINCON)
  for each frequent itemset l  Lk {

  for each nonempty subset s of l {
if c.count(l) / c.count(s) 

MINCON then
rule s =>. (l - s);

  }
}

8. CONCLUSION

In the proposed method the
minimum support is calculated dynami-
cally. Instead of using the user specified
minimum support we use the calculated
minimum support for each itemset
generation and for rule generation. Thus
it generates more relevant and meani-
ngful rules. In fact the running time
efficiency is increased from specifying
minimum support and guarantees the
generation of interesting association
rules.
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