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Abstract: 

Online shopping (ekart) is emerging as a new trend all over the world. It refers to buying goods or services from the seller over the 

internet using a web browser. The developing prospect for online shopping is the growing use of internet in India. The online shopping 

behaviour is changing the way consumer shop and buys products. In India also the phenomenon of online shopping is becoming a 

reality. The study attempt to explore the online shopping scenario in India and comes up with interesting consumer insides with the help 

of a survey it will be significant in highlighting whether consumer prefer online shopping or not and the new trends in the online 

shopping. 
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I. INTRODUCTION  

 

This model permits a customer to order items through online and 

give services to the customer through both walk-in and online. 

This ekart model presents an online display of an order and an 

associated delivery window for items chosen by the customer. 

Association rule learning could be a most well-liked technique in 

data processing for locating fascinating relation between variables 

from huge datasets. In large scale transaction, data recorded by 

point-of-sale (POS) systems in all market baskets. For example, 

the rule {Fashion, electronics }=>{Accessories} found in the 

customer's transactional data of an online shopping indicate that if 

a customer buys Fashion and electronics together, they likely to 

buy Accessories. This information is used as the basis for making 

a decision on marketing database activities. Apriori algorithm is 

used on different transactional databases for finding the frequent 

category set moving and different decision making based on the 

customer’s transaction. Many algorithms are designed for finding 

an association rule in data having no transactions or having no 

timestamps. 

 

II.    APRIORI ALGORITHM 

 

The Apriori is the best-known algorithm to mine association 

rules. It uses a breadth-first search technique to count the support 

of item sets and uses a candidate generation function which 

exploits the downward closure property of support. The 

bottom-up strategy is followed for generating candidate key, and 

groups of candidates are tested against the data. Then it prunes the 

candidates which have an infrequent sub pattern. According to the 

downward closure property, the candidate set contains all 

frequent k-length category sets. After that, it scans again the 

transaction database to determine frequent category sets among 

the candidates. A small example from the supermarket domain is 

taken into account. The set of categories is I1 = {milk, bread, 

butter, beer} and a small database containing the category is (1 

codes presence and 0 absence of an item in a transaction). An 

example rule for the food market may well be => that means that 

if milk and bread is bought, customers additionally get butter. 

This example is small. Consider various measures of significance 

and interests constraints for selecting the interesting rules from 

the set of all possible rules. The best-known constraints are 

minimum thresholds on support and confidence. 

 

A. Support 

The support supp(X) is an itemset X is outlined because of the 

proportion of transactions within the knowledge set that contains 

the category set. 

 
From the database, the item set {Fashion, electronics, 

accessories} has a support of 4 /15 = 0.26 since it occurs in 26% 

of all transactions. To be even more explicit it can point out that 4 

is the number of transactions from the database which contain the 

category set {Fashion, electronics, accessories} while 15 

represents the total number of transactions. 

 

B. Confidence 

The confidence of a rule is defined as: 

 
For the rule {Fashion, electronics} => {accessories} we have the 

following confidence: 

This means that for 65% of the transactions containing Fashion 

and electronics the rule is correct. Confidence can be used for an 

estimate of the probability P(Y | X), the probability of finding the 
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RHS of the rule in transactions under the condition that these 

transactions also contain the LHS. 

Lift 

The lift of a rule is defined as: 

 
The rule {Fashion, electronics} => {accessories} has the 

following: 

 
 

III. A PROCESS OF APRIORI ALGORITHM AND 

ASSOCIATION RULE GENERATION 

 

Two step Process: 

1. First, minimum support is applied to search out all 

frequent item sets in exceeding information. 

2. Second, these frequent item sets and therefore the 

minimum confidence constraint area unit used to make rules. 

 

A. Working of apriori algorithm: 

i. Let’s define: 

Ck - candidate category of size k. 

Lk - frequent category of size k. 

 

ii. Main steps of iteration are: 

a. Find frequent set Lk-1.   

b. Join step: Ck is generated by joining Lk-1 with itself (Cartesian 

product Lk-1 x Lk-1). 

c. Prune step (apriori property): Any (k − 1) size set category that 

is not frequent cannot be a subset of a frequent k size category, it 

should be removed. 

d. Frequent set Lk has been achieved. 

It  is common in association rule mining, given a category sets 

(for instance, sets of retail transactions, each listing individual 

items is purchased), the algorithm attempts to find subsets that are 

common in category to at least a minimum number C of the 

category sets. Apriori uses a bottom up strategy, where frequent 

subsets are extended one at category a time it is known as 

candidate key generation, and groups of candidate keys are tested 

against the data. The algorithm terminate when no further 

successful extensions are found. 

B. Dataset 

The ekart online shopping categories of items are shown in table 

1. Three months transaction information is taken for the analysis. 

 

Table.1. Ekart Category Dataset 

 
 

IV. RESULT 

 

An online sales data by Stock Keeping Unit (SKU) for each item, 

and thus it is able to know what items are typically purchased 

together. An apriori is a moderately efficient way to build a list of 

frequent purchased item pairs from this data. Let the database of 

all transactions consist of the sets: 

{1,2,3,4},{1,2,3,4,5}, {2,3,4}, {2,3,5}, {1,2,4},{1,3,4}, 

{2,3,4,5}, {1,3,4,5}, {3,4,5}, {1,2,3,5}. Each number 

corresponds to a product such as "Accessories" or "wallets". The 

first step to count up the frequencies in data set, the supports, of 

each member item separately. 

 

Table.2. Individual Item with Support Count 

 
It will outline a minimum terms to qualify as "frequent," that 

depends on the context. For this case, let min support = 4. 

Therefore, all are frequent. The next step is to generate a list of all. 

Had any of the higher than things not been frequent, they'd not 

been enclosed as a possible member of possible 2-item pairs. In 

this way, Apriori prunes the tree of all possible data sets. In next 

step we again select only these items (now 2- pairs are items) 

which are frequent (the pairs written bold text). 

 

Table.3. Pairs of Items with Support Count 

 
Here generated list of all 3-triples of the frequent items from the 

dataset (by connecting frequent pair with frequent single item). 

 

Table.4. 3-triples of Item Set with support count 

 
 

The formula can finish here as a result of the combination of the 

items {2, 3, 4, and 5} generated. It will work for the same set of 

data considering that the min support is 5. 

 

V. CONCLUSION 

 

The results of the study can be utilized by practitioners in 

relooking or revamping their strategies for online shopping. 

Online websites should concentrate more to the female segments 

as results prove that females shop more in online shopping as 
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compared to men. Finding frequent item sets is not trivial because 

of its combinatorial explosion. Once frequent item sets are 

obtained, it is straightforward to generate association rules with 

confidence larger than or equal to a user specified minimum 

confidence. Further, we use many algorithms for finding 

informative patterns from the complex data source. 
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