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Abstract: Existing algorithms for utility mining are column enumeration based, adopt an
Apriori-like candidate set generation-and-test approach, and thus are inadequate on
datasets with high dimensions or long patterns. To solve the problem, this paper proposes a
hybrid model and a row enumeration based algorithm, i.e., inter-transaction, to discover
high utility itemsets from two directions: existing algorithms such as UMining [1] can be used
to seek short high utility itemsets from the bottom, while inter-transaction seeks long high
utility itemsets from the top. Experiments on synthetic data show that our method achieves
high performance, especially in large high dimensional datasets.
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INTRODUCTION
The main task of traditional association rule mining (ARM) is to identify frequent item sets. It
treats all the items equally by assuming that the utility of each item is always 1 (item is present)
or 0 (item is absent). For example, in a transact milk which occupy 10% of the total transaction
number, contributing 1% of the total profit If the support threshold is 8%, according to
traditional algorithms for frequent item set mining, milk will be reported as a frequent item set
and birthday cake will be ignored. But in fact, the market professional must be more interested
in birthday cake because it contributes a larger portion to total profit than milk. According to
Expectancy Theory [2], we have the well-known equation “motivation = probability * utility”,
which says that motivation is determined by the utility of making a decision and the probability
of success. Table 1 is an example of a simplified transaction database where the total utility
value is 162. The number in each transaction in table 1 is the sales profit of each item.
Table1: A transaction database
A

B

C

D

E

T1

0

0

5

0

1

T2

2

3

0

0

0

T3

3

5

15

7

4

T4

0

0

4

7

2

T5

4

5

8

0

0

T6

9

4

0

0

2

T7

6

0

8

3

6

T8

0

0

0

6

3

T9

3

5

0

8

3

T10

3

5

6

1

8

If the support threshold is 3 and the utility threshold is 50, {A,B} is a frequent but not a High
utility itemset. On the other hand, {A,B,C} is both a frequent and high utility itemset, {A,B,C,D} is
neither a frequent nor a high utility itemset and {A,B,C,D,E} is a high utility but non-frequent
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itemset. We can draw a conclusion: downward closure property doesn’t apply to utility mining.
monotone, succinct, nor convertible [3][4]. Because of this property, most algorithms for
frequent pattern mining [5][6][7][8][9][10] can’t be used to find high utility itemsets.
Although lots of researches have been Conducted to improve the usefulness of traditional ARM
[12][13][14][15], they are all utility-related, not utility-based. To the best of our knowledge,
only UMining [1] and Two-phase can be used for utility mining, but both of them are Apriori-like
algorithms and are inadequate on datasets with long patterns or high dimensions. To solve the
problem, we propose a hybrid top-down/bottom-up search model and a partitioning-based
algorithm, inter-transaction, to discover all high utility itemsets from two directions. Under the
hybrid model, existing algorithm such as UMining [1] can be used to search the short high utility
itemsets by starting from the bottom, while the inter-transaction searches long high utility
itemsets by starting from the top, they complement each other.
Inter-transaction is based on the characteristic that there are few common items between or
among long transactions, which means that the intersection of multiple long transactions is
usually very short. In a high dimensional data environment, the characteristic is especially
obvious. This paper emphasizes the introduction of inter-transaction.
2 Inter-Transaction Algorithm
Any high utility itemset must be in a closed itemset (pattern). This means if we can firstly
identify all closed itemsets, then mine each closed itemset separately to find all high utility
subsets that the closed itemset contains, all high utility itemsets can be identified. Like
CARPENTER and TD-CLose [9], inter-transaction is based on row enumeration. Since each closed
itemset can be expressed as an intersection transaction [8], mining all intersection transaction
has the same power as mining all closed itemsets. In order to avoid the costly process of
pattern matching and the complicated data structure such as X-conditional transposed table
(which are used in CARPENTER), inter-transaction enumerates every intersection transaction
and then computes the current utility values of all subsets that the intersection transaction
contains.
2.1. Partition Method
If N is the number of transactions (rows), there will be 2N combinations of transactions at the
worst situation. As the number of transactions grows, the explosive growth of the combination
of rows causes the performance of row-enumeration methods decrease dramatically. In a real
database, the number of transactions can easily reach to several millions, and enumerating all
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the 2N intersection transactions is not feasible. To solve the problem, the inter-transaction
adopts a partition method to divide a database into multiple partitions, with each partition
containing a fitting amount of transactions. In the first scan of a database, inter-transaction
finds all local long high utility itemsets from every partition, and then these local long high
utility itemsets are merged to generate a set of potential long high utility itemsets. In the
second scan of the database, the actual utility and support for these itemsets are computed
and global high utility itemsets are identified.
2.2. Task Decomposing
If the partition number is n, the size of partitions will be N/n, and the total number of potential
intersection transactions becomes n2 N/n. When N is too large, enumerating n2 N/n intersection
transactions is still not feasible. The partition method is insufficient in reducing the search
space. On the contrary, short itemsets are relatively dense; Based on the different features, it’s
reasonable for us to decompose the mining task into two sub problems (discovering long high
utility itemsets and short high utility itemsets), so that we can choose proper algorithms to
solve the sub problems separately.
2.3 Algorithms
Based on the above discussion, inter-transaction can be described as follows:
Input: A database D, minutil, minlen
Output: All long high utility itemsets.
1) P=partition-database(D)

//divide D into

multiple partitions
2) n=number of partitions
3) for i=1 to n do begin
4) read-in-partition (Pi∈P)
5) Hi=gen-LHU-itemsets(Pi)
6) end
7) for (i=minlen; Hj i ≠ϕ, j=1,2,...n ; i++) do begin
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8) CiG ≈ U j 1,2,...n HiJ
9) end
10) for i=1 to n do begin
11) read_in_partition (Pi∈P)
12) for all candidates c∈CG compute utility
c.utility in terms of equation (3), along with
support c.count
13) end
14) HG={ c∈CG |c.utility≧minutil}
15) Answer= HG
Notations used in inter-transaction are shown in table 2. The algorithm is very similar to the
partition algorithm, but there are two important differences between them. One is that in the
partition algorithm, the size of partitions is chosen in terms of the main memory size, such that
at least those itemsets and other information that is used for generating candidates can fit in
the main memory, whereas inter-transaction seeks balance between keeping a higher local
utility threshold and reducing the amount of transactions in a partition. The other difference is
that the inter-transaction discovers only local long high utility itemsets via enumerating
intersection transactions.
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2.4 Data Layout Alternatives For Inter-Transaction
Conceptually, a database is a two-dimensional matrix and can usually be implemented in four
different ways (HIV, HIL, VTV, and VTL) [22][23]. If we express each transaction in horizontal
item-vector format (HIV), an intersection transaction can be obtained from the intersection of
bit-vectors. For example, if the number of items is 8k, we have to use 1k bytes (8k bits) to
express each transaction. In order to perform the intersection of two transactions, 8k bit
operations are needed and this is intolerable. Besides the HIV format, we also store each
transaction in HIL format. Although this method will waste lots of memory, the cost is
affordable because the partition method can save lots of memory. HIV format is used to
perform the intersection of bit-vectors, while HIL format is used to store redundant
information, which can guide us to choose only necessary bits in a bit-vector to perform bitwise
logical (And) operation. Let S1 be the length of transaction T1 in HIL format, S2 be the length of
transaction T2, if S1>S2, we choose T2 (the shorter transaction in HIL format) as the benchmark
to determine on what bits the bitwise logical operation should be performed: if the k-th bit in
T2 is 1, bitwise And operation should be performed on the bit, all other bits should be set 0 in
the result of intersection operation. For example, there are 3 transactions, the corresponding
data can be seen in table 3:
Table 3: The process of computing T(1,2,3)

If we want to get T(1,2,3), we can first get T(1,2) by intersecting transactions T1 with T2, then
we get T(1,2,3) by intersecting T(1,2) with T3. In order to get T(1,2), we choose the shorter
transaction T2 as the benchmark and decide bitwise And operations should be performed only
on the first bit, the eighteenth bit and the nineteenth bit (written in bold Italic in table 3). As an
intermediate result, we get T(1,2)={1,19}( in HIL format). In the subsequent process of
intersecting T(1,2) with T3, we choose T(1,2) as the benchmark and decide that bitwise And
operations should be performed only on the first bit and the last bit. We get the final result
T(1,2,3)={1,19}. As shown in table 3, only five bit operations are needed for the whole process.
In this way, the amount of bit operations linearly depends only on the length of the short
transaction in HIL format. The experiment shows this method outperforms VIPER and DIFFSET. \
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Experimental Results
All the experiments were performed on a 2GHz Legend server with 4GB of memory, running
windows 2003. The program was coded in Delphi 7. Seven datasets were used in our
experiments; all were generated by IBM quest data generator [24]. Six of them are
40.I30.D8000K with 0.5k, 1k, 2k, 4k, 8k and 16K items respectively, the seventh is
T20.I6.D8000K with 4k items, where T# stands for the average length of transactions, I# for the
average length of maximal potentially large itemsets and D# for the number of transactions.
Because the generator only generates the quantity of 0 or 1 for each item in a transaction, we
use Delphi function “RandG” to generate random numbers with Gaussian distribution, which
mimic the quantity sold of an item in each transaction. The unit profit of each item is defined as
item ID%100, where % is a modulus operator.
Figure 1 presents the scalability of inter-transaction by increasing the number of transactions
from 0.25M to 8M. Experimental results show that our algorithm scales linearly with the
number of transactions. We also modified our program to find long frequent itemsets, and a
similar trend is obtained just as shown in figure 1
Figure 2 shows the performance when varying the number of items. Different from other
algorithms, the performance of inter-transaction improves as the number of items increases.
The reason is that the number of items has a direct relationship with the sparseness of a
dataset. The more items there are, the sparser the dataset, and the shorter the intersection of
two transactions. That means inter-transaction can enumerate all long intersection transactions
easily in a sparse dataset. From figure 2 we can observe that Inter-transaction is suitable for
those datasets with more than 1k items.
In figure 3, minlen is the minimum length of itemsets that the inter-transaction can discover
within a reasonable time. It actually decides the task assigned to inter-transaction. Figure 3
shows that minlen decreases as the number of items increases, which means inter-transaction
can complete more mining tasks in a sparse database. To test the total performance of the
hybrid model, we choose Two-phase to mine short high utility itemsets and then compare the
performance of the hybrid method (here hybrid method means inter-transaction + Two-phase)
and Two-phase.Experiments were performed on T20I6D8000K and T40I30D8000K, minlen is set
3 for T20I6D8000K and 5 for T40I30D8000K, the number of items is 4k. Corresponding
performance curves are illustrated in figures 4 and 5.
From the two figures we can observe the hybrid model is not suited for dataset with only short
patterns, this is because inter-transaction can’t take obvious effect on these datasets. Two-
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phase has to extend short itemsets step by step to obtain long itemsets, while inter-transaction
obtains long itemsets directly by intersecting relevant transactions.

Fig.1. Scalability with the number of transactions

Fig.2. Scalability with the number of items

Fig.3. The effect of the number of items on minlen

Available Online at www.ijpret.com

202

Research Article
Impact Factor: 4.226
Nita B. Parmar, IJPRET, 2016; Volume 4 (9): 195-204

ISSN: 2319-507X
IJPRET

Fig.4. The execution time for T40I30D8000

Fig. 5. The execution time for T20I6D8000
CONCLUSIONS
The paper proposes a hybrid model to discover high utility itemsets from two directions. The
intention of the hybrid model is to decompose a complex problem into two easy sub- problems,
then use proper methods to solve them separately. Inter-transaction integrates the advantages
of the partition algorithm and row enumeration algorithms. In the meantime, its performance
is affected by the characteristics of the database, including data skew and the number of items.
Parameters such as minimum length threshold minlen and the size of partitions also affect its
performance.
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