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a b s t r a c t

In recent years, mining high-utility itemsets (HUIs) has emerged as a key topic in data mining. It consists
of discovering sets of items generating a high profit in a transactional database by considering both pur-
chase quantities and unit profits of items. Many algorithms have been proposed for this task. However,
most of them assume the unrealistic assumption that unit profits of items remain unchanged over time.
But in real-life, the profit of an item or itemset varies as a function of cost prices, sales prices and sale
strategies. Recently, a three-phase algorithm has been proposed to mine HUIs, while considering that
each item may have different discount strategies. However, the complete set of HUIs cannot be retrieved
based on the traditional TWU model with its defined discount strategies. Moreover, it suffers from the
well-known drawbacks of Apriori-based algorithms such as maintaining a huge amount of candidates
in memory and repeatedly performing time-consuming database scans. In this paper, a HUI-DTP algo-
rithm for mining HUIs when considering discount strategies of items is introduced. The HUI-DTP is
designed as a two-phase algorithm to mine the complete set of HUIs based on a novel downward closure
property and a vertical TID-list structure. Furthermore, the HUI-DMiner is an algorithm relying on a com-
pact data structure (Positive-and-Negative Utility-list, PNU-list) and properties of two new pruning
strategies to efficiently discover HUIs without candidate generation, while considerably reducing the size
of the search space. Moreover, a strategy named Estimated Utility Co-occurrence Strategy which stores
the relationships between 2-itemsets is also applied in the improved HUI-DEMiner algorithm to speed
up computation. An extensive experimental study carried on several real-life datasets shows that the pro-
posed algorithms outperform the previous best algorithm in terms of runtime, memory consumption and
scalability.

� 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Frequent itemset mining (FIM) or association rule mining
(ARM) [2,3,8,14] is a fundamental data mining task, which consists
of discovering relationships between items in a transactional data-
base. Many algorithms have also been proposed to efficiently mine
frequent itemsets and association rules, usually adopting a level-
wise approach [3] or pattern-growth approach [14]. An unrealistic
assumption of FIM or ARM is that it only considers binary quanti-
ties of items in transactions (a customer may buy one or zero unit

of an item). But in real-life, a customer may buy several units of the
same item. Furthermore, FIM or ARM does not consider other
important factors such as the unit profit of items (all items are con-
sidered as having the same unit profit). As a result, many patterns
found may be frequent but may generate a very low profit, and
thus may be uninteresting for the user. For example, diamond sales
may be much less frequent than clothing sales in a department
store, but the former has a much larger profit margin than the lat-
ter, and may thus be more relevant. Finding associations between
items solely based on their occurrence frequency as in traditional
FIM or ARM is not suitable to identify these highly profitable item-
sets. Factors such as price, quantity and cost should also be consid-
ered to analyze and predict customer purchase behavior.

To address some of these limitations, high-utility itemset min-
ing (HUIM) [7,27] was proposed. Under HUIM framework, the
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‘‘utility” of an itemset can be measured in terms of quantity and
profit according to users’ preferences. For example, a user may
be interested in finding itemsets yielding a high profit, while
another user may focus on discovering itemsets causing low pollu-
tion during the manufacturing process. When the utility of an
itemset is no less than a minimum utility threshold, it is consid-
ered as a high-utility itemset (HUI); otherwise, it is a low-utility
itemset. The discovered information of HUIs can be generally used
in various applications, such as decision support systems [5,7,27],
as well as a framework of data mining based analysis [9], to aid
managers or retailers for take efficient decisions or choose the
most profitable business strategies for their companies.

In real-life retail stores, the profit earned from the sale of items
depends on the cost prices, tag prices and discount strategies. Dif-
ferent stores may use different discount strategies to sell the same
products. Furthermore, the use of discount strategies may vary
based on time periods. Traditional way of measuring the utility
of itemsets in the presence of different discount strategies used
for each item is to consider not only the positive profit generated
by the sale of items but also the negative profit. For example, a
popular discount strategy is to sell some items at high discount
or even to give them away, such as mouse and keyboard are always
sold at a high discount or even free with laptop. This may yield
negative profit for the vendor. In such scenario, however, these
products are often cross-promoted with others having a positive
profit margin, thus leading to an overall positive profit. A cross pro-
motion is a common phenomenon in marketing management that
targets buyers of a product with an offer to purchase the related
products, and the appropriate discount strategies may affect users’
shopping behavior.

Discovering HUIs with the constraint that each item may be
associated with its own discount strategy is highly desirable since
discounting is done in most real-life stores. However, most algo-
rithms for HUIM are not designed to handle items with profit val-
ues that can vary under different discount strategies, which thus
limits their usefulness in real-life. Mining HUIs while considering
the discount strategy associated to each item is more computation-
ally expensive than traditional HUIM. Furthermore, another chal-
lenge is that the pruning strategies or properties of traditional
HUIM cannot be directly adopted to solve this problem. Chu
et al. developed the HUINIV-Mine algorithm to discover HUIs while
considering items with negative profits (HUINIV) [10]. It is a two-
phase algorithm, that is, it overestimates the utility of itemsets to
prune the search space, and then scans the database again to calcu-
late the exact utility of itemsets. It suffers from well-known draw-
backs, which lead to high execution time and memory
consumption. Fournier-Viger adopted the utility-list structure
and EUCP strategy in the FHN algorithm for mining HUIs with neg-
ative profit more efficiently [17]. Li et al. proposed a three-phase
algorithm to discover HUIs under four discount strategies [19].
Because this three-phase algorithm also overestimates the utilities
of itemsets as in the Two-Phase model [24], it also suffers from the
same drawbacks. Moreover, this algorithm is not designed to han-
dle negative unit profit. If negative unit profit is introduced, the
algorithm fails to mine the complete set of HUIs. It is thus a chal-
lenge to design an efficient algorithm to mine the whole set of HUIs
when both positive and negative items are used, and each item has
its own discount strategy.

In this paper, we address this issue by proposing algorithms
to mine HUIs when each item has its own discount strategy.
The proposed algorithms are quite different from the previous
HUINIV-Mine algorithm. The reasons are shown as follows: (1)
the approach for calculating profit of all items in the transaction
database is not the same as previous works; (2) both positive
(includes zero) and negative items profits are taken into account;
(3) the used data structure and proposed approaches are differ-

ent from HUINIV-Mine; (4) since discount strategy affects users’
shopping behavior by evaluating the maximal total profit which
bring from derived HUIs and those common HUIs, the managers
or retailers can find the optimal discount strategies and deci-
sions to get the total revenue maximization. Hence, HUIM with
discount strategies is a more general problem than previous
ones. The proposed algorithms can be used as efficient tools
for various applications, including decision support systems
(DSS) [5,7,27], for managers or retailers to discover more useful
and meaningful information in many real-life applications. More-
over, based on the various definitions of ‘‘utility” (profit, benefit,
weight, risk, etc.), the proposed technologies can be applied to
other various domains, such as multi-dimensional data analysis,
benefits evaluation, and possibilities and risk assessment in engi-
neering informatics [6]. The contributions of this paper are as
follows.

1. Several algorithms of high-utility itemset mining with various
discount strategies, are designed to reveal more useful and
meaningful HUIs when considering items having various dis-
count strategies. The proposed algorithms are more adapted
to real-life situations than traditional HUIM.

2. To the best of our knowledge, this is the first paper successfully
solves the addressed mining problem. Two algorithms are
developed to mine HUIs when considering items having various
discount strategies without losing any HUIs.

3. The HUI-DTP algorithm is proposed as a baseline algorithm. It
relies on a level-wise search to mine HUIs and integrates a
new downward closure property to prune unpromising candi-
dates without losing any HUIs.

4. The HUI-DMiner algorithm is proposed as an efficient algo-
rithm. It relies on a vertical structure, called Positive-and-
Negative Utility-list (PNU-list), to mine HUIs without generat-
ing and maintaining candidates in memory. Two efficient prun-
ing strategies are further proposed to reduce the search space,
and thus speed up the discovery of HUIs. Furthermore, a struc-
ture called the Estimated Utility Co-occurrence Structure
(EUCS) is also used to prune the search space.

5. Based on the designed algorithms, the complete set of HUIs
can be efficiently discovered. An extensive experimental
study carried on several real-life datasets shows that the pro-
posed algorithms largely outperform the previous best algo-
rithm in terms of runtime, memory consumption and
scalability.

The remaining of this paper is organized as follows. Related
work in high-utility itemset mining and comparative analysis are
reviewed in Section 2. The proposed work of high-utility itemset
mining with various discount strategies is described in Section 3.
The proposed HUI-DTP and HUI-DMiner algorithms are respec-
tively presented in Sections 4 and 5. Experiments are conducted
in Section 6. Finally, Section 7 draws conclusions and provides a
discussion.

2. Related work

This section briefly reviews related studies on high-utility item-
set mining and presents the difference and relationship between
this paper and previous works.

2.1. High-utility itemset mining

Traditional ARM has several important limitations. First, it can
only discover relationships between items in a binary database,
i.e. where items may appear not more than once in each
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