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Using a Hash-Based Method with Transaction
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Abstract —In this paper, we examine the issue of mining association rules among items in a large database of sales transactions.
Mining association rules means that, given a database of sales transactions, to discover all associations among items such that the
presence of some items in a transaction will imply the presence of other items in the same transaction. The mining of association
rules can be mapped into the problem of discovering large itemsets where a large itemset is a group of items that appear in a
sufficient number of transactions. The problem of discovering large itemsets can be solved by constructing a candidate set of
itemsets first, and then, identifying}within this candidate set}those itemsets that meet the large itemset requirement. Generally,
this is done iteratively for each large k-itemset in increasing order of k, where a large k-itemset is a large itemset with k items. To
determine large itemsets from a huge number of candidate sets in early iterations is usually the dominating factor for the overall
data-mining performance. To address this issue, we develop an effective algorithm for the candidate set generation. It is a hash-
based algorithm and is especially effective for the generation of candidate set for large 2-itemsets. Explicitly, the number of
candidate 2-itemsets generated by the proposed algorithm is, in orders of magnitude, smaller than that by previous methods}thus
resolving the performance bottleneck. Note that the generation of smaller candidate sets enables us to effectively trim the
transaction database size at a much earlier stage of the iterations, thereby reducing the computational cost for later iterations
significantly. The advantage of the proposed algorithm also provides us the opportunity of reducing the amount of disk I/O required.
Extensive simulation study is conducted to evaluate performance of the proposed algorithm.

Index Terms —Data mining, association rules, hashing, performance analysis.

——————————   ✦   ——————————

1 INTRODUCTION

ECENTLY, mining of databases has attracted a growing
amount of attention in database communities due to its

wide applicability in retail industry to improving market-
ing strategy. As pointed out in [5], the progress in bar-code
technology has made it possible for retail organizations to
collect and store massive amounts of sales data. Catalog
companies can also collect sales data from the orders they
receive. A record in such data typically consists of the
transaction date, the items bought in that transaction, and
possibly also customer-ID if such a transaction is made via
the use of a credit card or any kind of customer card. It is
noted that analysis of past transaction data can provide
very valuable information on customer buying behavior,
and thus improve the quality of business decisions (such as
what to put on sale, which merchandises to be placed on
shelves together, how to customize marketing programs, to
name a few). It is essential to collect a sufficient amount of
sales data (say, over last 30 days) before we can draw any
meaningful conclusion from them. As a result, the amount

of these sales data tends to be huge. It is therefore impor-
tant to devise efficient algorithms to conduct mining on
these data. The requirement to process large amount of data
distinguishes data mining in the database context from its
study in the AI context.

One of the most important data-mining problems is
mining association rules [3], [5], [9], [10]. Specifically, given
a database of sales transactions, one would like to discover
all associations among items such that the presence of some
items in a transaction will imply the presence of other items
in the same transaction. The problem of mining association
rules in the context of database was first explored in [3]. In
this pioneering work, it is shown that mining association
rules can be decomposed into two subproblems. A set of
items is called an itemset. First, we need to identify all
itemsets that are contained in a sufficient number of trans-
actions above the minimum (support) requirement. These
itemsets are referred to as large itemsets. Second, once all
large itemsets are obtained, the desired association rules
can be generated in a straightforward manner. Subsequent
work in the literature followed this approach and focused
on the large itemset generations.

Various algorithms have been proposed to discover the
large itemsets [3], [5], [10]. Generally speaking, these algo-
rithms first construct a candidate set of large itemsets
based on some heuristics, and then discover the subset that
indeed contains large itemsets. This process can be done
iteratively in the sense that the large itemsets discovered
in one iteration will be used as the basis to generate the
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candidate set for the next iteration. For example, in [5], at
the kth iteration, all large itemsets containing k items, re-
ferred to as large k-itemsets, are generated. In the next it-
eration, to construct a candidate set of large (k + 1)-itemsets,
a heuristic is used to expand some large k-itemsets into a (k
+ 1)-itemset, if certain constraints are satisfied.1

The heuristic to construct the candidate set of large item-
sets is crucial to performance. Clearly, in order to be effi-
cient, the heuristic should only generate candidates with
high likelihood of being large itemsets because for each
candidate, we need to count its appearances in all transac-
tions. The larger the candidate set, the more processing cost
required to discover the large itemsets. As previously re-
ported in [5] and also attested by our experiments, the
processing in the initial iterations in fact dominates the total
execution cost. A performance study was provided in [5] to
compare various algorithms of generating large itemsets. It
was shown that for these algorithms the candidate set gen-
erated during an early iteration is generally, in orders of
magnitude, larger than the set of large itemsets it really
contains. Therefore, the initial candidate set generation, espe-
cially for the large 2-itemsets, is the key issue to improve the per-
formance of data mining.

Another performance related issue is on the amount
of data that has to be scanned during large itemset discov-
ery. A straightforward implementation would require one
pass over the database of all transactions for each iteration.
Note that as k increases, not only is there a smaller number
of large k-itemsets, but also there are fewer transactions
containing any large k-itemsets. Reducing the number of
transactions to be scanned and trimming the number of
items in each transaction can improve the data-mining effi-
ciency in later stages. In [5], two alternative approaches
are considered: Apriori and AprioriTid. In the Apriori algo-
rithm, each iteration requires one pass over the database. In
the AprioriTid algorithm, the database is not scanned after
the first pass. Rather, the transaction ID and candidate large
k-itemsets present in each transaction are generated in each
iteration. This is used to determine the large (k + 1)-itemsets
present in each transaction during the next iteration. It
was found that in the initial stages, Apriori is more effi-
cient than AprioriTid, since there are too many candidate
k-itemsets to be tracked during the early stages of the proc-
ess. However, the reverse is true for later stages. A hybrid
algorithm of the two algorithms was also proposed in [5]
and shown to lead to better performance in general. The
challenge to operate the hybrid algorithm is to determine
the switch-over point.

In this paper, we shall develop an algorithm DHP
(standing for direct hashing and pruning) for efficient large
itemset generation. Specifically, DHP proposed has three
major features:

1) efficient generation for large itemsets,
2) effective reduction on transaction database size, and
3) the option of reducing the number of database scans

required.

As will be seen later, by utilizing a hash technique, DHP is
very efficient for the generation of candidate large itemsets,

1. A detailed description of the algorithm used in [5] is given in Section 2.

in particular for the large 2-itemsets, where the number of
candidate large itemsets generated by DHP is, in orders of
magnitude, smaller than that by previous methods, thus
greatly improving the performance bottleneck of the whole
process. In addition, DHP employs effective pruning tech-
niques to progressively reduce the transaction database
size. As observed in prior work [5], during the early itera-
tions, tracking the candidate k-itemsets in each transaction
is ineffective, since the cardinality of such k-itemsets is very
large. Note that the generation of smaller candidate sets by
DHP enables us to effectively trim the transaction database
at a much earlier stage of the iterations, i.e., right after the
generation of large 2-itemsets, thereby reducing the com-
putational cost for later iterations significantly. It will be
seen that by exploiting some features of association rules,
not only the number of transactions, but also the number of
items in each transaction can be substantially reduced.

Moreover, the advantage of DHP provides us an op-
portunity of avoiding database scans in some passes so as
to reduce the disk I/O cost involved. Explicitly, due to
small candidate sets it deals with, DHP has the option of
using a candidate set to generate subsequent candidate sets,
and delaying the determination of large itemsets to a later
pass when the database is scanned. Since DHP does not
scan the database to obtain large itemsets in each pass,
some database scans are saved. Extensive experiments are
conducted to evaluate the performance of DHP. As shown
by our experiments, with a slightly higher cost in the first
iteration due to the generation of a hash table, DHP incurs
significantly smaller execution times than Apriori2 in later
iterations, not only in the second iteration when a hash ta-
ble is used by DHP to facilitate the generation of candidate
2-itemsets, but also in later iterations when the same proce-
dure for large itemset generation is employed by both algo-
rithms, showing the advantage of effective database trim-
ming by DHP. Sensitivity analysis for various parameters is
conducted.

We mention in passing that the discovery of association
rules is also studied in the AI context [15] and there are
various other aspects of data mining explored in the lit-
erature. Classification is an approach of trying to develop
rules to group data tuples together based on certain
common characteristics. This has been explored both in
the AI domain [16] and in the context of databases [2], [7],
[8]. Mining in spatial databases was conducted in [14]. An-
other source of data mining is on ordered data, such as
stock market and point of sales data. Interesting aspects to
explore include searching for similar sequences [1], [17],
e.g., stocks with similar movement in stock prices, and se-
quential patterns [6], e.g., grocery items bought over a set of
visits in sequence. It is noted that some techniques such as
sampling were proposed in [4], [13] to improve mining effi-
ciency. However, the emphasis in those works is to devise
methods that can learn knowledge efficiently from sampled
subsets, and is thus intrinsically different from the ap-
proach in this paper that improves the efficiency of mining

2. A comprehensive study on various algorithms to determine large item-
sets is presented in [5], where the Apriori algorithm is shown to provide the
best performance during the initial iterations. Hence, Apriori is used as the
base algorithm to compare with DHP in this study.
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the entire transaction database via candidate itemset re-
duction and transaction trimming. Additionally, it is worth
mentioning that in [5], the hybrid algorithm has the option
of switching from Apriori to another algorithm AprioriTid
after early passes for better performance. For ease of pres-
entation of this paper, such an option is not adopted here.
Nevertheless, the benefit of AprioriTid in later passes is
complementary to the focus of DHP on initial passes.

This paper is organized as follows. A detailed problem
description is given in Section 2. The algorithm DHP
proposed for generating large itemsets is described in
Section 3. Performance results are presented in Section 4.
Section 5 contains the summary.

2 PROBLEM DESCRIPTION

Let , ={i1, i2, ..., im} be a set of literals, called items. Let D
be a set of transactions, where each transaction T is a set
of items such that T ¯ ,. Note that the quantities of items
bought in a transaction are not considered, meaning that
each item is a binary variable representing if an item was
bought. Each transaction is associated with an identifier,
called TID. Let X be a set of items. A transaction T is said
to contain X if and only if X ¯ T. An association rule is
an implication of the form X À Y, where X ® ,, Y ® ,,
and X � Y= I. The rule X À Y holds in the transaction
set D with confidence c if among those transactions that
contain X c% of them also contain Y. The rule X À Y has
support s in the transaction set D if s% of transactions in D
contain X � Y.

As mentioned before, the problem of mining association
rules is composed of the following two steps:

1) Discover the large itemsets, i.e., all sets of itemsets
that have transaction support above a  predetermined
minimum support s.

2) Use the large itemsets to generate the association
rules for the database.

The overall performance of mining association rules is, in
fact, determined by the first step. After the large itemsets
are identified, the corresponding association rules can be
derived in a straightforward manner. In this paper, we shall
develop an algorithm to deal with the first step, i.e., discov-
ering large itemsets from the transaction database. Readers
interested in more details for the second step are referred to
[5]. As a preliminary, we shall describe the method used in
the prior work Apriori for discovering the large itemsets
from a transaction database given in Fig. 1.3 As pointed out
earlier, a comprehensive study on various algorithms to
determine large itemsets is presented in [5], where the
Apriori algorithm is shown to provide the best performance
during the initial iterations. Hence, Apriori is used as the
base algorithm to compare with DHP. In Apriori [5], in
each iteration (or each pass) it constructs a candidate set of
large itemsets, counts the number of occurrences of each
candidate itemset, and then determine large itemsets based
on a predetermined minimum support. In the first iteration,
Apriori simply scans all the transactions to count the num-
ber of occurrences for each item. The set of candidate 1-

3. This example database is extracted from [5].

itemsets, C1, obtained is shown in Fig. 2. Assuming that the
minimum transaction support required is 2, the set of large
1-itemsets, L1, composed of candidate 1-itemsets with the
minimum support required, can then be determined.

To discover the set of large 2-itemsets, in view of the
fact that any subset of a large itemset must also have mini-
mum support, Apriori uses L1  L1 to generate a candidate
set of itemsets C2 using the a priori candidate generation,
where * is an operation for concatenation. C2 consists of
|L1|(|L1| ��1)/2 2-itemsets. Note that when |L1| is large,
|L1|(|L1| �� 1)/2 becomes an extremely large number.
Next, the four transactions in D are scanned and the sup-
port of each candidate itemset in C2 is counted. The middle
table of the second row in Fig. 2 represents the result from
such counting in C2. A hash tree is usually used for a fast
counting process [11].4 The set of large 2-itemsets, L2, is
therefore determined based on the support of each candi-
date 2-itemset in C2.

The set of candidate itemsets, C3, is generated from L2 as
follows. From L2, two large 2-itemsets with the same first
item, such as {BC} and {BE}, are identified first. Then, Apri-
ori tests whether the 2-itemset {CE}, which consists of their
second items, constitutes a large 2-itemset or not. Since {CE}
is a large itemset by itself, we know that all the subsets
of {BCE} are large and then {BCE} becomes a candidate
3-itemset. There is no other candidate 3-itemset from L2.
Apriori then scans all the transactions and discovers the
large 3-itemsets L3 in Fig. 2. Since there is no candidate
4-itemset to be constituted from L3, Apriori ends the proc-
ess of discovering large itemsets.

3 DIRECT HASHING WITH EFFICIENT PRUNING FOR
FAST DATA MINING

In this section, we shall describe algorithm DHP (which
stands for direct hashing and pruning) for efficient
large itemset generation. As pointed out earlier, algorithm
DHP proposed has three major features: one is efficient
generation for large itemsets, another is effective reduction
on transaction database size, and the third is database scan
reduction. We shall describe in Section 3.1 the main flow of
algorithm DHP, and explain its first feature, i.e., efficient
generation for large itemsets. The feature of reducing data-
base size will be described in Section 3.2. For better read-
ability, the scan-reduction technique of DHP is described in
Section 4, together with its performance results.

4. The use of a hash tree to count the support of each candidate itemset is
a common feature for the two algorithms (i.e., Apriori and DHP) discussed
in this paper, and should not be confused with the hash technique used by
DHP to generate candidate itemsets.

Database D

TID   Items

100 A C D

200 B C E

300 A B C E

400 B E

Fig. 1. An example transaction database for data mining.
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3.1 Algorithm DHP
As illustrated in Section 2, in each pass we use the set of
large itemsets, Li, to form the set of candidate large itemsets
Ci+1 by joining Li with Li on (i � 1) (denoted by Li * Li) com-
mon items for the next pass. We then scan the database and
count the support of each itemset in Ci+1 so as to determine
Li+1. In general, the more itemsets in Ci, the higher the proc-
essing cost of determining Li will be. Note that

|C2|= L1
2

F
HG

I
KJ

in Apriori. The step of determining L2 from C2 by scanning
the whole database and testing each transaction against
a hash tree built by C2 is hence very expensive. By con-
structing a significantly smaller C2, DHP can also generate
a much smaller D3 to derive C3. Without the smaller C2,
the database cannot be effectively trimmed. (This is one of
the reasons that Apriori-TID in [5] is not effective in trim-
ming the database until later stages.) After this step, the
size of Li decreases rapidly as i increases. A smaller Li leads
to a smaller Ci+1, and thus a smaller corresponding proc-
essing cost.

In essence, algorithm DHP presented in Fig. 3 uses the
technique of hashing to filter out unnecessary itemsets for
next candidate itemset generation. When the support of can-
didate k-itemsets is counted by scanning the database, DHP
accumulates information about candidate (k + 1)-itemsets in
advance in such a way that all possible (k + 1)-itemsets of
each transaction after some pruning are hashed to a hash
table. Each bucket in the hash table consists of a number to
represent how many itemsets have been hashed to this
bucket thus far. We note that based on the resulting hash
table, a bit vector can be constructed, where the value of
one bit is set to be one if the number in the corresponding
entry of the hash table is greater than or equal to s. As can
be seen later, such a bit vector can be used to greatly reduce

the number of itemsets in Ci. This implementation detail is
omitted in Fig. 3.

Fig. 3 gives the algorithmic form of DHP which, for ease
of presentation, is divided into three parts. Part 1 gets a set
of large 1-itemsets and makes a hash table (i.e., H2) for 2-
itemsets. Part 2 generates the set of candidate itemsets Ck
based on the hash table (i.e., Hk) generated in the previous
pass, determines the set of large k-itemsets Lk, reduces the
size of database for the next large itemsets (as will be ex-
plained in Section 3.2 later), and makes a hash table for
candidate large (k + 1)-itemsets. (Note that in Part 1 and
Part 2, the step of building a hash table to be used by the
next pass is a unique feature of DHP.) Part 3 is basically
same as Part 2 except that it does not employ a hash table.
Note that DHP is particularly powerful to determine large
itemsets in early stages, thus improving the performance
bottleneck. The size of Ck decreases significantly in later
stages, thus rendering little justification its further filtering.
This is the very reason that we shall use Part 2 for early it-
erations, and use Part 3 for later iterations when the num-
ber of hash buckets with a count larger than or equal to
s (i.e., |{x|Hk[x] � s}| in Part 2 of Fig. 3) is less than a prede-
fined threshold LARGE. We note that in Part 3 Procedure
apriori_gen to generate Ck+1 from Lk is essentially the same
as the method used by algorithm Apriori in [5] in deter-
mining candidate itemsets, and we hence omit the details
on it. Part 3 is included into DHP only for the completeness
of our method.

After the setting by Part 1, Part 2 consists of two phases.
The first phase is to generate a set of candidate k-itemsets Ck
based on the hash table Hk, which is described by Proce-
dure gen_candidate in Fig. 4. Same as Apriori, DHP also
generates a k-itemset by Lk�1. However, DHP is unique in
that it employs the bit vector, which is built in the previous
pass, to test the validity of each k-itemset. Instead of in-
cluding all k-itemsets from Lk�1 * Lk�1 into Ck, DHP adds a

Fig. 2. Generation of candidate itemsets and large itemsets.
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k-itemset into Ck only if that k-itemset passes the hash fil-
tering, i.e., that k-itemset is hashed into a hash entry whose
value is larger than or equal to s. As can be seen later, such
hash filtering can drastically reduce the size of Ck. Every
k-itemset that passes the hash filtering is included into Ck
and stored into a hash tree [5], [11]. The hash tree built by
Ck is then probed by each transaction later (i.e., in Part 2)
when the database is scanned and the support of each can-
didate itemset is counted. The second phase of Part 2 is to
count the support of candidate itemsets and to reduce the
size of each transaction, as described by Procedure
count_support in Fig. 4. Same as in [5], a subset function is
used to determine all the candidate itemsets contained in

each transaction. As transactions in the database (which is
reduced after D2) are scanned one by one, k-subset of each
transaction are obtained and used to count the support of
itemsets in Ck. The methods for trimming a transaction and
reducing the number of transactions are described in detail
in Section 3.2.

An example of generating candidate itemsets by DHP
is given in Fig. 5. For the candidate set of large 1-itemsets,
i.e., C1 = { {A}, {B}, {C}, {D}, {E} }, all transactions of the data-
base are scanned to count the support of these 1-items. In
this step, a hash tree for C1 is built on the fly for the purpose
of efficient counting. DHP tests whether or not each item
exists already in the hash tree. If yes, it increases the count

Fig. 3. Main program of algorithm DHP.
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of this item by one. Otherwise, it inserts the item with a
count equal to one into the hash tree. For each transaction,
after occurrences of all the 1-subsets are counted, all the
2-subsets of this transaction are generated and hashed into

a hash table H2 in such a way that when a 2-subset is
hashed to bucket i, the value of bucket i is increased by one.
Fig. 5 shows a hash table H2 for a given database. After the
database is scanned, each bucket of the hash table has the

Fig. 4. Subprocedures for algorithm DHP.

Fig. 5. Example of a hash table and generation of C2.
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number of 2-itemsets hashed to the bucket. Given the hash
table in Fig. 5 and a minimum support equal to 2, we obtain
a resulting bit vector Ã1, 0, 1, 0, 1, 0, 1Ó. Using this bit vector
to filter out 2-itemsets from L1 * L1, we have C2 = { {AC},
{BC}, {BE}, {CE} }, instead of C2 = { {AB}, {AC}, {AE}, {BC},
{BE}, {CE} } resulted by Apriori as shown in Fig. 2.

3.2 Reducing the Size of the Transaction Database
DHP reduces the database size progressively by not only

trimming each individual transaction size but also prun-
ing the number of transactions in the database. Note that,
as observed in [5] on mining association rules, any subset
of a large itemset must be a large itemset by itself.
That is, {B, C, D} ° L3 implies {B, C} ° L2, {B, D} ° L2,
and {C, D} ° L2. This fact suggests that a transaction
be used to determine the set of large (k + 1)-itemsets
only if it consists of (k + 1) large k-itemsets in the pre-
vious pass. In view of this, when k-subsets of each trans-
action are counted toward candidate k-itemsets, we will be
able to know if this transaction meets the necessary condi-
tion of containing large (k + 1)-itemsets. This, in turn, means
that if we have the number of candidate itemsets close to
that of large itemsets when counting k-subsets, we can effi-
ciently trim transactions and reduce the number of transac-
tions by eliminating items which are found useless for later
large itemset generation.

We now take a closer look at how the transaction size
is trimmed by DHP. If a transaction contains some large
(k + 1)-itemsets, any item contained in these (k + 1)-itemsets
will appear in at least k of the candidate k-itemsets in Ck. As
a result, an item in transaction t can be trimmed if it does
not appear in at least k of the candidate k-itemsets in t. This
concept is used in Procedure count_support to trim the trans-
action size. Certainly, the above is only a necessary condi-
tion, not a sufficient condition, for an item to appear in a
candidate (k + 1)-itemset. In Procedure make_hasht, we
further check that each item in a transaction is indeed cov-
ered by a (k + 1)-itemset (of the transaction) with all (k + 1)
of its k-itemsets contained in Ck.

An example to trim and reduce transactions is given in
Fig. 6. Note that the support of a k-itemset is increased as
long as it is a subset of transaction t and also a member of
Ck. As described by Procedure count_support, a[i] is used to

keep the occurrence frequency of the ith item of transaction
t. When a k-subset containing the ith item is a member of
Ck, we increase a[i] by 1, according to the index of each
item in the k-subset (e.g., in transaction 100, a[0] corre-
sponds to A, a[1] corresponds to C, and a[2] corresponds
to D). Then, in Procedure make_hasht, before hashing of
a (k + 1)-subset of transaction $ ,t  we test all the k-subsets
of $t  by checking the values of the corresponding buckets
on the hash table Hk. To reduce the transaction size, we then
check each item $t i  in $t  to see if item $t i  is indeed included
in one of the (k + 1)-itemsets eligible for hashing from $.t
Item $t i  is discarded if it does not meet such a requirement.

For example, in Fig. 6, transaction 100 has only a single
candidate itemset AC. Then, occurrence frequencies of all
the items are: a[0] = 1, a[1] = 1, and a[2] = 0. Since all the
values of a[i] are less than 2, this transaction is deemed not
useful for generating large 3-itemsets and thus discarded.
On the other hand, transaction 300 in Fig. 6 has four candi-
date 2-items and the occurrence frequencies of items are
a[0] = 1 (corresponding to A), a[1] = 2 (corresponding to B),
a[2] = 3 (corresponding to C), and a[3] = 2 (corresponding
to E). Thus, it keeps three items}B, C, E}and discards
item A.

For another example, if transaction t = ABCDEF and five
2-subsets, (AC, AE, AF, CD, EF), exist in a hash tree built by
C2, we get values of array a[i] as a[0] = 3, a[2] = 2, a[3] = 1,
a[4] = 2, and a[5] = 2, according to the occurrences of each
item. For large 3-itemsets, four items, A, C, E, and F, have
a count larger than 2. Thus, we keep the items A, C, E, and
F as transaction $t  in Procedure count_support and discard
items B and D, since they are useless in later passes.
Clearly, not all items in $t contribute to the later large
itemset generations. C, in fact, does not belong to any
large 3-itemset since only AC and CD, but not AD, are
large 2-itemsets. It can be seen from Procedure
make_hasht that spurious items like C are removed
from &&t  in the reduced database D3 for next large item-
sets. Consequently, during the transaction scan, many
transactions are either trimmed or removed, and only
transactions which consist of necessary items for later large
itemset generation are kept in Dk+1, thus progressively re-
ducing the transaction database size. The fact that Dk de-

Fig. 6. Example of L2 and D3.
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creases significantly along the pass number k is the very
reason that DHP achieves a shorter execution time than
Apriori, even in later iterations when the same procedure
for large itemset generation is used by both algorithms.
Fig. 6 shows an example of L2 and D3.

4 EXPERIMENTAL RESULTS

To assess the performance of DHP, we conducted several
experiments on large itemset generations by using an
RS/6000 workstation with model 560. As will be shown
later, the techniques of using a hash table and progressively
reducing the database size enable DHP to generate large
itemsets efficiently. The methods used to generate synthetic
data are described in Section 4.1. The effect of the hash table
size used by DHP is discussed in Section 4.2. Performance
of DHP is assessed in Section 4.3. The scan-reduction tech-
nique of DHP is presented in Section 4.4.

4.1 Generation of Synthetic Data
The method used by this study to generate synthetic trans-
actions is similar to the one used in [5] with some modifi-
cations noted below. Table 1 summarizes the meaning of
various parameters used in our experiments. Each transac-
tion consists of a series of potentially large itemsets, where
those itemsets are chosen from a set of such itemsets L. |L|
is set to 2,000. The size of each potentially large itemset in L
is determined from a Poisson distribution with mean equal
to |I|. Itemsets in L are generated as follows. Items in the
first itemset are chosen randomly from N items. In order to
have common items in the subsequent Sq itemsets in each of
these Sq itemsets, some fraction of items are chosen from
the first itemset generated, and the other items are picked
randomly. Such a fraction, called the correlation level, is
chosen from an exponential distribution with mean equal
to 0.25 except in Section 4.4. So, Sq means the number of
subsequent itemsets that are correlated to the first itemset,
and this value was set to 10 in this study. After the first
(Sq + 1) itemsets are generated, the generation process re-
sumes a new cycle. That is, items in the next itemset are
chosen randomly, and the subsequent Sq itemsets are so
determined as to be correlated to that itemset in the way
described above. The generation process repeats until |L|
itemsets are generated. It is noted that, in [5], the generation
of one itemset is only dependent on the previous itemset.
Clearly, a larger Sq incurs a larger degree of “similarity”
among transactions generated. Here, a larger Sq is used so

as to have more large itemset generation scenarios to ob-
serve in later iterations. As such, we are also able to have
|L|/(Sq + 1) groups of transactions to model grouping or
clustering in the retailing environment.

Each potentially large itemset in L has a weight, which
is the probability that this itemset will be picked. Each
weight is chosen from some given distribution of |L| po-
tentially large itemsets such as an exponential distribution
[5], and then normalized in such a way that the sum of all
the weights is equal to one. For these weights, we used a
Zipf-like distribution [12] so that we can control the num-
ber of large k-itemsets by varying a parameter of this distri-
bution. The Zipf-like distribution of |L| potentially large
itemsets is generated as follows. The probability pi that the
potentially large itemset is taken for a particular transaction
from L is pi = c/i(1�T ), where

c = 1/ 1 1

1
/ i

i

L −
=∑ θa fe j

is a normalization constant. Setting the parameter T = 0 cor-
responds to the pure Zipf distribution, which is highly
skewed; whereas T = 1 corresponds to the uniform distri-
bution. In this experiment, the value of T  was set to be-
tween 0.60 and 0.75. Same as [5], we also use a corruption
level during the transaction generation to model the phe-
nomenon that all the items in a large itemset are not always
bought together. Therefore, we can control easily the num-
ber of large k-itemsets by Sf, T, and the correlation level.
Each transaction is stored in a file system with the form of
<transaction identifier, the number of items, items>.

4.2 Effect of the Size of a Hash Table
Note that the hash table size used by DHP affects the car-
dinality of C2 generated. In fact, from the process of trim-
ming the database size described in Section 3.2, it can be
seen that the size of C2 subsequently affects the determi-
nation of D3. Table 2 shows the results from varying the
hash table size, where |D1| = 100,000, |T| = 10, |I| = 4,
N = 1,000, |L| = 2,000, T = 0.65, and s = 0.75 percent. We
use Tx.Iy.Dz to mean that x = |T|, y = |I|, and the number
of transactions in D1 is z � 1,000. For notational simplicity,
we use {H2 � s} in Table 2 to represent the set of buckets
which are hashed into by 750 (i.e., 100 * 1,000 * 0.75 percent)
or more 2-itemsets during the execution of Part 1 in DHP,
and |{H2 � s}| to denote the cardinality of {H2 � s} . Also, D
represents the ratio of the number of 2-itemsets hashed
into {H2 � s} to the total number of 2-itemsets generated

TABLE  1
MEANING OF VARIOUS PARAMETERS

Dk Set of transactions for large k-itemsets

|Dk | The number of transactions in Dk

Hk Hash table containing |Hk | buckets for Ck

Ck Set of candidate k-itemsets

Lk Set of large k-itemsets

|T | Average size of the transactions

|I | Average size of the maximal potentially large itemsets

|L | Number of maximal potentially large itemsets

N Number of items

TABLE  2
RESULTS FROM VARYING HASH TABLE SIZES (T10.I4.D100)

|H2| 524,288 262,144 131,072 65,536 32,768

L1 595 595 595 595 595

| {H2 � s} | 119 123 128 148 210

C2 150 220 313 543 1,469

L2 115 115 115 115 115

D 0.0273 0.0282 0.0296 0.0336 0.0461

size of D3 326KB 332KB 333KB 351KB 408KB

|D3| 12,450 12,631 12,663 13,393 15,595

total time 6.65 6.53 6.39 6.51 7.47
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from the original database D1. D is a factor to represent
what fraction of 2-itemsets are involved in candidate 2-
itemsets. The total number of 2-itemsets of the experiment
at Table 2 is 5,002,249, which is slightly larger than

|D1| ¹ T
2

F
H

I
K .

For N = 1,000, the number of distinct 2-itemsets is N
2e j .

Note that, when n = N
2e j  and |H2| is chosen to be the expo-

nent of 2 (which is greater than n), we have |C2|/|L2| =
1.30 in Table 2. In addition, note that in the second column
of Table 2, the database to be used for generating large
3-itemsets, i.e., D3, is very small compared to the original
database, indicating a very effective trimming in the data-
base size by DHP. Specifically, the ratio of D3 to D1 is 6.91
percent in terms of their sizes, and 12.45 percent in terms of
their numbers of transactions. Also, the average number of
items in each transaction of D3 is 4.69 (instead of 10 in the
original database). Clearly, a small number of items in each
transaction incurs fewer comparisons in a hash tree and
leads to a shorter execution time.

In Table 2, the values of |H2| in DHP varies from N
2e j  to

N
2e j/16. When |H2| is approximately N

2e j  (as in the second

column), |C2|/|L2| = 1.30, meaning that a larger H2 leads

to a smaller C2 at the cost of using more memory. As |H2|

decreases, |C2| and the execution time for L2 increase. The

size of D3 then increases as well. We found that we can

have fairly good overall performance until |H2| is a quar-

ter of N
2e j  (i.e., until the fourth column). However, it is

noted that even when the hash table has only N
2e j/16 buck-

ets, the number of candidate 2-itemsets is still signifi-
cantly smaller than |L1|(|L1| � 1)/2. Clearly, when either
the minimum support is small or the number of total
2-itemsets is large, it is advantageous to use a large |H2|

for DHP. The reduction ratios of |C2| by DHP with re-

spect to |L1|(|L1| �� 1)/2 for various sizes of H2 are
shown in Fig. 7, where a logarithmic scale is used in y-axis
for ease of presentation.

4.3 Performance of DHP
4.3.1 Comparison of DHP and Apriori

Table 3 shows the relative performance between Apriori
used in [5] and DHP. Here, we use |T| = 15; i.e., each
transaction has 15 items in average, so as to have more
large itemsets in later passes for interest of presentation.
The execution times of these two algorithms are shown in
Fig. 8. In DHP, |H2| is chosen to be the exponent of 2,

which is greater than N
2e j  (i.e., with 524,288 buckets) and

parameter T is 0.75 in this subsection. In this experiment,

DHP uses a hash table for the generation of C2 (i.e., Part 1 of
Fig. 3). Starting from the third pass, DHP is the same as
Apriori in that the same procedure for generating large
itemsets (i.e., Part 3 of Fig. 3) is used by both algorithms,
but different from the latter in that a smaller transaction
database is scanned by DHP. The last column represents
the database size in the kth pass (i.e., Dk) used by DHP and

its cardinality (i.e., |Dk|). More explicitly, Apriori scans the

full database D1 for every pass, whereas DHP only scans
the full database for the first two passes and then scans the
reduced database Dk thereafter. As mentioned before, in [5]
the hybrid algorithm has the option of switching from
Apriori to another algorithm AprioriTid after early passes
for better performance, and such an option is not adopted

Fig. 7. Reductions ratio of |C2| by DHP for different sizes of H2.

TABLE 3
COMPARISON OF EXECUTION TIME (T15.I4.D100)

Apriori DHP

number number Dk |Dk|

L1 760 760 6.54MB 100,000

C2 288,420 318 6.54MB 100,000

L2 211 211

C3 220 220 0.51MB 20,047

L3 204 204

C4 229 229 0.25MB 8,343

L4 227 227

C5 180 180 0.16MB 4,919

L5 180 180

C6 94 94 0.10MB 2,459

L6 94 94

C7 29 29 0.06MB 1,254

L7 29 29

C8 4 4 0.05MB 1,085

L8 4 4

total
time

43.36 13.57
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here. It can, nevertheless, be seen from Fig. 8 that the exe-
cution time of the first two passes by Apriori is larger than
the total execution time by DHP.5

It can be seen from Table 3 that the execution time of the
first pass of DHP is slightly larger than that of Apriori due
to the extra overhead required for generating H2. However,
DHP incurs significantly smaller execution times than
Apriori in later passes, not only in the second pass when a
hash table is used by DHP to facilitate the generation of C2,
but also in later passes when the same procedure is used,
showing the advantage of scanning smaller databases by
DHP. Here, the execution time of the first two passes by
Apriori is about 62 percent of the total execution time. This
is the very motivation of employing DHP for ealry passes to
achieve performance improvement.

Fig. 9 shows the execution time ratios of DHP to Apriori
over various minimum supports, ranging from 0.75 percent
to 1.25 percent. Fig. 9 indicates that DHP constantly per-
forms well for various minimum supports. Fig. 10 shows
the effect of progressively reducing the transaction data-
base by DHP. As pointed out earlier, this very feature of
DHP is made feasible in practice due to the early reduction
on the size of C2, and turns out to be very powerful to fa-
cilitate the later itemset generations. Note that DHP is not
only reducing the number of transactions but also trimming
the items in each transaction. It can be seen that the average
number of items is, on one hand, reduced by the latter
process (i.e., trimming each transaction size), but on the
other hand, is increased by the former process (i.e., reduc-
ing the number of transactions) since transactions elimi-
nated are usually small ones. As a result of these two con-
flicting factors, as shown in Case A of Fig. 10, whose y-axis
uses a logarithmic scale, the average number of items in
each transaction in Di remains approximately the same
along the pass number i. For example, for T20.I4.D100,
starting from 20 items, the average number of items in a
transaction drops to 6.2, and then increases slightly since
several small transactions are eliminated in later passes. To
explicitly show the effect of trimming each transaction size,

5. The benefit of AprioriTid in later passes is complementary to the focus
of DHP on initial passes. In fact, in Part 3 of DHP, AprioriTid can be used
instead of Apriori if desired.

we conducted another experiment where transactions are
only trimmed but not thrown away along the process. The
average number of items in each transaction resulting from
this experiment is shown by Case B of Fig. 10, which indi-
cates that the trimming method employed by DHP is very
effective.

4.3.2 Scale-Up Experiment for DHP
Fig. 11 shows that the execution time of DHP increases
linearly as the database size increases, meaning that DHP
possesses the same important feature as Apriori. Also,
we examine the performance of DHP as the number of
items, N, increases. Table 4 shows the execution times of
DHP when the number of items increases from 1,000 to
10,000 for three data sets: T5.I2.D100, T10.I4.D100, and
T20.I6.D100. In the experiments for Table 4, the minimum
support is 0.75 percent; the hash table size is the exponent

of 2, which is greater than 1 000
2

,FH IK ; and parameter T of the

Zipf-like distribution is 0.65. Note that the portion of
time on determining L1 for the case of small transactions
(e.g., T5 in Table 4) is relatively larger than that for the case
of large transactions (e.g., T20 in Table 4). In other words,

Fig. 8. Execution time of Apriori and DHP. Fig. 9. Execution time comparison between DHP and Apriori for some
minimal supports.

Fig. 10. The average number of items in a transaction in each pass.
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a large transaction has a larger likelihood of having large
itemsets to process than a small transaction. Also, given a
fixed minimum support, when the number of items N in-
creases, the execution time to obtain L1 increases since the

size of L1 is usually close to N, but the execution time to
obtain larger k-itemsets decreases since the support for an
itemset is averaged out by more items and thus decreases.
Consequently, as shown in Table 4, when N increases, exe-
cution times for small transactions increase a little. For
large transactions like T20 in Table 4, the execution times
decrease a little since the number of large itemsets de-
creases as we increase the number of items.

4.4 Scan-Reduction Method: Reducing the Amount
of Disk I/O Required

Recall that DHP generates a small number of candidate
2-itemsets by using a hashing technique. In fact, this small
C2 can be used to generate the candidate 3-itemsets. Clearly,

a ′C3  generated from C2 * C2, instead of from L2 * L2, will have

a size greater than |C3| where C3 is generated from L2 * L2.

However, if | ′C3| is not much larger than |C3|, and both

C2 and ′C3  can be stored in the main memory, we can find L2

and L3 together when the next scan of the database is per-
formed, thereby saving one round of database scan. It can
be seen that using this concept, one can determine all Lk s by
as few as two scans of the database (i.e., one initial scan to
determine L1 and a final scan to determine all other large
itemsets), assuming that ′Ck  for k � 3 is generated from ′−Ck 1

and all ′Ck s for k > 2 can be kept in the memory, where

C C2
1

2= . This technique is called scan-reduction.
Table 5 shows results of DHP for cases with and without

scan-reduction, where |D1| = 100,000, |I| = 4, and the pa-
rameter T of a Zipf-like distribution is 0.75. It can be seen
that the values of Ck with scan reduction are slightly larger
than those without scan-reduction because the former is
generated from Ck�1 * Ck�1. The last column gives the re-
spective execution time: The one in the row of Lk is CPU
time, and that in the row of Dk is I/O time. To obtain disk
I/O time, the disk speed is assumed to be 3 MB/sec and a
1-MB buffer is employed. In the case without scan-
reduction, DHP scans the database 11 times to find all the
large itemsets, whereas DHP with scan-reduction only in-
volves two database scans. Note that after initial scans, disk
I/O involved by both cases will include both disk read and
disk write (i.e., writing the trimmed version of the database
back to the disk). The CPU and disk I/O times for the case
without scan-reduction are 34.91 sec and 24.42 sec, respec-
tively, whereas those for the case with scan reduction are
34.77 sec and 16.82 sec, respectively. Considering both CPU
and I/O times, we see a prominent advantage of scan-
reduction.

Note that, when the minimum support is relatively small
or the number of potentially large itemsets is large, Ck

and Lk could become large. If ¢ > ¢+C Ck k1  for k � 2, then
it may cost too much CPU time to generate all subse-
quent ¢Cj , j > k + 1 , from candidate sets of large itemsets

since the size of Cj may become huge quickly, thus com-
promising all the benefit from saving disk I/O cost. For
the illustrative example in Fig. 2 if C3 was determined from

C2 * C2, instead of from L2 * L2, then C3 would be { {ABC},
{ABE}, {ACE}, {BCE} }. This fact suggests that a timely data-
base scan to determine large itemsets will in fact pay off.
After a database scan, one can obtain the sets of large item-
sets which are not determined thus far (say, up to Lm) and

then construct the set of candidate (m + 1)-itemsets, Cm+1,

based on Lm from that point. According to our experiments,
we found that if ¢ > ¢+C Ck k1  for some k � 2, it is usually

beneficial to have a database scan to obtain Lk+1 before the
set of candidate itemsets becomes too big. We then derive

¢ +Ck 2  from Lk+1. After that, we again use ¢Cj  to derive ¢+Cj 1

for j � k + 2 . The process continues until the set of candi-
date (j + 1)-itemsets becomes empty. An illustrative exam-
ple for such scenarios is shown in Table 6, where cases with
and without scan-reduction are given for comparison pur-
poses. For the case with scan-reduction in Table 6, after
skipping the database scan in the second pass, a database
scan occurs in the third pass because of the huge size of C3.
It is important to see that after the database scan in the
third pass, the sizes of Ck are not only reduced significantly

(e.g., C3 is 26,270 and C4 is 3,489), but also stay pretty close
to those obtained through scanning database every time,
showing the very advantage of scanning the database
timely.

Fig. 11. Performance of DHP when the database size increases.

TABLE  4
PERFORMANCE OF DHP WHEN

THE NUMBER OF ITEMS INCREASES

N T5.I2 T10.I4 T20.I6

1,000 2.26 6.65 45.25

2,500 2.33 6.25 17.86

5,000 2.53 6.04 18.65

7,500 2.58 6.76 19.17

10,000 2.61 6.96 20.10
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5 CONCLUSIONS

We examined in this paper the issue of mining association
rules among items in a large database of sales transactions.
The problem of discovering large itemsets was solved by
constructing a candidate set of itemsets first and then,
identifying, within this candidate set, those itemsets that
meet the large itemset requirement. We proposed an
effective algorithm DHP for the initial candidate set
generation. DHP is a hash-based algorithm and is espe-
cially effective for the generation of candidate set for large
2-itemsets, where the number of candidate 2-itemsets gen-
erated is, in orders of magnitude, smaller than that by pre-
vious methods, thus resolving the performance bottleneck.
In addition, the generation of smaller candidate sets enables
us to effectively trim the transaction database at a much
earlier stage of the iterations, thereby reducing the compu-
tational cost for later stages significantly. A scan-reduction
technique was also described. Extensive simulation study
has been conducted to evaluate performance of the pro-
posed algorithm.
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