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Abstract— High utility item set mining identifies the mining 
item set whose utility satisfies a given limit. Some studies rated 
the item's values as positive. However, an item set may have 
negative item values in some applications. Thus, the revelation 
of high utility item sets with negative item values is required 
for proper decision-making. This paper proposes a 
quantitative approach considering negative item values for 
mining high utility items.  An example set out to explain the 
approach. 
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I. INTRODUCTION 

Association rules and apriori method are widely used for 
large databases in data mining. The law of association has 
two stages. In the first step, large item-sets can be found in 
large databases. Then the union rule is generated. There are 
several ways to find consistent item sets for traditional 
databases. However, the item set instance is not sufficient, as 
it is just one transaction in a database with item sets. 
Furthermore, the usefulness of the item set cannot be 
determined from it. It is more beneficial to use utility of an 
item set to measure the profit of an item set. Now, we 
consider an example, to understand the meaning of the term 
utility. In a superstore, consider the gain of the camera is 
3000 INR and that of memory card is 15 INR. Now, memory 
card and camera appears in 10 and 3 transactions 
respectively. The total gain of the memory card is 150 INR 
and the total gain of the camera is 9000 INR. Mining 
memory cards have high repetitions according to repeated 
item sets. However, the overall advantage of the camera is 
much more notable than the memory card. Subsequently, 
mining traditional item sets may not yield the most beneficial 
item sets.  Generally, frequent item set mining does not 
considers the profit of an item, which is the most important 
factor [1]. The utility of the item set is denoted by U (a) and 
is equal to the sum of the utilities of the item set. The utility 
of the item set by U. U (a) is the sum of the utilities of the 
item set containing item a. Out of all transactions set, an A 
set can have a higher utility item set if U (A) is greater than 
the given threshold. Utility mining is used to find high utility 
item sets [2]. 

An idea was proposed in mining the high utility item set 
[3]. Their proposed work places more attention on the top K 
high utility closed patterns for top K purpose-guided data 
mining. Highly desirable statistical patterns are captured with 
the help of utility. He introduced an algorithm for level-wise 
item set mining. A new pruning strategy is developed on the 

basis of utilities to allow pruning of an object with less 
utility. Utility mining has been developed of late to address 
the constraint of frequent item set mining, taking into 
account the customer's desire or purpose and raw 
information, with item set share structure, weighted item set 
mining, and object oriented utility can be classified into 
utility mining[4][5]. In addition, an algorithm based on the 
conditional tree for mining was proposed by [6]. This novel 
conditional high utility tree (CHUT) to diminish the search 
space compressed the database communicated in two steps. 
A new algorithm called HU-Mine is proposed. In addition, a 
fast high-utility object set mining algorithm [7] is proposed. 
This algorithm was divided into two-phases so that a 
complete set of sets of high utility items can be obtained by 
efficiently reducing the number of candidates. The first step 
involves quick identification of candidates using a model 
implementing "transaction-weighted bottom-off property" at 
the search space. In the second phase, the high utility item-
sets are identified. Further, an efficient algorithm for 
dynamic databases was proposed for mining high utility item 
sets [8]. One master node and two slave nodes are used in 
this system. A slave node was used to calculate the 
occurrence of each item and each slave node was partitioned 
for computation for the database. The local table of the slave 
node was used to store these data. These tables were then 
sent to the master node. A global table was used to store 
these data in the master node. Promising and unproven item 
sets was calculated based on the minimum utility threshold 
value. A two-stage algorithm was proposed for mining 
sequential patterns [9]. The first phase is the sort step that is 
used to sort the database as the key with the customer ID and 
the minor key at the time of the transaction. The original 
database is converted into a database of customer sequences. 
The latter step is the L-item set step to find the set of all L-
item sets. An efficient fast update algorithm for computing 
FUP was proposed. Large item sets in the updated database 
[10]. They have shown reuse of information from older large 
item sets. Candidate item sets can be sorted to find new large 
item sets. He also discussed some optimization techniques to 
reduce database size during the update process. To further 
cut the cost, a new algorithm was proposed [11][12]. It has 
also been observed that sometimes a high utility item set may 
contain low utility items. The apriori method was used for 
such item sets. This method was invented to find consistent 
item sets in the database. The apriori method has two stages. 
The first stage consists of candidate construction. The second 
phase involves testing a group of candidates against the data. 
Traditional association rule mining approaches actually does 
not reflect the utility of an item set. There are lot of research 
work on utility mining, but they all failed to consider 
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negative items [13][14]15]. To overcome this problem, a 
new concept of utility mining was introduced. In this new 
concept, simplification of utility calculations and size of 
candidate sets are major challenges to be considered. The 
next challenge is to search for high utility item sets 
considering negative values. 

This paper focuses on finding high utility item sets 
considering negative values. An algorithm is proposed to 
efficiently and effectively detect high utility item sets with 
negative item values from large databases. The idea behind 
this algorithm is based on the two-stage algorithm proposed 
by [16][17]. Using this algorithm, the execution time can be 
reduced to produce higher utility item values. 

II. PROPOSED WORK

The proposed algorithm works in two steps: 

Step 1: TWUI method: This method manages the 
transaction database for the production of TWUI. 

Step 2: Filter method: The method manages the negative 
item move and the high utility item set with negative item 
values from huge databases. 

For mining high utility item sets, filter technique is used. 
The algorithm works in five steps: 

Step1: Input the database. 

Step 2: Find high transaction-weighted usage 1-items. 

Step3: Transaction-weighted usage use the high
transaction-weighted item set to generate a candidate item 
set. 

twu = transaction-weighted usage item set without 
negative item values. 

htwu = high transaction-weighted usage sets i-item 
without negative item values. 

Step4: Search the database to find high transaction-
weighted usage item sets. 

Step 5: When all htwu are identified, do a final scan of 
the database. It should be observed that if the value of each 
item in the item set is negative, it would not be considered a 
high utility item set. The value of at least one item in the 
item set must be positive otherwise the item set does not 
have to examine the database. 

Step 6: Finally, items with high utility with negative item 
values satisfy the set constraint 

III. NUMERICAL EXAMPLE 
Let us consider the utility limit as 60. The sales volume 

of each item is shown in Table 1 (a). The utility of each item 
is given in Table 1 (b). Consider the list transaction TID set: 
{T1, T2, T3, T4, T5, T6, T7, T8, T9, T10} as shown in Table 
1. Each row in Table 1 can be taken as an inventory 
transaction. For example, u ({P, S}) = u ({P, S}, T3) + u ({P, 
S}, T8) + u ({P, S}, T10) = (1 * 4 + 1 * 4) + (3 * 4 + 5 * 4) + 
(1 * 4 + 2 * 4) = 60. As in, the utility threshold 60 {P, S} is 
the higher utility item set. Sometimes a low utility item set 
can be found in a high utility item set. P is a low utility item 
as U (P) = 44 <60, but {P, S} is a high utility item set. Be 

sure not to lose any high utility item sets, so processing of all 
combinations of high utility item sets should be considered. 

The utility calculation is simplified and a two-step 
algorithm [5] proposes the candidate item set sorting. In the 
first stage overstimulation of the low utility item set is 
performed. The transaction utility Ti of any transaction is 
defined as the sum of utilities of all items in Ti and is 
denoted by u(Ti) as shown in Table 2. The transaction-
weighted usage of an item set A is defined as the amount of 
transaction utilities. All transactions with item A and are 
represented by twu(a). For instance, twu(P) = tu (T1) + tu 
(T3) + tu (T4) + tu (T7) + tu (T8) + tu (T10) = 12 + 12 + P + 
16 + 32 + 20 and twu({P, V}) = tu (T1) + tu (T7) + tu (T10) 
= 12 + 14 + 20 = 46. Actually u (P) = u ({P}, T1) + u ( {P}, 
T3) + u ({P}, T4) + u ({P}, T7) + u ({P}, T8) + u ({P}, T10) 
= 12 + 12 + 12 = 36 . 

Thus, the step proves that it reduces item sets with less 
utility but never underestimates any item sets. Table 2 gives 
the transaction utility of each transaction in Table 1. To filter 
the overestimate of the item in step 2, the database is 
scanned. For example twu(p) = 98> 60 but u (p) = 48 <60. 
Item P is seen as having its utility, which is lower than the 
threshold value 60 to 48. In the same way, all high utility 
item sets are found. This algorithm is not applicable to 
databases with negative values because some high utility 
item sets may be lost. The proposed algorithm is based on a 
two-stage algorithm. This removes negatively priced items 
from transactions in large databases. For each transaction in 
Table 1, Table 3 gives the utility of transactions without 
negatives item value. Table 4 and 5 explains the algorithm in 
a better way. The utility limit has been set as 60 for a given 
10 transactions. The mining problem is divided into two 
steps:  

1. Transaction Weighted Usage Item Set (TWUI) arises 
from the mining of the transaction database.  

2. High utility item sets are generated by filtering 
negative item sets from large databases. 

The candidate 1 item set C1 is generated from Table 1 by 
sequentially scanning each transaction. If any item is below 
the set threshold value, it is removed. In Table 4, all item sets 
in the candidate 1 item set are above the threshold value so 
no item set is removed. Items P, Q, R, S, V are written in 
bold face because they are high transaction weighted usage 1 
item set. Further, combining negative value items Q and R 
with other items resulted in higher utility item sets. 
Candidate 2 item sets are generated by using high transaction 
weighted utilization 1 item set as {PQ, PR, PS, PV, QR, QS, 
QV, RS, RV, SV}. Items PS, QR, QS, RS are written in bold 
face because they are high transaction weighted usage 2 item 
set. The item set {QRS} is generated as the candidate 3-item 
set by the higher transaction weighted usage 2-item set. {P, 
Q, R, S, V, PS, QR, QS, RS, QRS} are high transaction 
weighted usage candidate item sets as shown in Table 5. If 
each item in the item has a negative value, it will not be a 
high utility item set. For example, items Q, R, QR are 
removed. Therefore, the high transaction weighted usage set 
{P, S, V, PS, QS, RS, QRS} became the item set after the 
item was set. Performing database scans {S} and {PS} 
results in a higher utility item set as U (S) = 96> 60 and U 
({P, S}) = 60 as shown in Table 5.
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TABLE I. A TRANSACTION DATABASE AND ITS UTILITY TABLE

TABLE I (A) TRANSACTION TABLE

TID ITEMS

P Q R S V

T1 1 0 0 0 1

T2 0 1 1 4 0

T3 3 0 0 1 0

T4 2 0 0 0 0

T5 0 1 1 0 2

T6 0 1 2 6 0

T7 1 0 0 0 1

T8 3 0 0 5 0

T9 0 1 2 6 0

T10 1 0 0 2 1

TABLE I (B) UTILITY TABLE

Items Value per unit

P 4

Q -5

R -3

S 4

V 8

TABLE II. TRANSACTION UTILITY 

TID Transaction utility TID Transaction utility

T1 12 T6 13

T2 8 T7 14

T3 12 T8 32

T4 12 T9 13

T5 8 T10 20

TABLE III. TRANSACTION UTILITY WITHOUT NEGATIVE ITEM VALUES

TID Transaction 
utility without 
negative item 

values

TID Transaction 
utility without 
negative item 

values
T1 12 T6 24
T2 16 T7 14
T3 12 T8 32
T4 8 T9 24
T5 16 T10 20

TABLE IV. CANDIDATE ITEM SETS GENERATED 

C1 Transaction 
weighted 

utility

C2 Transaction 
weighted 

utility

C3 Transaction 
weighted 

utility
P 98 PQ 0 QRS 64
Q 80 PR 0
R 80 PS 64
S 128 PV 46
V 62 QR 80

QS 64
QV 16
RS 64

RV 16
SV 20

TABLE V. HIGH UTILITY ITEM SETS GENERATED

High transaction 
weighted 
utilization 

candidate item 
sets

Prune

negative 

item set

Candidates Utility

P P 44

Q S 96

R V 40

S PS 60

V QS 49

PS RS 49

QR QRS 34

QS

RS

QRS

The main part of this paper is that it can successfully 
distinguish high utility item sets with negative item values in 
short execution time. 

IV. CONCLUSION AND FUTURE SCOPE

In this paper, we present a novel algorithm for high utility 
item sets in databases considering negative item-set.  The 
algorithm can efficiently identify high utility item sets with 
negative values. In addition, in the future we can derive a 
sequential pattern from the database to detect this search that 
includes negative utility values of the items. 
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