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Abstract:Utility -based data mining is a new research
area interesteéh all types of utility factors in data
mining processes and targetedraorporating utility
considerations in both predictive and descriptive data
mining tasks. Highutility item set mining is a
research area of utilithased descriptive data mining,
aimed at finding itensets that contributmost to the
total utility. A specialized form of high utility item
setmining is utility-frequent itenset mining, which

in addition to subjectivelydefined utilityi also takes
into account itenset frequencies. This papatesents
novel efficient algorithmdJP-Growth andHigh
Utility Item Setwhich finds all utility-frequent item
sets within the givemtility and support consgints
threshold.And it is based on efficieninethods for
frequent itemset mining. Experimentavaluation on
datasets showtbat, in contrast witlidigh Utility Item

Set and also the performances are evaluated through
the factors of time and space conxities.

Key Words: Candidate pruning, frequent iteset,
high utility itemset, utility mining, data mining
I INTRODUCTION

The

facilitatesthe storage and usage of massive data from

rapid development of database techniques

businesscorporations,governments, and scientific
organizations.How to obtain valuable information
from various databasebas received considerable
attention, which results in theharp rise of related
research topics. Among the topidke high utility
item setmining problem is one of the mastportant,

and it derives from the famous frequéatm set

mining problem. Mining frequent itemsets is to
identify the sets of itemshat appear frequently in
transactions in @atabase. Th&equency of an item
set 6 measured with the supporttbe itemset, i.e.,
the number of transactions containing iteen set. If
the support of an iterset exceeds a usspecified
threshold, the

considered asfrequent.

minimum  support itenset is
Most frequent itenset
mining aborithms employthe downward closure
property of itemsets [4]. That is, akupersets of an
infrequent itenset are infrequent, and allibsets of a
frequent itemset are frequent. The propeqyovides

the algorithms with a powerful pruning strategy. In
the process of mining frequent itesets, once an
infrequentitem set is identified, the algorithms no
longer check allsupersets of the itenset. For
example, for a database with items, after the
algorithms identify an infrequeritem setcontaining

k items, there is no need to check all ofsizpersets,
i.e., 20" Kitérh sets.

Mining of frequent itemsets only takes the presence
andabsence of items into account. Other information
about items is not considered, such as the
independent utility ofinitem and the context utility
of an item in a transactionTypically, in a
supermarket database, each item hadigtinct
price/profit, and each item in a transaction is
associated with a distinct count which means the

qguantity of the item one bought. Cowlgr the
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database in Fig. 1. Theage seven items in the utility
table and seven transactiondtie transaction table in
the database. To calculate suppart,algorithm only
makes use of the information of tfiest two columns

in the transaction tablehe informationof both the
utility table and the other columns in thransaction
table are discarded. However, an itemset \hitgh
support may have low utility, or vice versa. For
example, the support and utility of itemdetbc }
appearingin T1, T2, ad T6 are 3 and 18

respectively, and those of itemgede}

[ em a | b C d e f g
[ utilty ‘ 1 | 2 | 1 5 | 4 | 3| 1
(a) Utility table

Tid Transaction Count

T {b,c d, g} {(1,2,1,1}

T2 | {abcde} {4,1,3,1,1}

3 |  {acd} {4.2,1}
T4 {c.ef} {2,1,1}

T5 | {abde} {5.2,1,2}

T6 |  {ab.cf} (3.4,1,2}
17 {d,g} {1,5}

{b) Transaction table
Figure 1: Database

1. EXISTING SYSTEM

In this section, we describe the details of-GRwth

for efficiently generating PHUIs frorhe global UP
Tree with two strategies, namel\pLU ( Discarding
local unpromising items) and DLN ( Decreasing
local node utilities). Although strategies DGUand
DGN can effectively reduce the number of candidates
in phase I, they are applied during tlo®nstruction

of the global UPTree and cannot be applied during
the construction of the local UFree. The reason is
that the individual items and their utilities are not
maintained in the conditional pattern base. We
cannot know the utility values of theinpromising
items in the conditional pattern base. To overcome

this problem, a naive approach is to maintain the

utilities of theitems in the conditional pattern base.

However, this approach may

IR}

#{C}: 5,13
Itema | TWU | Link
[+ 96 o {E}: 4, 27
E 83
A 63 =fA}: 1, 6= fA}: 2,31 ,{B}:2,23
B 61 1
- P HD): L8 B 1,130 LD} 1,20

‘e 1,25
A UP-Tree by applving strategies DG and DN,
. Minimum item wtility table _ )
| Ttem | A | B cC | D] E |
Minimom item utility 3 4 1 2 3

Figure 1.1:UP-tree applying strategies
be impractical since it consumes lots of memory

usages. Insteadf maintaining gact utility values of
the items in the conditional pattern base, we
maintain a minimum item utility table, abbreviated
as MIUT , to maintain the minimum item utility for
all global promising items.

By the rationale of DGU strategy, in a conditional
pattern tree, local unpromising items and their
utilities can be discarded. Since the minimum item
utility of a local unpromisingitem in a path is always
equal to or less than its real utility in theath, we
can also discard its minimum item utility from the
paths of the conditional pattern tree without losing
any PHUI. The purpose of DLU strategy is similar to
DGU strategy, while DLU is applied during the
second scan of the conditional pattdras. First, we
scan conditional pattern base once to identify local
promising items and unpromising items. Then, we
scan conditional pattern base again to construct a
local URTree. When a path is retrieved, each
unpromising item is removed from the pathdats
minimum item utility in this path is eliminated from

the path utilities.
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{D}-CPB by applying DGU, DGN and DLU
: Path utility by
Path Re‘"gﬂ‘::'“d SEEEJ;"* strategies DGU,
P DGN, DLU
{AC} Cy 1 3
{BAEC} {CBE} 1 20
{BEC} {CBE} 1 20
R} R}
) ¥
Item [PU[Link| _{C}:3,53 [Item |[PU|Link] _{C}:3,33
s 53 . C 53 I
B 1o -] »{B}:i, L e Ty B i 34
E |45 gy 245 LE LS gy 3, 40
(a) Strategy DGU (b) Four strategies

{D}’s conditional UP-Tree.

Figure 2.1: Pruning UP-Pattrens

The procedure of the UBrowth is shown as

follows:
Subroutine: UP-Growth (T, H, X)
Input: A UP-Tree T, a header table A, for T, and an itemset X
Output: All PHUTs i Ty,
Procedure UP-Growth (T, H;, X)
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UP-Growth algorithm so we prepare the datafeet

1) Foreach entry g;1n H; do
Generate a PHULY=) ) a;;

The estimate uttlty of Tis set as a’s utility value n H;
Construct I's conditional pattern base I-CPB:;

Put local promising items in J-CPB to H,

Apply strategy DLU to reduce path utilities of the paths;
Apply strategy DLN and nsert paths 1o Ty;

If T # mull then call UP-Growth(T,, A, 1);

9) End for
To prepare the data sets and give as a input to the

transactional table preparelata sets.

DB Utility

351246:38:1351865
3524:28:3386

31 4:8:152
3517:27:6 618 5
352 7:11:23 42

Figure 2.2 Data set for UP Growth Algorithm

And theHUI Miner generate the results

12345830
1230
12536
123840
1388
1531
12887
12881

Figure 2.3 UP-Growth Results.
M. PROPOSED APPROACH

The goal of utility mining is to discover all the
itemsets whose utility values are beyond a user
specified threshold in a transaction database. We start
with the definition of a set of terms that leads to the
form al definition of utility mining problem.
Although DGU and DGN strategies are efficiently
reduce the number of candidates in Phase 1(i.e.,
global UP- Tree). But they cannot be applied during
the construcion of the local UP - Tree (Phase).
Instead use, DLU strategy (Discarding local
unpromsing items) to discarding utilities of low
utility items from path utilities of the paths and DLN
local node utilities) to

strategy  (Discarding
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