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Abstract— Data Mining is an interdisciplinary subset of Computer Science. It is applied whenever information from a dataset is to be
extracted and transformed into some understandable format for easy usage. This paper introduces an efficient technique to mine high
utility itemsets from a transactional database by using the proposed algorithm AUP (Advanced UP- Growth algorithm). UP-growth
algorithm is an efficient technique to mine high utility itemsets,yet the numbers of Potential High Utility Itemsets generated are high. In
this paper, the traditional UP-Growth method and UP-Growth+ is extended to form the AUP-Growth and AUP-Growth+ method to
reduce the number of PHUI’S.
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.  INTRODUCTION

Generally, Data mining is the process of analyzing of data from different angles and thereby extracting useful
information. Data mining software act as an analytic tool which allows the users to analyze, categorize and summarize data based
upon the relationships identified. There are many data mining tasks such as frequent data mining, weighted frequent data mining
and high utility pattern mining which require the discovery of useful patterns that are hidden in the database. The application of
frequent data mining can be seen in different types of databases including streaming databases, transactional databases and time
series databases and also in many application domains.

Weighted Association Rule mining emerged as a research area which overcame the limitation of frequent pattern mining
which does not considers the relative importance of items. In WAR each items in a transaction is associated with a weight which
reflects its importance within the transaction. In certain cases infrequent items with may also be important and Weighted
Association Rule helps in finding out such items with high weights. Even though this approach identifies the relative weights of
each item it does not take into account their quantities in each transaction.

Utility Mining gives the simple idea to mine items with high utility or high profit. Every item in a transaction contains two
utilities, internal and external. External utility is the utility or importance of each item and internal utility is the utility of an item
in a particular transaction. Utility of an itemset as a whole is the product of both i.e., its internal utility and external utility. Based
upon this utility items can be put into two classes, high utility itemset and low utility itemset. A High utility item always has
utility greater than a user specified limit and low utility item has utility less the user specified limit. Utility mining can be applied
in many areas like website click stream analysis, online e-commerce management and many more.

Il. PROBLEM STATEMENT

Let I = {il,i2,i3,....,in}, im (1<m<n) be a finite set of items each having a unit profit p(im). Let A be an itemset with j
distinct elements (il,i2,....,ij) where ik I, 1<k<j.let T={T1,T2,..,Tn} represent a transactional database in which each
transaction ty has an identifier Tid . A quantity q(im,Ty) is assigned to each item in each transcation which represents the quantity
of item impurcashed in transaction Ty.

e util(im,Ty) denotes the utility of item im in transaction Ty and is defined as

util(im, Ty) = p(im) x q(im,Ty) 1)
e Util(A,Ty) denotes the utility of itemset in transaction Ty and is defined as
Util(A,Ty) = L caracrutilliz. T,) )

o util(A) denotes the utility of itemset A in database T and is defined as
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util(A) = Zacr - j_:_;jutil':::‘a: T,) 3)

e An itemset A is called a High Utility Itemset if its utility is always greater than a user specified threshold utility level
denoted as thres_util().
o trans_util(Ty) denotes the transaction utility of Ty and is defined as util(Ty,Ty).
e trans_wght_util(A) denotes the transaction weighted utility of itemset A and is defined as
trans_wght_util(A) = £so7 -7 ortrans_utl(T,) 4)

e HTWUIS denotes a High Transaction Weighted Utility Ifeméet and is defined as an Itemset with trans_wght_util(A)
greater than thres_util().

Given a transactional database T containing the purchase details of customers and user specified threshold utility level
thres_util(),mining High Utiityltemsets using AUP refers to the efficient discovery of itemsets with high utility,i.e. high profit
items.

I1l. RELATED WORKS

Extraction of frequent patterns [1], [5], [7], [13], [21], [22], [36], [40] in research field gained a lot of attention for many
years.Association Rule mining [1], [7], [13], [21], [36], [40] and sequential pattern mining [5], [22] are based on frequent pattern
mining.Apriorialgorithm[1], and FP-Growth [13] are both based on association rule mining.

Weighted association rule mining was then introduced to overcome the limtitations of association rule mining [3], [26],
[28], [31], [37], [38], [39]. Weighted pattern mining [6], [26], [37]introduced new methods of pattern mining. Utility mining [2],
[4], [11], [16], [17], [19], [24], [25], [29], [30], [32], [33] was proposed after ARM since it does not consider the quantity of each
items in a transaction.

Two Phase algorithm [19] that was proposed by liuet al. performed mining of itemsets in two phases. Phasel generates
the HTWUIusing Apriori and in phase2 high utility itemsets are identified from the output of previous phase. Two Phase
algorithm has the problem of generating too many HTWUTI’s.

Lie et al[17] proposed another method,the 1IDS i.e. isolated items discarding strategy which efficiently reduced the
number of generated candidate itemsets.The number of HTWUI’s generated during the phase 1 is reduced by pruning out the
isolated items while performing the level-wise search.

Ahmed et al [2] introduced a tree based algorithm called IHUP.IHUP efficiently generated THWUI’s during the first phase
by using a tree based structure called IHUP-tree which maintained the details of itemsets and their corresponding utilities. The use
of IHUP —tree also reduced the number of database scans.

IV. PROPOSED METHOD

The proposed methods consist of three steps. First scan the database twice to construct a global UP Tree with two
strategies Discarding Global Unpromising Items (DGU) and Decreasing Global Node Utilities (DGN) during constructing a
Global AUP-Tree. Second recursively generate PHUIs from global AUP-Tree and local AUP-Trees by AUP-Growth with two
strategies Discarding Local Unpromising items (DLU) and Decreasing Local Node utilities (DLN) or by AUP-Growth+ with two
strategies Discarding Local unpromising items(DNU) and Decreasing node utilities (DNN) and then identify actual high utility
itemsets from the set of PHUIs .

A. Construction of AUP-Tree

To enhance the mining performance and avoid scanning original database repeatedly, we use a compact tree structure,
named AUP-Tree, to maintain the information of transactions and high utility itemsets along with two strategies to minimise the
overestimated utilities stored in the nodes of global AUP-Tree.

In an AUP-Tree, each node M contains M.name, M.count , M.nu, M.parent and a set of child nodes. M.name denotes the
node’s item name. M.count denotes the node’s support count. M.nu denotes the node’s node utility, which is the overestimated
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utility of the node. M.parent represents the parent node of M. A table named header table is employed to facilitate the traversal of
AUP-Tree. In header table, each entry contains an item name and an overestimated utility.

The construction of a global AUP-Tree can be performed with two scans of the original database. In the first scan,
Trans_Util (Transaction Utility) of each transaction is computed. At the same time, Trans_Wght_Util (Transaction Weighted
Utility) of each single item is also calculated. An item and its supersets are high utility itemsets if its Trans_Wght_Usil is less than
the minimum utility threshold and such an item is referred to as an unpromising item. AUP-tree is constructed with two strategies
DGU and DGN. First strategy is discarding global unpromising items and their actual utilities from transactions and transaction
utilities of the database. New Trans_Util after pruning unpromising items is called reorganized transaction utility (RTU). RTU
(Tr) denotes the RTU of a reorganized transaction Tr. Strategy DGU make use of RTU to overestimate the utilities of itemsets
instead of Trans_Wght_Util. The second strategy is DGN, decreasing global node utilities for the nodes of global AUP-Tree by
actual utilities of descendant nodes during the construction of global AUP-Tree.

B. The Proposed Mining Method: AUP-Growth

AUP growth algorithm is applied after the construction of global AUP-Tree for mining high utility itemsets. The
common method for generating patterns in tree-based algorithms contain three steps: 1) Generate conditional pattern bases by
tracing the paths in the original tree; 2) construct conditional trees (also called local trees) by the information in conditional
pattern bases; and 3) mine patterns from the conditional trees. However, the two strategies DGU and DGN are not applicable in
conditional AUP-Trees since actual utilities of items in different transactions are not maintained in a global AUP-Tree. The actual
utilities of unpromising items that need to be discarded in conditional pattern bases cannot be determined unless an additional
database scan is performed. This problem can be overcome by using a naive solution i.e. is to maintain items’ actual utilities in
each transaction into each node of global AUP-Tree. However, this is impractical since it needs lots of memory space. The two
strategies requires a minimum item utility table to keep minimum item utilities for all global promising items in the database.
Minimum item utility of item Il in database D, denoted as miu(lum), iS lim’s utility in transaction Td if there does not exist a
transaction Td’ in D such that util(Ttm, Td”)<u(Im, Td).

Minimum item utilities are utilized to reduce utilities of local unpromising items in conditional pattern bases instead of
exact utilities. From the path utility of an extracted path an estimated value for each local unpromising item is subtracted. Path
utility of a path p in lIm’s conditional pattern base (abbreviated as {im}-CPB) is denoted as PU(p, {lm}-CPB) and defined as
Nlim’s node utility where p is retrieved by tracing Nl in the AUP-Tree.

AUP growth is implemented by using two strategies. First strategy is DLU (Discarding Local Unpromising items). Local
unpromising items and their estimated utilities are discarding from the paths and path utilities of conditional pattern bases. It
provides a useful schema to reduce overestimated utilities locally without an extra scan of original database. Second strategy is
DLN (Decreasing Local Node utilities) for the nodes of local AUP-Tree by estimated utilities of descendant nodes.

The process of mining PHUIs by AUP-Growth is a step by step process: First the bottom entry in header table i.e. item
im is considered and it’s node links in AUP-Tree is traced. All found nodes are traversed up to root of the AUP-Tree to retrieve
every paths related to im. The resultant conditional pattern base of im consists of all retrieved paths along with their path utilities
and support counts. A conditional AUP-Tree can be constructed by two scans of a conditional pattern base. In the first sacn local
promising and unpromising items are determined by summing the path utility for each item in the conditional pattern base. Then,
DLU is used to decrease the overestimated utilities during the second scan of the conditional pattern base. After retrieving a path,
unpromising items and their estimated utilities are eliminated from the path and its path utility by (1). Then the path is
reorganized by the descending order of path utility of the items in the conditional pattern base. During the insertion of reorganized
paths into a conditional AUP-Tree DLN applied.

After the candidate itemsets are generated the next phase of AUP growth is initiated. All candidates items that has a
transaction support above minimum support is found out. The number of transaction having the items is the support count of that
item. Itemset having support greater than or equal to minimum support value is known as large itemsets and those having a lesser
support value is known as small itemsets. The algorithm performs multiple passes on the data to determine the large itemsets. The
support count of individual items are determined the first pass to find out items having minimum support. These resultant items
are known as seed itemsets. These seed itemsets of previous step becomes the input for the next pass and is used for generation
potentially large itemsets. For each potentially large itemset it’s actual support count is determined and actual large itemsets are
identified. This process continues iteratively until no large itemsets are left.
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C. The proposed mining method: AUP-Growth+

AUP-Growth achieves better performance than FP-Growth by using DLU and DLN to decrease overestimated utilities of
itemsets. The overestimated utilities can be closer to their actual utilities by eliminating the estimated utilities that are closer to
actual utilities of unpromising items and descendant nodes. There is also an improved method, named AUP-Growth+, for
reducing over estimated utilities more effectively. In AUP-Growth, minimum item utility table is used to reduce the overestimated
utilities. In AUP-Growth+, minimal node utilities in each path are used to make the estimated pruning values closer to real utility
values of the pruned items in database.

Minimal node utility for each node can be acquired during the construction of a global AUP-Tree. First, we add an element,
namely M.mnu, into each node of AUP-Tree. M.mnu denotes the minimal node utility of N. When N is traced, M.mnu keeps
track of the minimal value of M.name’s utility in different transactions. If M.mnu is larger than u(M. name, Tcurrent), M. mnu
is set to u (M.name, Tcurrent). When a local AUP Tree is being constructed, minimal node utilities can also be acquired by the
same steps of global AUP-Tree. In the mining process, when a path and the minimal node utility of each and every node in the
path is also retrieved. In AUP-Growth+ algorithm, minimum item utilities are replaced with minimum node utilities. AUP-
Growth+ algorithm uses two strategies .That are, DNU and DNN. First strategy is discarding local unpromising items and their
estimated node utilities from the paths and path utilities of conditional pattern bases and Second strategy is decreasing local node
utilities for the nodes of local AUP-Tree by estimated utilities of descendant nodes. After the generation of PHUI’s ,items that
has a greater transaction support is found out. Those items are considered as High Utility Items.

V. EXPERIMENTAL RESULT

To understand the performance of the proposed AUP Growth and AUP Growth+ algorithm many experiments was performed
on real and synthetic data sets 2.80 GHz Intel Pentium D Processor with 3.5 GB memory is used to perform the experiments.
Microsoft Windows 7 is the operating system used. Dot net framework is used for implementation. The result of mining process
in case of UP-Growth, UP-Growth+, AUP-Growth and AUP-Growth+ is shown in the figures below.
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Fig 1: Result of mining process in UP-Growth
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From the experimental results it is seen that the number of PHUI’s generated by AUP-Growth is lesser than that of
normal UP-Growth algorithm. AUP-Growth+ algorithm is found to outperform AUP-Growth algorithm since it utilizes minimal
node utilities in each path are used to make the estimated pruning values closer to real utility values of the pruned items in
database.

VI. CONCLUSION

This paper proposes a method to efficiently mine high utility itemsets from a transaction database by using three
algorithms UP-Growth, UP-Growth+ and Apriori. UP-tree is a data structure used to store information about the high utility
itemsets. The Potential High Utility Itemsets are generated by the UP-tree by scanning the database just twice.On the basis of
experimental results, it can be seen that these algorithms reduces both the search space and also the number of candidate itemsets
generated.
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