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Abstract

In this paper we study scalability problem of apriori —
like algorithms that are used in mining association rules.
We show how apriori suffers form performance
deterioration for large-scale problems and propose an
alternative data structures and operations that can be
used to apply the apriori-trick optimization method in
large-scale problems.

In the proposed method, the database is transformed
into a more efficient structure that is used along with the
intersection operation, to find the frequent itemsets in the
database. The performance evaluation shows that, with a
minor increase in the storage requirement, the proposed
technique  outperforms  significantly the existing
algorithms especially in large-scale problems.

1. Introduction

Since the introduction of association rule mining and
the a-priori algorithm [1,2], several optimizations and
extensions to the basic algorithm have been proposed in
the literature such as [3-10]. A recent survey of the
mining problem can be found in[11]. Integration of the
association rule mining with the relational database
technology and the SQL is studied in [13,14,15]. This
technology is now used to discover and analyze the
relationship between objects in new areas of applications
for example, between Web pages that is implied by the
users’ accessing behavior. The ever-increasing size of log
files in these applications makes it very difficult for
conventional methods of mining to be applied.

The main success of these conventional methods in
small and medium-sized databases is usually attributed to
the so-called “a-priori trick” [12] optimization which
reduces the search space for frequent sets of items
(itemsets). Using the terminology of the well-known
market-basket analysis problem [11], we can state this
optimization method as follows: “If an itemset is not
frequent (its count is less than a minimum support value)
in a set of transactions, then any superset of this itemset is
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not frequent in the same set of transactions”.

The rest of this paper is organized as follows. We
discuss the scalability and performance problems of apriori
in Section2. In Section 3, the inverted algorithm, the data
structure and the intersection operation are presented. In
Section 4, the performance evaluation, the scalability and
comparison with other related existing algorithm are given.
Finally Section 5 gives our conclusion.

2. Apriori scalability problem

The mining problem size is usually determined by four
parameters: number of transactions, number of items, the
transaction size and the threshold. The experiments
performed in [2] studied each parameter of the problem
individually. For example, experiments are performed with
different number of items keeping the number of
transactions fixed (at 100,000 transactions). And so on for
the other parameters.

Unfortunately, these parameters which define the
problem size are interacting in a non-uniform way.
Increasing one parameter while keeping some other
parameters fixed not necessarily increase the problem size.
For example, increasing the number of items and fixing
both the threshold and the number of transactions will lead
to a smaller number of candidate and frequent itemsets and
even makes the algorithms to finish in fewer iterations. On
the other hand, increasing both the number of items and
the number of transactions or increasing the number of
items and lowering the threshold level may lead to the
crash of the algorithms due to exponential explosion.

In this paper we studied this scalability problem and
show how apriori suffers form performance deterioration
for large-scale problems. We also propose an alternative
data structures and operations that can be used to apply the
apriori-trick optimization method in large-scale problems.
We called this method the inverted method since it
depends on inverting the transactional database structure.
The inverted method is an apriori-like level-wise technique
and it is important to notice that it is orthogonal to other
optimization techniques that are applied to apriori. In other

IEEE

COMPUTER

Proceedings of the Sixth IEEE Symposium on Computers and Communications (ISCC’01) SOCIETY

1530-1346/01 $10.00 © 2001 IEEE



words, we can apply these techniques also to the inverted
method.

3. Transactional database inversion

Transactional databases contain transactions such as
those found in the retail environments where sales
transactions are stored in the database or those found in
Web environments where the log files record information
about pages that are requested. The information stored in
such databases includes the transaction ID and the set of
items bought in this transaction (or the set of pages visited
in the web site). In addition, it may contain a time stamp
(time and date of the transaction), customer ID and other
information  about the transactions. The usual
representation of the transactional data is written as
{TransID;{ItemID,ItemID,...,ItemID,} }

Note that the above is the minimum information that
can be stored for the transaction. The actual data format
can be any arbitrary format, for example, relational data
or just sequential file. All apriori-like algorithms that are
currently used or proposed for data mining transactional
databases directly use this format or a very close one.
Scanning the whole database at each iteration of apriori is
one of the main contributors to the time required for
generating the frequent itemsets.

In this paper, we propose a transformation that inverts
the above representation by storing the data item-wise not
transaction-wise. A record of the transformed database
can be written as ItemID; {TransID;, TransID,, ...,
TransID,,}

In the first iteration, we use the original database to
construct the inverted one while searching for the
candidate frequent items. In higher iterations (starting
from iteration 2) of the association rule mining, we will
use this inverted representation. That is a database record
in the k™ iteration will have the form {Itemset;
Transactionset}. Where ltemset is the candidate set of
items and Transactionset is the set of transactions in
which all the members of the itemset appear. The size of
the transformed database is roughly equal to the size of
the original database.

3.1. Mining using the transformed database

To perform association rule mining using the
transformed database, we use the intersection operation.
The idea is explained in the following theorem. The
complete proof of the theorem can be found in [16].
Theorem: Consider two records of the form (1) above;
then the transactionset for the union of the two itemsets is
the intersection of their transactionsets.

Using the same level-wise technique as the apriori
algorithm and utilizing the above theorem to implement

the apriori trick we can perform the association rule
mining as follows:

Start with the original transactional database, transform
it into the inverted structure. This can be done in a single
scan of the database. An item is frequent if the cardinality
of its transactionset is higher than the required minimum
frequency. So, we can get the frequent 1-itemstes. All the
following iterations that generate higher candidate itemsets
will use this inverted structure. To verify if a candidate .-
itemset is frequent or not, perform the intersection
operation for any two of its (k-1)-subsets. If the cardinality
of the resulting transactionset is higher than the required
minimum frequency, the itemset is frequent. Otherwise, it
is not.

Note that there are many optimization issues involving
the intersection operations. For example, we can choose
from (3%-2""'+1)/2 different alternative operands for the
intersection operation (dividing the k-itemset into two not
necessarily disjoint subsets). Which alternative to choose
is an optimization decision to minimize the cost of the
intersection operation.  Since the transactionset size
decreases as the itemset cardinality increases, we may
choose a division of the k-itemset of interest into two k-1-
subsets to reduce the cost of the intersection operation.
This is due to the fact that the transactionset for a k-itemset
is a subset of that of any of its subsets. We may also
choose the two with the minimum transactionset size. This
depends on the materialization strategies we use. Due to
space limitation, we refer the readers to [16] for the
complete and formal description of the algorithm.

4. Performance evaluation and comparison

The performance experiments are performed on an Intel
PIII processor with 450MHz CPU clock and 64MB
memory running windows 98. The machine uses the FAT
file system with measured throughput of 2.7 MB/sec.

The synthetic data generation program developed in [2]
is used to generate different datasets of various
characteristics. The parameter definitions used by the
synthetic data generator are as follows: N is the number of
items, |D| is the number of transactions, |T| is the average
transaction length, |I| is the average length of the
potentially large itemsets used to generate the datasets.

We first generated several datasets with the same
parameters as those in [2] in order to verify our simulator
and compare the result with the known published results.
These datasets represent relatively small-to-medium
problem sizes. Then, we increase the problem size and
measure the performance of different methods to see the
scalability of these methods.

Table 1 gives the characteristics of the first generated
datasets. Note that all datasets have the same number of
transactions (|D|=100,000) and number of items (N=1000)
as specified in [2]. The dataset T5.I12 means that the
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average transaction length is 5 items and the average
length of the potentially frequent itemset used in the
generating procedure is 2. The other columns give the
total size, the size of the inverted structure and the time
required for inversion. In this paper, due to space
limitation, we shall present the results of some of these
datasets. Please refer to [16] for a complete presentation.
Table 1. The generated datasets-1

Dataset||T|||I| [Size |Inverted |Inversion
(MB) |size (MB) [time (sec)
T5.12 |5 |12 |26 |1.9 2.03
T10.12 |10|2 |45 |3.8 3.68
T10.14 |10|4 |45 |3.8 3.68
T20.12 |20|2 |84 |7.6 9.83
T20.14 |20|4 (8.4 |7.6 9.94
T20.16 |20|6 (8.4 |7.6 9.98

4.1. Execution time

Figure 1 gives the average total execution time
comparison between the two techniques for T5.12, T10.14,
and T20.I6 with different thresholds. The database
inversion time of the datasets is not included in the
mining time of the inverted method since it is done only
once for each of the generated datasets, independent of
the threshold values.

The curves of Figure 1 show that, in general, the
inverted method slightly outperforms the apriori
algorithm and both have the same behavior when using
smaller threshold values. The difference increases when
the problems size increase.

An important variant of apriori called “aprioriTid” is
also presented and studied in [2] and is shown there to
have better performance than apriori in higher iterations
only. However, in early iterations aprioriTid performs
very slowly than apriori. We studied the iteration time for
the apriori, aprioriTid and the inverted method. The
results are shown in Figure 2, where it shows that the
iteration times for the inverted method is less than the
corresponding ones of apriori and aprioriTid. For higher
iterations, the inverted method is not worse than the
aprioriTid.

4.2. Number of transactions scale-up

In this experiment we test the effect of changing the
number of transactions on the performance of the
algorithms. The number of transactions is varied in the
range from 100,000 to 1 million. The results are given in
Figure 3 and show that the inverted method beats the
apriori algorithm in all cases. The difference increases as
the database size increases.

4.3. Number of items scale-up

In this experiment we test the effect of changing the
number of items on the performance of the algorithms. The
number of items is tested in the

range from 1000 to 10000. The results are given in
Figure 4. It is important to note that increasing the number
of items with the number of transactions fixed at 100,000
reduces the number of candidates and frequent itemsets
and even makes the algorithms finishes in few iterations
(about 2 iterations in almost all cases).

Again, the results indicate that the two algorithms
have the same trend behavior. However, the inverted
method takes about 50% of the time taken by apriori.

4.4 Transaction size scale-up

In this experiment we test the effect of changing the
transaction size (number of items per transactions) on the
performance of the algorithms. The transaction size ranges
from 5 to 50. To avoid the effect of other parameters, we
vary the number of transactions as well such that the total
database size is the same for all cases. The number of
transactions ranges form 200,000 for transaction size of 5
to 20,000 for transaction size 50. The results are given in
Figure 5. Note that the thresholds are not set to percentage
of the number of transaction as the other experiments,
rather they set to absolute values. This is because the
number of transactions varies with the transaction size as
stated above.

As shown in Figure 5, the inverted method scales
very well in this case. The apriori algorithm scales linearly.

4.5 Problem size scale-up

In this experiment, we study the effect of increasing the
problem size on the execution time As discussed before,
the problem size increases by varying a combination of the
problem parameters. We generated larger datasets with
number of transactions of 1 million, rather than 100,000 as
in the previous experiments. Also the number of items
ranges from 1000 to 10000. The algorithms are tested with
different threshold values. The database sizes in this
experiment are nearly equal. They are about 26 MB. The
inverted database size is about 19 MB. The inversion time
is about 33 seconds.

The results are given in Figure 6. It shows that the
inverted method beats apriori by order of magnitude for
larger problems, especially for low thresholds. This
behavior has many reasons. For large-scale datasets with
large number of items, the number of candidate and
frequent itemsets becomes very large. For example, in
some cases, the number of candidate 2-itemsets was about
10 millions. Also for low thresholds, the number of
iterations or passes over the database is increased as well.
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As shown in Figure 6, apriori could not handle the case
for low threshold values and large number of items
(>7500). Apriori has to generate all candidate itemsets
and then scanning the database to verify for each
candidate itemset that all members are indeed in the
transaction and count its frequency. The inverted method

does not have to generate all candidates at once or scan the
database. It tests every candidate itemset directly since all
the information needed in one single record.

We can see from Figure 6 that the inverted method
scales very well with problem sizes. Note that some apriori
curves of Figure 6 are not completed. These are usually

T5.12
35 _
3 [ —a—Apriori g
- L —¢—Inverted
8 25 |
LI)’ L
) 2 -
E -
= 15
o r X
g 1t
w L 4
05 8
0
2 1.5 1 0.75 05 0.33 0.25
Threshold (%)
T10.14
12
r —a—Apriori 1
10 —— Inverted 1

Exec. Time (sec)
[o)]

4
2
0

2 15 1 075 05 0.33 0.25

Threshold (%)
T20.14
60 —&+— Apriori f
r —¢«—Inverted K

Exec. Time (sec)

2 15 1
Threshold (%)

0.75 05 0.33 0.25

Figure 1. Execution time with different thresholds of datasets in Tablel

T10.12
8 - .
7 L —g— Apriori 7;.
-  —¢—Inverted
o 6
@ L
L 5 | d
o L J
E 4l ]
= L il
s 3 r i
$ 50 ]
w 2 ]
1 _
0
2 1.5 1 075 05 033 0.25
Threshold (%)
T20.12
60 h
r —g— Apriori
50 |- —s«—Inverted B
m
[}
L
o
E
-
o
(]
X
w

2 1.5 1 075 05 0.33 025
Threshold (%)

T20.16
90
F —a— Apriori g
75 - —¢«—Inverted

Exec. Time (sec)

2 15 1
Threshold (%)

0.75 0.5 0.33 0.25

Proceedings of the Sixth IEEE Symposium on Computers and Communications (ISCC’01)
1530-1346/01 $10.00 © 2001 IEEE

IEEE

COMPUTER
SOCIETY



T10.14
16
14
12
10

—=— Apriori
—o— ApTID
—>¢— Inverted

Exec. Time (sec)
~ O ©

N

0
1 2 3 4 5
Iteration #
T20.14
80
70 —=— Apriori -
—_ r —o— ApTID J
g 60 C —<—Inverted
L 5 L[ ]
(] - i
E 40 | 4
'— |- -
g 30 ]
g 20 ¢ ]
10 B
0
1 2 3 4 6 7 8
Iteration #

Figure 2. Execution times of each iteration

some runs with low threshold. These runs was aborted
because they tended to take too long time. The runs with
higher thresholds already show the trends of these curves.

5 conclusion and future work

In this paper, we introduce the inverted method for the
discovery of frequent itemsets of a transactional database.
The proposed method is level wise like apriori and it uses
the apriori property for candidate generation. However,
the counting operation of itemsets is based on a database
transformation and the intersection operation. The
performance evaluation of the proposed method shows
that it outperforms the existing algorithms. The difference
is by order of magnitude for large-scale datasets and for
low support thresholds. The experiments also show high
scalability of the inverted method with number of items,
number of transactions, transaction size.

The study of the interactive techniques, cashing of
previous results and incremental mining techniques in the
context of the inverted method can be a good point for
further research and study.
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