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Because of the fierce competition in the market, everyone is busy with getting the
maximum attention of people. For that producer must have products which satisfies
the needs of customers. Huge scale research is going in this field. In such situations,

customer requirements are very important. The value of a production plan can be
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modeled as a function that reflects the communication of the company with
different agents, for example, customers and competitors. The issue concentrated in

this system is to recognize the production plan with the maximum utility for a
company, where expected number of the customers for the chosen products assesses

Article History
Accepted: 20 March 2022
Published: 30 March 2022

Algorithm in Data Mining.

the utility of a production plan in the plan. The solution is achieved using Apriory
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I. INTRODUCTION

In Today’s era, the competition in the business is
skyrocketing as the number of stores isincreasing day
by day. Due to this competition, the retail traders
should take all the necessary steps to increase the
revenue of their business. Manually keeping track of
all the revenue related data is almost impossible as the
number of products in the store is growing
exponentially. Consider a supermarket with a large
collection of items. Typical business decisions that the
management of the supermarket has to make includes,
what to put on sale, how to design coupons, how to
place merchandise on shelves in order to maximize

the profit, etc. Analysis of past transaction data is a

commonly used approach in order to improve the
quality of such decisions. Until recently, however,
only global data about the cumulative sales during
some time period (a day, a week, a month, etc.) was
available on the computer. Progress in bar-code
technology has made it possible to store the so-called
basket data that stores items purchased on a per-
transaction basis. Basket data type transactions do not
necessarily consist of items bought together at the
same point of time. It may consist of items bought by
a customer over a period of time. Examples include
monthly purchases by members of a book club or a

music club.
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Several organizations have collected massive amounts
of such data. These data sets are usually stored on
tertiary storage and are very slowly migrating to
database systems. One of the main reasons for the
limited success of database systems in this area is that
current database systems do not provide necessary
functionality for a user interested in taking advantage
of this information.

This project introduces the problem of mining" a large
collection of basket data type transactions for
association rules between sets of items with some
minimum specified confidence, and presents an
efficient algorithm for this purpose. An example of
such an association rule is the statement that 90% of
transactions that purchase bread and butter also
purchase milk. The antecedent of this rule consists of
bread and butter and the consequent consists of milk
alone. The number 90% is the confidence factor of
the rule. We Propose Apriori algorithm for finding
the k-least products, which is also important for

production plan.

II. AIM & OBJECTIVES

In market analysis, mining most demanding itemsets
from a transaction database refers to the discovery of
the itemsets, which frequently appear together in the
transactions. However, the unit profits and purchased
quantities of items are not considered in the
framework of frequent itemset mining. Hence, it
cannot satisfy the requirement of the user who is
interested in discovering the itemsets with high sales
profits. In view of this, utility mining emerges as an
important topic in data mining for discovering the
itemsets with high utility like profits.
The Objective of the proposed application is as
follows:

e Developing a User Interface to select the

Dataset.

e C(Calculating Confidence ratio.

¢ Determining k most demanding products with
the highest expected number of the total

customers.
ITII. RELATED WORK

In this area we exhibit a brief audit of the distinctive
calculations, methods, ideas and methodologies that
have been characterized in different research diaries
and distributions. Agrawal, R., Imielinski, T., Swami,
A. [1] proposed Frequent itemset mining calculation
that uses the Apriori standard. Standard technique
depends on Support-Confidence Model. Bolster
measure is utilized. An anti-monotone property is
utilized to diminish the inquiry space. It produces
frequent itemsets and discovers affiliation governs
between things in the database. It doesn't recognize
the utility of an itemset [1]. Yao, H., Hamilton, H.J.,
Buzz, C.J. [2] proposed a system for high utility
itemset mining. They sum up past work on itemset
share measure [2]. This distinguishes two sorts of
utilities for things, transaction utility and outside
utility. They distinguished and dissected the issue of
utility mining. Alongside the utility bound property
and the bolster bound property. They characterized
the numerical model of utility mining in view of
these properties. The utility bound property of any
itemset gives an upper bound on the utility estimation
of any itemset. This utility bound property can be
utilized as a heuristic measure for pruning itemsets as
early stages that are not anticipated that would
qualify as high utility itemsets [2]. Yao, H., Hamilton,
H.J., Buzz, C.J. [3] proposed a calculation named
Umining and another heuristic based calculation
UminingH to discover high utility itemsets. They
apply pruning techniques in view of the scientific
properties of utility limitations. Calculations are more
productive than any past utility based mining
calculation. Liu, Y., Liao, W.K., Choudhary A. [4]
proposed a two stage calculation to mine high utility
itemsets. They utilized a transaction weighted utility
(TWU) measure to prune the inquiry space. The
calculations in light of the hopeful era and-test
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approach. The proposed calculation experiences poor
execution when mining thick datasets and long
examples much like the Apriori [1]. It requires least
database examines, substantially less memory space
and less computational cost. It can without much of a
stretch handle extensive databases. Erwin, A.,
Gopalan, R.P., N.R. Achuthan [5] proposed an
effective CTU-Mine Algorithm in view of Pattern
Growth reduced

approach. They present a

information  structure called as Compressed
Transaction Utility tree (CTU-tree) for utility mining,
and another calculation called CTU-Mine for mining
high utility itemsets. They indicate CTU-Mine works
more effectively than Two Phase for thick datasets
and long example datasets. In the event that the limits
are high, then Two Phase runs moderately quick
contrasted with CTU-Mine, however when the utility
limit gets to be lower, CTUMine beats Two-phase.
Erwin, A., Gopalan, R.P., N.R. Achuthan [7] proposed
a proficient calculation called CTU-PRO for utility
mining utilizing the example development approach.
They proposed another minimized information
representation named Compressed Utility Pattern tree
(CUP-tree) which develops the CFP-tree of [11] for
utility mining. TWU measure is utilized for pruning
the inquiry space yet it keeps away from a rescan of
the database. They demonstrate CTU-PRO works
more effectively than Two-phase and CTU-Mine on
thick

likewise more proficient on scanty datasets at low

information sets. Proposed calculation is
bolster thresholds. TWU measure is an overestimation
of potential high utility itemsets, in this way
requiring more memory space and more calculation
when contrasted with the example development
calculations. Erwin, R.P. Gopalan, and N.R. Achuthan
[14] proposed a calculation called CTU-PROL for
mining high utility itemsets from vast datasets. They
utilized the example development approach [6]. The
calculation first finds the extensive TWU things in
the transaction database and if the dataset is little, it
information

makes structure called Compressed

Utility Pattern Tree (CUP-Tree) for mining high

On the off chance
information sets are too huge to be in any way held in
the

subdivisions utilizing parallel projections that can be

utility itemsets. that the

fundamental memory, calculation makes
along these lines mined autonomously. For every
subdivision, a CUP-Tree is utilized to mine the total
arrangement of high utility itemsets. The counter
monotone property of TWU is utilized for pruning
the hunt space of subdivisions in CTU-PROL, yet not
at all like Two-phase of Liu et al. [4], CTU-PROL
calculation keeps away from a rescan of the database
to decide the real utility of high TWU itemsets. The
execution of calculation is looked at against the Two-
phase calculation in [4] furthermore with CTU-Mine
in [5]. The outcomes demonstrate that CTU-PROL
beats previous calculations on both scanty and thick
datasets at most bolster levels for long and short
examples.

In the second database examine, the calculation
the

weighted usage itemsets and it brings about three

discovers all two component transaction-
component transactions weighted use itemsets. The
disadvantage of this calculation is that it experiences
level astute hopeful era and test philosophy [18].

J Hu et al built up a calculation for frequent thing set
mining that distinguish high utility thing mixes. The
objective of this calculation is to discover sections of
information, characterized through blends of a few
things (rules), which fulfil certain conditions as a
gathering and boost a predefined target work. The
high utility example mining issue considered is not
the same as previous methodologies, as itbehaviours
control disclosure concerning singular traits and
additionally regarding the general standard for the
mined set, endeavouring to discover gatherings of
such examples that together adds to the most to a
predefined target work [19].

Y-C. Li, J-S. Yeh and C-C. Chang proposed a
disengaged thing disposing of technique (IIDS). In
paper,
furthermore diminished the quantity of hopefuls in

this they found high wutility itemsets

each database examine. They recovered productive
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high utility itemsets utilizing the mining calculation
called FUM and DCG+.

demonstrated a superior execution than all the past

In this system they
high utility example mining procedure. Nevertheless,
their calculations still endure with the issue of level
astute era and test issue of Apriori and it require

various database filters [20].

IV. RESEARCH METHODOLOGY

In data mining, Apriori is a classic algorithm for
learning association rules. Apriori is designed to
operate on databases containing transactions (for
example, collections of items bought by customers, or
details of a website frequentation).

The whole point of the algorithm (and data mining,
in general) is to extract useful information from large
amounts of data. For example, the information that a
customer who purchases a keyboard also tends to buy
a mouse at the same time is acquired from the
association rule below:

Support: The percentage of task-relevant data
transactions for which the pattern is true.

The formula for support with respect to two items i.e.

for example keyboard to mouse will be:

No. of transactt ons containing both Keyboard and Mouse

Support= g
PP No. of total transacti ons

Confidence: The measure of certainty or

trustworthiness associated with each discovered

pattern. The formula for the confidence for example

keyboard t ; i
cyboat ) © Mo, of transactions containing  both Keyboard and Mouse
mouse will ; o
b No. of transacti ons containing (Keyboard)
e:
Confidence=

The algorithm aims to find the rules, which satisfy
both a minimum support threshold and a minimum
confidence threshold (Strong Rules).

Item: article in the basket.

Itemset: a group of items purchased together in a
single transaction.

Apriori is designed to operate on databases containing
transactions (for example, collections of items bought
by customers, or details of a website frequentation).
Other algorithms are designed for finding association
rules in data having no transactions (Winepi and
Minepi), or having no timestamps (DNA sequencing).
Each transaction is seen as a set of items (an itemset).
Given a threshold C, the Apriori algorithm identifies
the item sets, which are subsets of at least C
transactions in the database. Apriori uses a "bottom
up" approach, where frequent subsets are extended
one item at a time (a step known as candidate
generation), and groups of candidates are tested
against the data. The algorithm terminates when no
further successful extensions are found.

Apriori uses breadth-first search and a Hash tree
structure to count candidate item sets efficiently. It
generates candidate item sets of length k from item
sets of length k-1. Then it prunes the candidates
which have an infrequent sub pattern. According to
the downward closure lemma, the candidate set
contains all frequent k-length item sets. After that, it
scans the transaction database to determine frequent
item sets among the candidates.

The pseudo code for the algorithm is given below for
a transaction database 7, and a support threshold of €.
Usual set theoretic notation is employed; though note
that T'is a multiset. Ck is the candidate set for level k.
At each step, the algorithm is assumed to generate the
candidate sets from the large item sets of the
preceding level, heeding the downward -closure
lemma. Count/c] accesses a field of the data structure
that represents candidate set C, which is initially
assumed to be zero. Many details are omitted below,
the of the

implementation is the data structure used for storing

usually most important part

the candidate sets, and counting their frequencies.
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Apriori(Te) DFD Level-2

Ly + {large 1 — itemsets}
k+ 2 ’
while L;_; # 0 " Read Set & Calculate R

Cre{aU{b} [aeLysAbgal—{c|{s|sCecnls|=k-1} € L1} W@et/ Threshold \_ Support
for transactionst € T'

Ci+{c|ceCyneCt}

for candidates ¢ € C,
countlc] + countle] + 1 R G TopR ™ .
Ly +{c|ce Cp A countlc] > €} [ ouput )e—{ Demanding Je—i Calculate
ke k1 \ / Confidence
- T

return UL"
‘ Fig.3 DFD Level-2

B: Use Case Diagram:
Assume that a large supermarket tracks sales data 8

by stock-keeping unit (SKU) for each item: each item,

such as "butter" or "bread', is identified by a Input
numerical SKU. The supermarket has a database of Y
transactions where each transaction is a set of SKUs Read

that were bought together. %ﬂt/
V. SYSTEM DESIGN )T'"S:""”“/\L

A: Data Flow Diagram

‘ Cﬂlculate -\\ / Calculate \\:
A DFD shows what kind of information will be input Confidence Support
to and output from the system, where the data will e
come from and go to, and where the data will be o Getlopk
| Demanding
stored. It does not show information about the timing o
of processes, or information about whether processes -
will operate in sequence or in parallel. \“E’D
DFD Level-0
Fig.4 Use Case Diagram

T VI. RESULTS AND DISCUSSIONS
Aprlorl

. Input r—x /—% Output
\ Algorlthm
- v A: RESULT

Fig.1 2DFD Level-0

DFD Level-1

Calculate \ Calculate
= - ! USER INPLUT /P THRESMOLD | e Emamn
Dataset Suppor  Confidence / Output

— N el S
Fig.2 DFD Level-1 |

Fig5. Home Screen

Volume 8, Issue 2, March-April-2022 | http://ijsrcseit.com



Prof. Pradeep N. Fale et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol, March-April -2022, 8 (2) : 134-142

READ DATASET
INPUT THRESHOLD

Source File  (C:\Users\User\Deakeop\ASMIZ2_3_2017\ARM\Dataset\test . dat]

2

RUN

Support : 06 (0.0-1.0) Check Support

Confidance : 04 (0.0-1.0) Check Confidance

Fig 6. Select Dataset

Fig 9. Input Thresholds

READ DATASET

ASSOCIATION

Source File C:\Usars\User\Desktop\ARME22_3_2017\ARM\Dataset\test.dat]

RULE GENERATION

|
|
\
Get Unique Items UNIQUE ITEMS : ‘
ry ' |
0 Uingue ltems Shown 11 ‘

(=]

NEXT >>

(—"" ] Fig 10. Unique Item Generation

ASSOCIATION

RULE GENERATION

Tid Transactions |
= -
s X zesd sugar [ P |
butter vegitable oil
0 Preprocessing is Completed it |
= vegitable oil = e |
cead 9 ek X |
TS butte: {
| Get Items & Support
eqg 1501 € rem suppon Calcutated succestuy 1 |
mslk 121 =
meat 1s1] oK
| 1 water 1361 —
= sugar 136
sug eat vegitable oil vegitable ofl

g3 bread

meat
egg bread sugar

Fig 8. Data Pre-Processing

Fig 11. Calculate Support
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ASSOCIATION

RULE GENERATION

Generate Rules

ASSOCIATION RULE
GENERATION STATS

Mumber of association Message X
rules generated : 114
€ sssociaton Rues Generatea succestuy

Total time ~ 1170.0 ms
Total memory ~ 16 mb

Fig 12. Generate Association Rule

ASSOCIATION

RULE GENERATION

Message

@ Topkitems o snhown 1

ASSOCTATION RULE Supp : 1
GENERATION STATS supp : 1 oK

Number of association -

rules generated : 114 Get Top K Items 21 sugar

Total time ~ 1170.0 ms 3] egg

Total memory ~ 16 =b 4 butter
water

Fig 13. Generate Top-K Items
‘% Time Comparison - 00X
Time Comparison
6500
6000
5500
5000
4500
« 4000
£ 3500
£ 3000
I 2500
2000

1500

1000 A
500
0

Processes

|l Read Dataset W Preprocessing M Association Rule Generationl

Fig 14. Time Comparison

% Memory Comparison -0OX

Memory Comparison

Memoryin mb

Processes

|l Read Dataset M Preprocessing M Association Rule Generation

Fig 15. Memory Comparison

VII. CONCLUSION

We implemented Apriori algorithm for association
rule mining so as to get the top k demanding items
from the transactional dataset. The Apriori principle
can reduce the number of itemsets we need to
examine. Put simply, the Apriori principle states that
if an itemset is infrequent, then all its subsets must
also be infrequent. This means that if {beer} was
found to be infrequent, we can expect {beer, pizza} to
be equally or even more infrequent. So in
consolidating the list of popular itemsets, we need not
consider {beer, pizza}, nor any other itemset
configuration that contains beer.Results show the
implementation work and the results generated in

terms of Time & Memory Consumption.
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