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Abstract
With massive amounts of data being collected and stored, many industries are becoming interested in mining association rules from
their databases. The discovery of interesting association relationships among huge amounts of business transaction records can help
in many business decision making processes such as marketing, catalog design etc.. In this respect Association rule mining is
considered as one of the most important and well researched techniques of data mining. It aims to extract interesting correlations,
frequent patterns, associations or casual structures among sets of items in the transaction databases or other data repositories.. This
paper presents a comparison between classical frequent pattern mining algorithms that use candidate set generation and test the
algorithms without candidate set generation. Here we present three algorithms Apriori, and Improved Apriori.

----------------------------------------------------------------------***-----------------------------------------------------------------------4

1. INTRODUCTION

item sets are 10 in algorithm apriori. Moreover, In apriori it

With the development of the information technology and
application of database. The collected data far exceed people's
ability to analyze it. Thus new and efficient methods are
needed to discover knowledge from large databases. And data
mining appeared. Data mining is the core of knowledge
discovery in databases. It’s a procedure to find the useful and
potentially knowledge in database. Association rules are one
of the most important knowledge of data mining’s result
which can be defined as the relation and dependency between
the itemsets by given support and confidence in database. In
the algorithms of the association rules mining, apriori is the
ancestor which offered by Agrawal R in 1993. The main idea
of the apriori is scanning the database repeatedly. With the
theory that the subset of the frequent itemset are frequent
itemsets too, you can gain the length of frequent (k+1)itemsets Lk+1 from the frequent k-itemsets Lk. At the k time it
scanned the database only the candidate itemsets Ck+1 which
generate from the Lk was concerned. Later the appear times of
the Ck+1 can be verified by another scanning database.

would generate 2 ≈ 10 candidate itemsets to find a frequent
itesets with the length of 100,also, it needs to scan the
database repeatedly for 100 times if the length of the frequent
itemsets is 100. From the above it can be concluded that the
key problem of the apriori is it take too much time to mining
the frequent itemsets. The time mainly costs in two areas, one
is the time for scanning the large database repeatedly the other
is for generating frequent itemsets with JOIN.

There was a drawback that cost much time and memory to
generate candidate Ck+1 . It would be more worst when the
length of the frequent itemsets were very long and their
support were very small. Example: the number of candidate
7

2- itemsets will be more than 10 if the number of frequent 1-

100

30

There are a lot of improved algorithm for apriori such as
AprioriTID, Apriori Hybri, Multiple oins, Reorder and Direct
etc. The main idea of all these algorithm is according the
theory that the subset of a frequent itemset is a frequent
itemset and the superset of a infrequent itemset is a infrequent
itemset. They scan the database repeatdly to mining the
association rules. There is another feature for algorithm
AprioriTID, the support of the candidate frequent itemsets are
calculated only at the first time it scanned the database D and
also generated candidate transaction database D’ which only
includes the candidate frequent itemsets. Then the latter
mining are based on the database D’, It reduce the time of I/O
operation because D’ is smaller than D, so, it enhance the
efficiency of the algorithm. For algorithm Apriori Hybri, it is
the combination of algorithm Apriori and AprioriTID. When
the candidate transaction database D’ couldn’t be contained in
the RAM, it mines with algorithm Apriori otherwise with
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algorithm AprioriTID. The most important step in mining
association is generation frequent itemsets. In algorithm
apriori the most time is consumed by scanning the database
repeatedly. It would reduce the running time of the algorithm
by reducing the times it scans the database far and away. In
this paper a method of mining frequent itemsets by evaluating
their probability of supports based on association analyzing
were mentioned. First , it gained the probability of every 1itemset by scanning the database, the 1-itemset with the more
larger support than the probability the user sets would be
frequent 1-itemsets. Second, it evaluates the probability of
every 2-itemset, every 3-item set , every k- itemset from the
frequent 1-itemsets. Third, it gains all the candidate frequent
item sets. Fourth, it scans the database for verifying the
support of the candidate frequent itemsets, Last the frequent
itemsets are mined and association rules also do. In the
method it reduces a lot of times of scanning database and
shortened the calculate time of the algorithm.

2. TRADITIONAL APRIORI
Apriori is an influential algorithm for mining frequent itemsets
for Boolean association rules.The name of the algorithm is
based on the fact that the algorithm uses prior knowledge of
frequent itemset properties . It is an iterative approach where
k-itemsets are used to find out (k+1) itemsets .To improve the
efficiency an important property Apriori property is used to
reduce the search space .

ALGORITHM
1) L1 = {large 1-itemsets};
2) for ( k = 2; Lk-1 Ø; k++ ) do begin
3) Ck = apriori-gen(Lk-1); // New candidates
4) forall transactions t D do begin
5) Ct = subset(Ck, t); Candidates contained in t
6) forall candidates c Ct do
7) c.count++;
8) end
9) Lk = {c Ck | c.count minsup}
10) end
11) Answer = k Lk;
Example: In our example we consider a transactional database
and apply the apriori algorithm for generating frequent
itemsets. There are nine transactions in this database that is
D=9. Here we assume the minimum support count to be 2.
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then Pkm is the minimum of the Pk and Pm that is Pk , so , Pk*Pm
≤ Pkm ≤ Pk Now the problem is: Given Pk and Pm, also Pk*Pm ≤
Pkm ≤ Pk , Please evaluate P km . The problem couldn’t be solved
with the conditions in mathematics. But in fact, there is a lot of
information without accurate mathematic formula which be
omitted. In this paper it offered a method by association
analysis to confirm the formula. Let parameter a be the
probability which Ak and Am are total correlation, and
parameter b for total non-correlation. a+b=1, 0 < a, b < 1, then
Pkm can be defined as formula (2) below:

There are a lot methods to confirm the value of parameter a
and b, in this paper it provide a way to define “a” and “ b”by
association analysis.

3.2 Confirm The Parameter “A”, “B” By Association
Analysis
There are a series of criterion about environment. The most
ingredients of the pollution can be confirmed based on the
source. So we can consider the criterion as a referenced list
and the list needed to find the correlation as a comparison list.
Then we’ll get the correlation coefficient which is the
parameter “a”in our formula (2), and b=1-a. The details as
below: Let S={S1, S2, …Sm} be the value list of item Am, S1,
S2, …Sm are sample extracted from the DB and X={ X1,
X2,…Xm }be the value list for item Ak , X1, X2, …Xm are
sample extracted from the DB.

PFA[1], PFA[2], …PFA[n] be the P 1, P2 ,…, Pn .which refer to
the probability of each itemset A1, A2, …, An .

3 THE IMPROVED ALGORITHM FOR APRIORI
3.1 The Main Idea of The Improved Algorithm
Let P1, P2…Pn are the independent probability of every item
A1, A2…An ,the probability for any two item Ak,
Am(Pk<Pm)both appeared in one transaction is P km . If Ak and
Am are total non-correlation, from definition 3 it can be
concluded that Pkm = Pk*Pm , if Ak and Am are total correlation,

The process for calculating the probability of Ai appearing. (a)
If it is not the end of database ,then read and get the recorder;
( b )If there is an item Ai in the recorder then PFA[i] =
PFA[i]+1; ( c )Repeat the above procedure until the end of the
database then PFA[i]=PFA[i]/(number of records in the
database).
Repeat step ( a )( b )( c )to calculate the probability of itemset
A1,A2, …, An appearing.
2.Set a minimum value V1 for the probability of Ai appearing,
if the probability of Ai appearing PFA[i] is larger than V1 then
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itemset Ai is a frequent 1-itemset. so, you get some frequent 1itemset, let “m” be the number, and PFA[1],PFA[j],…PFA[m]
be the probability of 1-itemset appearing respectively.
3 Due to the probability of 1-itemset appearing PFA[1],
PFA[j], …PFA[m] ,base on the formula (2),then the
probability of any two itemset appeared in one recorder can be
evaluated. Set a minimum value V2 for the probability of Ai
and Aj appeared synchronously in one record, if the probability
is larger than V2 then itemset AiAj is a candidate frequent 2itemset.otherwise set the value of the probability is zero to
predigest the later calculation. Let the element of array PUA 2
[i] record the value of candidate frequent 2-itemsets.
Let V2 be the minimum probability for candidate frequent 2itemset, and V3 for candidate frequent 3-itemset, Vk-1 for
candidate frequent (k-1)-itemset
Set minimum probability Vk-1 :
Vk-1=a*min( PFAk-1[1],PFAk-1[2],…PFAk-1[m] )+b*min(
PFAk-1[1],PFAk-1[2],…PFAk-1[m] )*
max( PFAk-1[1],PFAk-1[2],…PFAk-1[m] )
4. Recur the above step 1.2.3., from k=2 to n to calculate the
probability of k-itemsets A1,A2,… ,Ak appearing in one
recorder;
5.Scan the database another time to calculate the support of
the candidate frequent itemsets which is the result of step 4.
(a )Create a new array DMA[m] with each element’s
original value is zero.(m =number of candidate frequent
itemsets);
( b )Read and get the recorder of the database until the
end of the database.
( c )If there are itemsets Ai,Aj, … ,Ak in any recorder
synchronously and Ai≠0,Aj≠0…Ak≠0; then the support for
AiAj … Ak DMA[k]= DMA[k]+1.
recur the above step( b )( c )to calculate the actual
support of every candidate frequent itemsets until the end of
the database.
6. Find out the frequent itemsets from the candidate frequent
itemsets. If DMA[k] is larger than the minimum support which
the user set, then output the frequent itemsets.
Step 5.,6. is used to confirm the probability and support of the
candidate frequent itemsets which come out by the method of
probability evaluation whether satisfy the request of the user.
7. Output the association rule from the result of the step 6.

Volume-2, Issue-5, 1447 – 1453

algorithm the paper providing the process of finding frequent
itemsets include 3 steps:
Firstly it scans the database to come out the probability of
frequent 1-itemsets;
Then evaluates the probability of candidate frequent 2itemsets,3-itemsets …m-itemsets, based on the probability of
frequent 1-itemsets;
Last it scans the database another time to confirm the frequent
itemsets from the candidate frequent itemsets.
There is a database with 9 transaction and 5 itemsets. The
parameter “a”,”b”is 5/9 and 4/9 respectively in the simulation
of the algorithm.

3.4 Explanation and simulation of the algorithm
The transaction database of some sub-office in All Electronics
is choosed to compare the efficiency of our algorithm and
Apriori. The detailed data is presented in fig1(A). In the

From frequent C1(fig 1B)to evaluate the probability of
candidate frequent2-itemstes(fig 1C)
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Get the candidate frequent 2-itemsets below(1D):

Set a=5/9,b=4/9;
Threshold V3=(5*(146/729)+4*(146/729)*(7/9))/9
=73*146/59049
From frequent C2 to evaluatethe
candidatefrequent 3-itemstes(fig 1E)

probability

3.5 Comparison for the Algorithms
of

It was compared between our algorithm and apriori in this
section ,the number of the candidate frequent itemsets and
times of scanning the database. Which also were the linchpin
of the efficiency in a algorithm. The algorithm in this paper
ahead apriori in reducing the times of scanning the database. It
would scan the database k times to find out frequent k-itemsets
in apriori while only 2 times in our algorithm by putting
forward a concept of candidate frequent itemset.
In the table1 below, it listed the frequent 1-itemsets, 2itemsets, 3-itemsets for both of the two algorithm respectively.
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Candidate
itemsets

frequent

Algorithm Apriori

1-Itemsets

(I1,I2,I3,I4,I5}

2-Itemsets

{I1,I2},{I1,I3},{I1,I3},{I1,I5},{I2,I3
},{I2,I4},{I2,I5}

Table 1 The Comparison of the frequent itemsets

4. CONCLUSION
Based on the previous studies on algorithm apriori, we
proposed a method for mining association rules in large
databases with association analysis and probability evaluating.
The method developed in this paper explores efficient mining
of association rules by probability evaluating . First it scans
the database to filter frequent 1-itemsets and gets their
probability respectively. Then it gets the candidate frequent 2itemset,3-itemsets up to n-itemsets by evaluating their
probability on formula (2) in the paper and the result of the
first step. Last it scans the database for another time to refine
the candidate frequent itemsets to the frequent itemsets. Data
mining in association rule is an important research topic and
apriori is the core algorithm in mining association rule. We
propose a method that enhances the efficient of algorithm by
evaluating the probability of candidate frequent itemsets. It
shortens the runtime of algorithm by reducing the times of
scanning database. A formula is provided in this paper. We
also present an efficient method for confirming the parameter
“a”,”b” in formula (2) by association analysis. If the parameter
“a”,”b “are unseemliness, it will omit some association rules
which users are interested in. The solution for this problem is
multi enactment for parameter “a” and “b”,then choose the
best. The method of grey relational analysis is widely used in
the association analysis of environment databases. There are a
lot of other methods to confirm the parameter “a”,”b”. In this
paper we implemented the algorithm and the performed
experiments show significant benefits for different number of
the itemsets and tuples in the database.
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