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Abstract— Web usage mining is the application of data mining techniques to discover usage patterns from Web data,
in order to understand and better serve the needs of Web based applications. To analyze the pattern from large
transactional database there are many algorithms. One of the algorithms which is very simple to use and easy to
implement is the Apriori algorithm. But this apriori algorithm is time consuming algorithm during its candidate itemset generation. IP-Apriori i.e Improved Pruning in Apriori is the improved variation of Apriori algorithm which
improves the pruning step of the existing apriori algorithm. This algorithm uses average support instead of minimum
support in the pruning step, to generate the probabilistic item set instead of large item-set. This analysis work is on IPApriori algorithm on different datasets. Based on the comparison of frequent item sets generated and time consumed,
its shown that IP-Apriori algorithm is better than the Apriori Algorithm.
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I.
INTRODUCTION
Data is a raw known fact and pattern is a subset of the data. The process of finding useful data patterns from the
large amount of data is known as data mining, it is also called as information discovery, information harvesting. Data
mining is just a step in Knowledge Discovery in Databases (KDD) process. KDD refers to the overall process of
discovering useful knowledge from data. Data mining is the application of specific algorithms for extracting patterns
from data.KDD process has several steps, which are performed to extract patterns to user, such as data cleaning, data
selection, data transformation, data pre-processing, data mining and pattern evaluation. Data mining involves six classes
of tasks commonly-Anomaly detection, Association Rule mining, Clustering, Classification, Regression and
Summarization.
Association Rule mining consists of two main steps:1)Finding the frequent itemsets that satisfies minimum
support and 2)Using the frequent itemsets to generate association rules. Finding frequent itemsets is more expensive
since the number of itemsets grows exponentially with the number of items.
Web usage mining consists of three phases, namely preprocessing, pattern discovery, and pattern analysis. To
analyze the pattern from large transactional database there are many algorithms. Two main strategies to find frequent
itemsets from the transactions are candidate generation and test approach and pattern growth approach. One of the
algorithms which is very simple to use and easy to implement is the Apriori algorithm which is generation and test
approach. Apriori algorithm is the one of the most popular algorithm for association rule mining. This algorithm
generates the candidate itemsets and extracts frequent item-sets from large database then applies association rule.
Literature review on Apriori algorithm is given in section II,algorithms and explanations are given in section
III,then results and discussions are given in section IV. And based on the result obtained during experiments,conclusion
is specified.
II. LITERATURE REVIEW
A. Related Work on Association Rule Mining:
Association rule mining is a function of data mining to discover interesting relations between items in large
transactional databases, which was introduced by Rakesh Agarwal[1]. Association rule generation is usually split up into
two separate steps:
1. First, minimum support is applied to find all frequent itemsets in a database.
2. Second, these frequent item-sets and the minimum confidence constraint are used to form rules.
Let I={𝑖1 , 𝑖2 , 𝑖3 , … … 𝑖𝑚 } be a set of items. Let D be a database of transactions. A set X={𝑖1 , 𝑖2 , 𝑖3 , … … 𝑖𝑘 } i.e. subset
of I is called item set or a K-itemset if it contains K items. An association rule is an implication of form 𝐴 𝐵, where A
and B are subsets of I, A B= . A is called antecedent where B is called consequent. Association Rule Mining mainly
involves the concept of finding support and confidence.
Support(s): It’s defined as the percentage/fraction of records that contain 𝑋 𝑌 to the total number of records in the
database. Suppose the support of an item is 0.3%,it means only 0.3 percent of the transaction contain purchasing of this
item.[2]
© 2015, IJARCSSE All Rights Reserved

Page | 894

Sequeira et al., International Journal of Advanced Research in Computer Science and Software Engineering 5(3),
March - 2015, pp. 894-902
Confidence(c):It’s defined as the percentage/fraction of the number of transactions that contain 𝑋 𝑌 to the total number
of records that contain X. Suppose the confidence of the association rule 𝑋

𝑌 is 90%, it means that 90% of the

transactions that contain X also contain Y together.[2]
B. Related Work on Apriori Algorithm:
Mohammed Al-Maolegi and others proposed Apriori algorithm to reduce the time consuming for candidates
item-set generation [3]. They firstly scan all transactions to generate L1 which contains the items, their support count and
Transaction ID where the items are found. And then use L1 later as a helper to generate L2, L3 ... Lk. Then to generate
C2, they make a self-join L1 * L1 to construct 2-itemset C (x, y), where x and y are the items of C2. Before scanning all
transaction records to count the support count of each candidate, use L1 to get the transaction IDs of the minimum
support count between x and y, and thus scan for C2 only in these specific transactions. The same thing for C3, construct
3-itemset C (x, y, z), where x, y and z are the items of C3 and use L1 to get the transaction IDs of the minimum support
count between x, y and z, then scan for C3 only in these specific transactions and repeat these steps until no new frequent
item-sets are identified[3].
In the apriori algorithm, if any length k pattern is not frequent in the database, it’s length (k+1) super-pattern can
never be frequent[4].In situations with a large numbers of frequent patterns, long patterns, or quite low minimum support
thresholds, an Apriori like algorithm may suffer from the following two nontrivial costs[4]:
-It is costly to handle a large number of candidate sets. For example, if there are 104 frequent 1-itemsets, the Apriori
algorithm will need to generate more than 107 length 2-candidates and accumulate and test their occurrence frequencies.
To discover a frequent pattern of size 100,such as {𝑖1 , 𝑖2 , 𝑖3 , … … 𝑖100 },it must generate 2100 − 2 ≈ 1030 candidates in
total. This is the inherent cost of candidate generation, no matter what implementation technique is applied.
-Its time consuming to scan the database repeatedly and to check a large set of candidates by pattern matching, which is
especially true for mining long patterns.
III. METHODOLOGY
The Apriori algorithm generate the candidate item-sets in one pass by using only the large item-sets of the
preceding pass without considering the transactions of database. The basic concept used here is that every subset of a
large item-set must be large. The 𝑘 𝑡 pass candidate item-sets with k items is generated from previous pass by joining
large item-sets of k-1 items(candidate generation),and deleting those item-sets that contain any subset that is not
large(pruning).This pruning process results in generation of a much smaller number of candidate item-sets. Apriori
algorithm is given below:

1). L  {large 1 - itemsets}
1
2). For ( k  2; L
 φ ; k  ) do begin
k -1
3)
C  candidates _generated (L
);
k
k -1
4.) forall transactions t  D do gin
5.) C  subset(C , t)
t
k
6)
forall candidates c  C do
t
7)
c.count  ;
8)
end
9)
end
10)
L  { c  C | c.count  minsup}
k
k
11) end
12.) Answer   L ;
k
k

Fig 1 : Apriori Algorithm[5]
The first pass of the algorithm finds the item occurrences to determine the large 1-itemsets. A pass, say k, has two
phases.
First, the large item-sets, say 𝐿𝑘−1 founded in the (𝑘 − 1)𝑡 pass are used to generate the candidate item-set 𝐶𝑘 ,using the
apriori-gen function takes an argument 𝐿𝑘−1 ,the set of all large(k-1)-item-set and returns a superset of the set of all large
k-item-sets. The function in the join step joins one 𝐿𝑘−1 with another matching 𝐿𝑘−1 . And in the next prune step,we
delete those item-sets c,where 𝐶𝜖𝐶𝑘 such that any (k-1)-subset of c is not in 𝐿𝑘 −1 of the previous pass.
Then,in the next phase the database is scanned for support of candidates in 𝐶𝑘 .
The Apriori Algorithm needs user defined threshold values, i.e minimum support(𝑠𝑢𝑝𝑚𝑖𝑛 ) and minimum
confidence(𝑐𝑜𝑛𝑓𝑚𝑖𝑛 ). 𝑆𝑢𝑝𝑚𝑖𝑛 is needed to generate the large item-set from candidate set and 𝐶𝑜𝑛𝑓𝑚𝑖𝑛 is required to
generate required set of association rules from generated large item-sets. The process of creating large item-set by
removing the not so required candidate sets is called pruning. So, pruning is dependent on 𝑆𝑢𝑝𝑚𝑖𝑛 threshold provided
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by user.But some important rules get pruned because of this user-defined threshold as user doesn’t know that at which
threshold , valuable association rules get generated.
1) Algorithm Apriori − gen(Lk )
2) insert into Ck
3) select p. item1 . p. item2 … … … p. itemn , q. itemk−1 from Lk−1 p, Lk−1 q
Where p. item1 = q. item1 … … . p. itemk−2 = q. itemk−2 , p. itemk−2 = q. itemk−2 ,
p. itemk−1 < q. itemk−1 ,
4) for all item − sets c ∈ Ck do
5)
for all k − 1 − subsets s of c do
6)
if s∄Lk−1 then
7)
delete c from Ck
Fig 2 ∶ Apriori − gen − function[5]
Let’s explain apriori algorithm using a simple example. A database D consists of 9 transactions. Each transaction consists
of items. Here user defined minimum support is taken as 2.
TABLE I: Database D
Transactions
Items
T1

I1,I2,I5

T2

I2,I4

T3

I2,I3

T4

I1,I2,I4

T5

I1,I3

T6

I2,I3

T7

I1,I3

T8

I1,I2,I3,I5

T9

I1,I2,I3

Step 1:Generating itemset of 1 frequent pattern. Scan D to find the count of each candidate.
TABLE II: C1 with the minimum support count
Itemset
Support Count
{I1}

6

{I2}

7

{I3}

6

{I4}

2

{I5}

2

Now compare the candidate support count in C1 with the minimum support count. Table III , L1 is set of frequent 1
itemset satisfying minimum support.
TABLE III: L1 with support count satisfying minimum support.
Itemset
Support Count
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6
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{I3}
6
{I4}

2

{I5}

2

Step 2:Generating itemset of 2 frequent items. The algorithm uses L1join L1 i.e., Fig.2.
TABLE IV: Candidate itemset of 2 frequent items.
Itemset
{I1,I2}
{I1,I3}
{I1,I4}
{I1,I5}
{I2,I3}
{I2,I4}
{I2,I5}
{I3,I4}
{I3,I5}
{I4,I5}
After finding C2,scan D to find the count of each itemset in C2.
TABLE V: Support count of C2.
Itemset
Support count
{I1,I2}

4

{I1,I3}

4

{I1,I4}

1

{I1,I5}

2

{I2,I3}

4

{I2,I4}

2

{I2,I5}

2

{I3,I4}

0

{I3,I5}

1

{I4,I5}

0

Compare candidate support of C2,if support count is less than the minimum support then discard the particular set from
the itemset list.
TABLE VI:L2 includes itemsets which satisfies minimum support.
Itemset
Support count
{I1,I2}
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{I1,I3}
4
{I1,I5}

2

{I2,I3}

4

{I2,I4}

2

{I2,I5}

2

Step 3:Generating 3-itemset frequent pattern. Here to generate set of candidate 3 itemset C3, should apply Apriori
Property.To find C3, compute L2joinL2.
TABLE VII:Candidate itemset C3 with the 3 frequent items.
Itemset
{I1,I2,I3}
{I1,I2,I5}
Compare the support count of each candidate set in C3 with the minimum support.
TABLE VIII: L3 shows the items of C3 satisfying minimum support.
Itemset
Support Count
{I1,I2,I3}

2

{I1,I2,I5}

2

Based on Apriori Property all subsets of a frequent itemset must also be frequent. For example,2 itemset subsets of
{I1,I2,I3} are {I1,I2},{I1,I3},{I2,I3}.All 2 item subsets of {I1,I2,I3} are there in L2,hence we keep {I1,I2,I3}in C3.Let’s
take another example {I2,I3,I4} which has subsets {I2,I3},{I2,I4},{I3,I4}.But {I3,I4} is not there in L2.Hence its
violating Apriori Property. So can’t include {I2, I3, I4} in C3.
Step 4:Generating 4 itemset frequent pattern. To find candidate set of 4 itemsets algorithm uses L3join L3. The join
results in {I1,I2,I3,I5} this itemset is pruned because its subset {I2,I3,I5} is not frequent.Hence C4=∅.The apriori
algorithm terminates here.
The algorithm proposed by Prince verma and Dinesh Kumar[6]improves the pruning procedure of Apriori
Algorithm by using average support 𝑆𝑢𝑝𝑎𝑣𝑔 instead of minimum support( 𝑆𝑢𝑝𝑚𝑖𝑛 ),to generate probabilistic item-set. In
this algorithm average support is not user defined value but it is calculated using the below formula:
𝑚
𝑘=1 𝑠𝑢𝑝 𝑘
𝑆𝑢𝑝𝑚𝑖𝑛 =
𝑤
Where w is the number of items in the transactions .So this formula would lead to better item-sets and this increases the
number of better association rules. IP-Apriori contains following steps[9]:
1. Calculate average support 𝑆𝑢𝑝𝑎𝑣𝑔 from the given database D.
a. For item-sets with 𝑠𝑢𝑝 ≥ 𝑆𝑢𝑝𝑎𝑣𝑔 are inserted into probability item-set.
b. For item-sets with 𝑠𝑢𝑝 ≤ 𝑆𝑢𝑝𝑎𝑣𝑔 ,item-sets with For item-sets with 𝑠𝑢𝑝 ≥ 𝑆𝑝 (where 𝑆𝑝 = 𝑆𝑢𝑝𝑎𝑣𝑔 /1.2) and
their probability of occurrence > 80% are inserted into probability item-set, while others are pruned.
2. Repeat the above steps for all probability item-sets and then from probability item-set, association rules are produced.
IP –Apriori algorithm is as follows:
1) P1 = probability − item − sets ;
2) for k = 2; Pk−1 ≠ ∅; k + + do begin
3)
Ck = IPApriori − candidate(Pk−1 )//new candidates
4)
for all transactions t ∈ D do begin
5)
Ct = subset Ck , t ;
6)
for all candiadates C ∈ Ct do
7)
c. count + +;
8)
end for
9)
if c. count ≥ avgsup
10) Pk = c ∈ Ck ;
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11) else
Sup avg

12)
Sp =
;
1.2
13) c. prob = (c. count ∗ 80)/100
14)
if c. count ≥ Sp and c. count ≥ c. prob
15)
Pk = c ∈ Ck ;
16) end if
17) end
18) Answer = Uk Pk
Fig 3 ∶ IP − Apriori Algorithm [6]
1) Algorithm IPApriori − candidate(Pk )
2) insert into Ck
3) select s. item1 . s. item2 … … … s. itemn , t. itemk−1 from Pk−1 s, Pk−1 t
Where s. item1 = t. item1 … … . s. itemk−2 = t. itemk−2 , s. itemk−2 =
t. itemk−2 ,
s. itemk−1 < t. itemk−1 ,
4) for all item − sets c ∈ Ck do
5) for all k − 1 − subsets s of c do
6)
if s∄Pk−1 then
7)
delete c from Ck
Fig 4: IP − Apriori − candidate generation function Algorithm[5]
Here in IP-Apriori-candidate algorithm candidates are generated for creating probability item-set in IP-Apriori algorithm.
For example, consider the database given in table I .In this algorithm,after finding the support count i.e., table II, average
of the support count is calculated. Then the itemsets with support count more than the average support count are inserted
into the probability itemset.
6+7+6+2+2
𝑆𝑢𝑝𝑎𝑣𝑔 =
=4.6.
5

TABLE IX: L1 ,satisfying average support.
Itemset
Support Count
{I1}

6

{I2}

7

{I3}

6

Average support is 4.6. Hence items {I4} and {I5} with support count 2 does not satisfy the minimum support . Calculate
𝑆𝑢𝑝 𝑎𝑣𝑔
4.6
2∗80
𝑆𝑝 =
=
= 3.8333. Again calculate the 80% of the {I4} frequent count. (
= 1.6). Check 2≥ 3.8333 and
1.2
1.2
100
2≥ 1.6. This condition does not satisfy.{I4} and {I5} with frequency count 2 are deleted from the list. Now, generate the
itemset of 2 frequent items. This can be done by L1joinL1.
TABLE X: C2 by L1join L1.
Itemset
{I1,I2}
{I1,I3}
{I2,I3}
After finding C2, scan the database D to find the support count.
TABLE XI: L2,probabilistic itemset of C2.
Itemset
Support Count
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{I2,I3}
4
4+4+4

Table XI, L2 contains the support count of candidate itemsets. Find the average count 𝑆𝑢𝑝𝑎𝑣𝑔 =
= 4 . Compare
3
the support count with the average count. Since all support counts are equal to the average count, it satisfy the first
condition.
Generate the C3,by joining L2.
TABLE XII: C3 found by joining L2.
Itemset
{I1,I2,I3}
Find the support count of C3 candidate itemset.
TABLE XIII: Support count of C3.
Itemset
Support count
{I1,I2,I3}

2

Average support is 2. Hence this is taken as frequent itemset. There is only one candidate set. So join operation cannot be
performed. Algorithm terminates here.
IV.
RESULTS AND DISCUSSIONS
Experiments are performed by taking a small part of chess and mushroom dataset. Dataset description is given below:
TABLE XIV: Dataset Description
Dataset
Transactions
Items
Chess

20

35

Mushroom

20

70

The results obtained for chess_dataset is given below in TABLE XV ,when the user defined support is 10%,most of the
itemsets sre selected as frequent itemsets and time taken is very high. Same way for 20%.But when user defined support
is 40% or 60%,very few frequent itemsets are generated within few seconds i.e.,some of the frequent itemsets are not
selected. In the IP-Apriori algorithm,in each iteration average support changes,for that average support frequent itemset
generated are based on the average of total support of items in particular dataset.Hence the frequent itemset generated are
neither high nor less. Even in mushroom_dataset results obtained proves that IP-Apriori generates good and better
frequent item sets i.e.,TABLE XVI.

Support
FrequentItemset
s
Time(seconds)

TABLE XV: Results of chess_dataset
20%
40%

10%

60%

Avg_Support

71807

26495

3967

1535

3839

156

25

2

1

2

60%

Avg_Support

The results obtained for mushroom_dataset is given below:

Support

10%

FrequentItemset

101989

Time(seconds)

TABLE XVI: Results of mushroom_dataset
20%
40%

312

18799

773

79

81220

14

0.258

0.041

200

Comparison based on time is shown in Fig.5. Chess_dataset and mushroom_dataset takes high time when support is
10%. When support threshold is 20% or 40% or 60%,time taken is very less,because it generates very less frequent
itemsets. But for average support time consumed is neither high nor less.
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350

Chess Dataset

Mushroom Dataset

Time in Seconds

300
250
200
150
100
50
0
Support 10%

Support 20%

Support 40%

Support 60%

Average
Support

Support

Fig 5:Comparison based on Time
Comparison based on frequent itemsets generated for support is shown in Fig.6. Chess_dataset and mushroom_dataset
generates high frequent itemsets when support is 10%. When support threshold is 20% or 40% or 60%,frequent itemset
generated is very less.But for average frequent itemsets generated are neither less nor high.

Frequent Itemsets generated

120000

Chess Dataset

Mushroom Dataset

100000
80000
60000
40000
20000
0
Support 10%

Support 20%

Support 40%

Support 60%

Average Support

Support

Fig 6:Comparison based on Frequent itemsets
IV.
CONCLUSION
In the Apriori algorithm, user should change support threshold each and every time to get the better result. IP-Apriori
requires only average support.The experiment conducted on different datasets proves that user defined support leads to a
conflict results. But taking average support while pruning, generates better frequent itemsets. Even in case of time
consumption, user defined support threshold needs lots of time to generate frequent itemsets. Hence Analysis on IPApriori shows that IP-Apriori is better than the Apriori Algorithm.
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