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Abstract—Mining high utility itemsets from database refers to
finding the itemsets with high utility like profits. There are many
relevant algorithms that are proposed in the recent years. In this paper,
we propose an algorithm namely, utility pattern growth (UP-
Growth)for discovering high utility itemsets and a compact tree-based
structure called utility pattern tree (UP-tree) for maintaining important
information related to utility patterns within databases proposed. High-
utility itemsets can be generated from UP-tree efficiently with only two
scans of original database. Several strategies are proposed for
facilitating the mining processes of UP-Growth by maintaining only
essential information in Up-tree. By these strategies, overestimated
utilities of candidates can be well reduced by discarding utilities of the
items that cannot be high utility and are not involved in the search
space. Different types of both real and synthetic data sets are used in a
series of experiments to compare the performance of the proposed
algorithms with the state-of-the-art utility mining algorithms.

Experimental results show that UP-Growth outperform other
algorithms substantially in terms of execution time, especially when
databases contain lots of long transactions or low minimum utility
thresholds are set.

Keywords—Candidate pruning, frequent itemset, high utility
itemset, utility mining, data mining.

l. INTRODUCTION

DATA mining, an interdisciplinary subfield of
computer science is the process of revealing nontrivial,
previously unknown and potentially useful pattern or
information from large databases. The overall goal of the data
mining process is to extract information from a large dataset
and transfer it into an understandable structure. Discovering of
the useful patterns hidden in a database plays an important
role in several data mining tasks, such as frequent pattern
mining, weighted frequent pattern mining, and high utility
pattern mining. Among them, frequent pattern mining is a
fundamental research topic which is used in different
kinds of databases, such as transactional databases [1],
[8], [13] and streaming databases
[11], [18].

In frequent pattern mining, the relative importance of each
item is not considered. The weighted association rule mining
was proposed [4], [17], [19], [22], [26], [27], [28] to solve the
problem of frequent pattern mining.

In this method the items which have high weights can be
found even if they do not appear frequently. This method cannot
satisfy the requirements of the users who want to find the
itemsets which have high profits, since proflts are concerned
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Utility mining is an important topic in data mining field.
Mining high utility itemsets from databases refers to finding the
itemsets with high profits. Here, itemset utility means the
interestingness, importance and profitability of an item to users.
Utility of items in a transaction database consists of two
aspects: 1) the importance of distinct items, which is called
external utility, and 2) the importance of items in transactions,
which is called internal utility. The product of its external utility
and its internal utility is the Utility of an itemset. An itemset is
called a high utility itemset if its utility is no less than a user-
specified minimum utility threshold; otherwise, it is called a
low-utility itemset. The various applications of mining high
utility itemsets from databases are website click stream analysis
[9], [16], [20], online e-commerce management, Cross
marketing in retail stores [3], [6], [12], [21], [23], [24] and so
on.

In existing studies [3], [6], [9], [10], [12], [15], [20], [21],
overestimated methods are applied to facilitate the performance
of utility mining. In this, the potential high utility itemsets
(PHUISs) are found first, and later the database scan is performed
to identify their utilities. But this method generates a large
number of PHUIs and it degrades the mining performance when
there are many long transactions. There are more number of
PHUIs generated here and it leads to the consumption of higher
processing time and thus decreases the mining performance.

To solve this problem, two algorithms and a compact data
structure has been proposed to efficiently discover the high
utility itemsets from transactional databases. Major
contributions of this work is as follows:

1. An algorithm, named utility pattern growth (UP-Growth),
and a compact tree structure, called utility pattern tree (UP-
Tree) are proposed. High-utility itemsets can be generated from
UP-Tree efficiently with only two scans of original databases.
2. In the mining processes of UP-Growth only the important
and essential information is maintained in the UP-Tree. Thus
by doing this, the utilities of the items that cannot be high utility
or that are not involved in the search space are discarded. This
proposed algorithms in addition to decreasing the overestimated
utilities of PHUIs, but they also greatly reduce the number of
candidates.

3. Both real and synthetic data sets are used to compare the
performance of the proposed algorithms. The outcome of the
experiments show that the UP-Growth and UP-Growth+
algorlthms outperform the other algorlthms in terms of
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11.BACKGROUND

Among the issues of frequent pattern mining, the most
famous are association rule mining [1], [7], [8], [13], [25], [29]
and sequential pattern mining [2], [14]. One of the well-known
algorithms for mining association rules is Apriori [1]. It is used
for efficiently mining association rules from large databases.

Later, to achieve a better performance than Apriori based
algorithm, FP-Growth algorithm [8] was proposed. FP-Growth
algorithm finds frequent itemsets without generating any
candidate itemset and scans database just twice.

In the framework of frequent itemset mining, the importance
of items to users is not considered. Thus, the topic called
weighted association rule mining was proposed [4], [17], [19],
[22], [26], [27], [28]. However, since the framework of
weighted association rules does not have downward closure
property, mining performance cannot be improved.

Hence the the concept of weighted downward closure
property [19] was proposed. Since weighted association rule
mining considers only the importance of items, but not the
quantities in transactions. Thus, the issue of high utility itemset
mining is raised.

An algorithm named Two- Phase [12] was proposed to
overcome this problem which is mainly composed of two
mining phases. Two-phase algorithm reduces search space, but
it generates too many candidates and requires multiple database
scans. Thus isolated items discarding strategy (1IDS) [10] was
proposed to reduce the number of candidates. However, this
algorithm still scans database for several times to find high
utility itemsets.

To efficiently generate High Transaction Weighted
Utilityltemsets (IHUPs) and avoid scanning database too many
times, a tree-based algorithm, named IHUP [3] was proposed.
A tree- based structure called IHUP-Tree is used to maintain the
information about itemsets and their utilities. Each node of an
IHUP-Tree consists of an item name, a total weighted utility
value and a support count.

Although IHUP achieves a better performance than I1DS and
Two-Phase, it still produces too many HTWUIs. Such a large
number of HTWUIs will degrade the mining performance in
terms of execution time and memory consumption.

Let us consider an example database,

Given a finite set of items | = { iy, i2,....,im }, €ach item ip (1<
p< m) has a unit profit pr(ip). An itemset X is a set of k
distinct items { iy, iz, ...., ik}, where i;€ I, 1< j<k. kis the length
of X. An itemset with length k is called a k-itemset. A
transaction database D = {Ti, Ty, ....., Tn } contains a set of
transactions, and each transaction T4(1< d < n) has a unique
identifier d, called TID. Each item i, in transaction Tq is
associated with a quantity q(ip, Ta), that is, the purchased
quantity of iy in Tg.

Now, in Tables 1 and 2,
u( {A},Ty) =5x1=5;

ZZF 1 = 30.
If min_util is set to 30, {AD} is a high utility itemset.

TABLE 1
An Example Database

TID Transaction TU
T: (A1)(C,10)(D,1) 17
T2 (A2) (C6) (E2) (G5) 27
T3 (A2) (B,2) (D)6) (E2) (F1) 37
T4 (B,4) (C,13) (D,3) (E,1) 30
T5 (B,2) (C4) (E1)(G2) 13
T6 (A1) (B1)(C1((D1I)H2) 12

TABLE 2
Profit Table

Item A B Cc D E
Profit 5 2 1 2 3 5 1 1

{R}
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(D} 37,1
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Fig. 1. An IHUP-Tree when min_util=40

Fig. 1 shows the global IHUP- Tree for the database in Table
1, in which items are arranged in the descending order of
TWU. For each node in Fig. 1, the first number beside item
name is its TWU and the second one is its support count.
To reduce itemsets’ overestimated utilities several strategies
are proposed. By applying those proposed strategies, the
number of generated candidates can be highly reduced.

I1l. MINING USING UP-GROWTH

The framework of the proposed methods consists of three
steps: 1) Scan the database twice to construct a global UP- Tree
with the first two strategies; 2) recursively generate PHUIs from
global UP-Tree and local UP-Trees by UP-Growth with the
third and fourth strategies; and 3) identify actual high utility
itemsets from the set of PHUIs. We use a new term “potential
high utility itemsets” to distinguish the patterns found by our
methods from HTWUIs. By our effective strategies, the set of
PHUIs will become much smaller than the set of HTWUISs.

A.The Proposed Data Structure: UP-Tree

To improve the mining performance and avoid scanning
original database repeatedly, we use a compact tree structure,
named UP-Tree, to maintain the information of transactions and
high utility itemsets. Two strategies are applied to minimize the
overestimated utilities stored in the nodes of global UP-Tree,
DGU (Discarding Global Unpromising Itemsets) and DGN
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N.nu, N.parent, N.hlink and a set of child nodes. N.name is the
node’s item name. N.count is the node’s support count. N.nu is
the node’s node utility, i.e., overestimated utility of the node.
N.parent records the parent node of N. N.hlink is a node link
which points to a node whose item name is the same as N.name.
A table named header table is employed to facilitate the
traversal of UP-Tree. In header table, each entry records an item
name, an overestimated utility, and a link.

Strategy 1. DGU: Discarding Global Unpromising items and
their actual utilities from transactions and transaction utilities
of the database.

The construction of a global UP-Tree can be performed with
two scans of the original database. In the first scan, transaction
utility(TU) of each transaction is computed. At the same time,
transaction weighted utility(TWU) of each single item is also
accumulated. By  transaction  weighted  downward
closure(TWDC) property, an item and its supersets are
unpromising to be high utility itemsets if its TWU is less than
the minimum utility threshold. Such an item is called an
unpromising item.

During the second scan of database, transactions are inserted
into a UP-Tree. When a transaction is retrieved, the
unpromising items should be removed from the transaction and
their utilities should also be eliminated from the transaction’s
TU.

Strategy 2. DGN: Decreasing Global Node utilities for the
nodes of global UP-Tree by actual utilities of descendant nodes
during the construction of global UP-Tree.

Our second proposed strategy for decreasing overestimated
utilities is to remove the utilities of descendant nodes from their
node utilities in global UP-Tree. The process is performed
during the construction of the global UP-Tree.

By applying strategy DGN, the utilities of the nodes that are
closer to the root of a global UP-Tree are further reduced. DGN
is especially suitable for the databases containing lots of long
transactions. In other words, the more items a transaction
contains, the more utilities can be discarded by DGN.
Construction of a Global UP-Tree by Applying DGU and DGN

The construction of a global UP-Tree is performed with two
database scans. In the first scan, each transaction’s TU is
computed; at the same time, each 1- item’s TWU is also
accumulated. Thus, we can get promising items and
unpromising items. After getting all promising items, DGU is
applied. The transactions are reorganized by pruning the
unpromising items and sorting the remaining promising items
in a fixed order. Each transaction after the above reorganiza-
tion is called a reorganized transaction.

Then a function Insert_Reorganized_Transaction is called to
apply DGN during constructing a global UP-Tree.

Consider the transaction database in Table 1 and the profit
table in Table 2. Suppose min_util is 50. In the first scan of
database, TUs of all transactions and TWUs of distinct items
are computed. Five promising items, i.e., {A}: 93, {B}: 92,
{C}: 99, {D}: 96 and {E}: 107, are sorted in the header table

TID Reorganized transaction RTU
T (C,10)(D,1)(A1) 17
T (E,2)(C,6)(A2) 22
Ty (E,2)(D,6)(A,2)(B,2) 32
T (E,1)(C,13)(D,3)(B,4) 30
Ts (E,1)(C,4)(B.,2) 11
Te (C,1)(D,1)(A1)(B,1) 10

and {B}. Then the transactions are reorganized by sorting
promising items and subtracting utilities of unpromising items
from their TUs. The reorganized transactions and their RTUs
are shown in Table 3. Comparing Tables 3 and 1, the RTUs of
T2,T3,and T5in Table 3 are less than the TUs in Table 1 since
the utilities of {F}, {G}, and {H} have been removed by DGU.

iR}

Item | TWU | Link
E 107
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Fig. 2.A UP-Tree by applying strategies DGU and DGN

After inserting all reorganized transactions by the same way,
the global UP-Tree shown in Fig. 2 is constructed. Comparing
with the IHUP-Tree in Fig. 1, node utilities of the nodes in UP-
Tree are less than those in IHUP-Tree since the node utilities
are effectively decreased by the two strategies DGU and DGN.

B. The Proposed Mining Method: UP-Growth

After constructing a global UP-Tree using DGU and DGN, a
basic method for generating PHUISs is to mine UP-Tree by FP-
Growth [8]. However too many candidates will be generated.
Thus, we propose an algorithm UP-Growth. By the strategies
applied in UP-Growth Algorithm, the overestimated utilities of
itemsets can be decreased and thus the number of PHUIs can be
reduced. We propose the two strategies and then describe the
process of UP-Growth.

Strategy 3. DLU: Discarding Local Unpromising Items during
Constructing a Local UP-Tree.

The common method for generating patterns in tree-based
algorithms [3], [8] contains three steps: 1) Generate conditional
pattern bases by tracing the paths in the original tree; 2)
construct conditional trees (also called local trees in this paper)
by the information in conditional pattern bases; and 3) mine
patterns from the conditional trees. In this, the actual utilities of
unpromising items that need to be discarded in conditional
pattern bases is not known unless an additional database scan is
performed.

To overcome this problem, a naive solution is to maintain
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MEmOTy Space. S0, e tWo strategies, named DLU (Discaramg
Local Unpromising Items) and DLN (Decreasing Local Node
Utilities) are proposed which are applied in the first two mining
steps.

DLN is used for decreasing local node utilities for the nodes
of local UP-Tree by estimated utilities of descendant nodes. The
same as DLU, DLN can be recognized as local version of DGN.
By the two strategies, overestimated utilities for itemsets can be
locally reduced in a certain degree without losing any actual
high utility itemset.

TABLE 4
Minimum Item Utility Table

Item A B Cc D E

Minimum item utility 5 2 1 2

Strategy 4. DLN: Decreasing Local Node Utilities during
Constructing a Local UP-Tree

Since {im}-Tree must not contain the information about the
items below iy in the original UP-Tree, we can discard the
utilities of descendant nodes related to im in the original UP-
Tree while building {im}-Tree. (Here, original UP-Tree means
the UP-Tree which is used to generate {im}-Tree.) Because we
cannot know actual utilities of the descendant nodes, we use
minimum item utilities to estimate the discarded utilities.

UP-Growth: Mining a UP-Tree by Applying DLU and DLN

The process of mining PHUIs by UP-Growth is described as
follows: First, the node links in UP-Tree corresponding to the
item im, which is the bottom entry in header table, are traced.
Found nodes are traced to root of the UP-Tree to get paths
related to im. All retrieved paths, their path utilities and support
counts are collected into im’s conditional pattern base.

A conditional UP-Tree can be constructed by two scans of a
conditional pattern base. For the first scan, local promising and
unpromising items are learned by summing the path utility for
each item in the conditional pattern base. Then, DLU is applied
to reduce overestimated utilities during the second scan of the
conditional pattern base. When a path is retrieved, unpromising
items and their estimated utilities are eliminated from the path
and its path utility. Then the path is reorganized by the
descending order of path utility of the items in the conditional
pattern base.

{R} {R}
Ttem | PU | Link | {D}: 4,1 {E}:ﬁz.l Item | PU | Link | {D}: 10, !_ {7E}:73.3
E |73 L N E | 13 g O ey
£y i -
D | {g}:s,l D1:56,2 [ D | 72 4CH: 10,1 {D}: 62,2
c | s T ye | T o aop a1 |

“ICY: 30,1
(b) Strategy DGU and DGN

4(C: 30,1
(a) Four strategies

Fig. 3. {B}-Trees with different strategies

Fig. 3a with that in Fig. 3b, it can be observed that node
utilities of the nodes are further reduced by the strateqies DL L

C.Efficiently Identify High Utility Itemsets

After finding all PHUISs, the third step is to identify high
utility itemsets and their utilities from the set of PHUIs by
scanning original database once. In our framework,
overestimated utilities of PHUIs are smaller than or equal to
TWUs of HTWUISs since they are reduced by the proposed
strategies. Thus, the number of PHUIs is much smaller than that
of HTWUIs. Therefore, the proposed method is much efficient
than the previous methods and also high utility itemsets can be
identified by scanning reorganized transactions. Since there is
no un-promising item in the reorganized transactions, 1/O cost
and execution time can be further reduced. This technique
works well especially when the original database contains lots
of unpromising items.

IV. CONCLUSION

In this paper, an efficient algorithm named UP-Growth are
proposed for mining high utility itemsets from transaction
databases. A data structure named UP-Tree was proposed for
maintaining the information of high utility itemsets. PHUIs can
be efficiently generated from UP-Tree with only two database
scans. Moreover, several strategies were developed to decrease
overestimated utility and enhance the performance of utility
mining. In the experiments, both real and synthetic data sets
were used to perform a thorough performance evaluation.
Results show that the strategies considerably improved
performance by reducing both the search space and the number
of candidates. Moreover, the proposed algorithm, outperforms
the state-of-the-art algorithms substantially especially when
databases contain lots of long transactions or a low minimum
utility threshold is used.
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