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Abstract— Now a day, it’s popular to buy a product online 

and online product shopping is a new trade in E-Commerce 

domain. Recommender systems (RS) is an essential part of 

the data and the e-commerce system.  RS are actually 

created for helping purchaser, users or customer in that 

particular domain. Shopping websites use purchase history 

based, user review base recommendation technology. Every 

user try to buy products based on its feature configuration so 

our system is such very important and helpful 

recommendation technology which is completely depends 

on features of product. The customers can choose their 

preferred products and buy many products online from the 

Online shopping website or portal. Online shopping 

websites combine Business-to-Consumers, Business-to-

business as well as Consumers-to-Consumers services with 

each other. Because of the customized, high feature and cost 

capability products the universality of the software is 

increases. Proposed system mainly work in two part 1) 

Initially our system recommend similar product using 

similarity algorithm and 2) Use FP growth algorithm for 

recommending other related products. Both work very well 

for our selected domain. For input feature profile we use 

dataset of product feature matrix and initial transaction 

matrix. 
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I. INTRODUCTION 

Our system present a Recommendation Matching products  

feature based algorithm and association rule based algorithm 

and we use it better way, demonstrate that it outperforms for 

purposes of online Shopping. System demonstrate and 

evaluate our approach across a broader set of domains 

including applications for Internet, security, system 

solutions, office tools, and programming domains. As our 

recommender system is intended to support domain analysis 

in large projects, we choose Electronic devices domain. This 

project incorporates features from a broad set of domains 

and demonstrates the usefulness of our recommender system 

in a more realistic development scenario. In Amazon’s 

adoption, recommender technology, often based on 

collaborative filtering, has been integrated into many e-

commerce and online systems. A significant motivation for 

doing this is to increase sales volume customers may 

purchase an item if it is suggested to them but might not 

seek it out otherwise. The main idea of Recommendation 

“Matching products feature based algorithm” is to find the 

utility range of products in a product class of the companies 

and show other similar products. 
The domain analysis is a technique of recognizing, 

identifying, establishing, exploring, and modeling structures 

which are common for a specific domain [1], [2]. The input 

as basic product description is given to the proposed system; 

the system recognizes this given description and creates a 

correlated feature recommendation using two 

recommendation algorithms. 

To learn similarity features of a product and to 

increase and improve the basic profile of the product, the 

unsupervised association rule mining methodology uses by 

our first algorithm[5], [6]. The second algorithm is used for 

recognizing the area of parallel products for finding a new 

features, it uses k-nearest neighbor technique and also 

improved the profile of the product [7]. The output of a 

system is the recommended features of a product, which is 

subpart of the requirement engineering methodology. This 

methodology helps project shareholders to define the 

features of a particular product. The following Figure 

1.describe a feature recommendation process of an antivirus 

product.  

II. RELATED WORK 

In previous work [8][11][12] recommender system and 

evaluated it in a restricted domain with relatively small-

sized software products. The capacity of computers to 

provide recommendations was recognized fairly early in the 

history of computing. Grundy [15], a computer based 

librarian, was an early step towards automatic recommender 

systems. In the early 1990s, collaborative filtering began to 

arise as a solution for dealing with overload in online 

information spaces. Tapestry was a manual collaborative 

filtering system: it allowed the user to query for items in an 

information domain, such as corporate e-mail, based on 

other users. Automated collaborative filtering systems soon 

followed, automatically locating relevant opinions and 

aggregating them to provide recommendations. Group Lens 

[14] used this technique to identify Usenet articles which are 

likely to be interesting to a particular user. Users only 

needed to provide ratings or perform other observable 

actions; the system combined these with the ratings or 

actions of other users to provide personalized results. With 

these systems, users do not obtain any direct knowledge of 

other users’ opinions, nor do they need to know what other 

users or items are in the system in order to receive 

recommendations. During this time, recommender systems 

and collaborative filtering became an topic of increasing 

interest among human–computer interaction, machine 

learning, and information retrieval researchers. This interest 

produced a number of recommender systems for various 

domains, such as Ringo for music, the BellCore Video 

Recommender [16] for movies, and Jester for jokes. 

In the late 1990s, commercial deployments of 

recommender technology began to emerge. Perhaps the 

most widely-known application of recommender system 

technologies is Amazon.com. Based on purchase history, 

browsing history, and the item a user is currently viewing, 

they recommend items for the user to consider purchasing. 

Since Amazon’s adoption, recommender technology, often 

based on collaborative filtering, has been integrated into 

many e-commerce and online systems. A significant 

motivation for doing this is to increase sales volume - 

customers may purchase an item if it is suggested to them 

but might not seek it out otherwise. Several companies, such 
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as Net Perceptions and Strands, have been built around 

providing recommendation technology and services to 

online retailers. 

The toolbox of recommender techniques has also 

grown beyond collaborative filtering to include content-

based approaches based on information retrieval, bayesian 

inference, and case-based reasoning methods. These 

methods consider the actual content or attributes of the items 

to be recommended instead of or in addition to user rating 

patterns. Hybrid recommender systems [17] have also 

emerged as various recommender strategies have matured, 

combining multiple algorithms into composite systems that 

ideally build on the strengths of their component algorithms. 

Collaborative filtering, however, has remained an effective 

approach, both alone and hybridized with content-based 

approaches. Research on recommender algorithms garnered 

significant attention in 2006 when Netflix launched the 

Netflix Prize to improve the state of movie recommendation. 

Recently, matrix factorization (MF) has become 

very popular in recommender systems both for implicit and 

explicit feedback. In early work [14] singular value 

decomposition (SVD) has been proposed to learn the feature 

matrices. MF models learned by SVD have shown to be 

very prone to over fitting. For item prediction Hu et al.[19] 

and Pan et al. [13] propose a regularized least-square 

optimization with case weights (WR-MF). The case weights 

can be used to reduce the impact of negative examples. 

Hofmann [18] proposes a probabilistic latent semantic 

model for item recommendation.   

III. IMPLEMENTATION DETAILS 

In this paper our system going to develop recommendation 

of products. Now a day every person wants to purchase 

electronic media devices. Online shopping is very popular 

now days.Proposed system going to develop “Recommender 

System” which is constructed in two part 

A. Similar Product RS system: 

 
Fig. 1: Constructing the Similar Product RS 

1) Part1: 

a) Input Product name:  

User wants to purchase one or few products. So initially 

need to specify which type of product they want. At this first 

stage of our system user specify their type of product and 

one of product name they want to similar. 

b) Product-by-feature matrix:  

This matrix is same for similar type products and different 

for different types. which is generated as a by-product And 

its included features, it is then used to construct Feature 

similarity based Similar products Recommendation 

algorithm.  

c) Recommender system itself:   

This system utilizes both the product-by-feature matrix and 

the Input product to generate on demand Similar product 

recommendations. System use similarity algorithm from 

which Most Similar products list is generated and top most 

are suggested as recommended products. 

B. Other Product RS 

 
Fig. 2: Constructing the Other Product RS 

1) Part 2: 

a. Selected product:  

Part 1 output is list of similar products, then user need to 

select one of them for confirmation of purchasing product. 

a) Purchase product transaction matrix:  

For recommending other related products our system need 

to one another matrix i.e. Transaction matrix table. This 

table includes previous purchase history of peoples. This 

table shows maximum relation between peoples purchase 

order so helpful for recommending other product. It is 

automated generated database as per purchase of the 

customer. In our implementation we initially consider few 

transactions. 

b) Association rule Algorithm:  

For creation of relations between products, our system use 

FP growth algorithm.  By using these algorithm frequent 

patterns are calculated and based on that pattern other 

products are recommended. In our implementation, the 

Association rule FP growth Algorithm has been shown to be 

an efficient method for recommending most frequently 

purchased other products. It use products transaction matrix. 

C. System Architecture: 

 
Fig. 3: Recommendation system. 

Fig 3 depicts how feature recommendations are made 

through a series of interactions with the user.  

1) Initial Product:  

First an initial product is given in a format compatible with 

the system. To accomplish this, the domain analyst can 
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suggest the product, which is then processed to match 

similar elements of the description to features in the system. 

2) Similar product recommendation:  

Similar other products are then listed according to their 

feature similarity based and presented to the user for 

confirmation. 

3) Product Recommendations Using Association Rule 

Mining:  

To suggest other product for purchase, we utilize association 

rule mining [5] FP growth algorithm which is known to 

return relatively accurate, albeit incomplete, 

recommendations. It is therefore ideal for the first step of 

recommending the products. 

D. Algorithm 

1) FP Growth 

FP growth is the most popular algorithm in association rule 

mining. FP (Frequent Pattern) which means commonly 

occurring patterns/items in input dataset and it use to 

generate rules on them. FP growth uses divide and conquer 

rule as follows: It shrinks the data set having frequent items 

an divide the shrink data base in certain condition with each 

frequent database and starts mining the database. 

Input: Transaction matrix,  

Method:  

1) Create FP Tree(A transaction matrix TM, min 

support threshold) 

2) FP_growth (FP-tree, min support threshold a)  

3) If tree has one and only path 

-Consider every one combination 

-Generate pattern a ∪ b with support as minimum 

support in b. 

Else 

For every header do 

Generate pattern b = ai U a considering support as 

ai support. 

Construct b patterns 

4) If tree b= null. 

5) FP_growth (Tree b, b);  

6) end 

Output: Set of Frequent patterns. 

2) Mathematical model  

a) Feature similarity based Similar products 

Recommendation algorithm  

Our system use in our system product feature matrix which  

include integer values of each feature of particular product . 

For determining similarity between user selected product 

and other same product of different features : 

 
Where, 

P = User selected product , 

Pm} 

Total m no of products. 

f = {f1,f2,f3,….., fn} 

Total n no of features. 

b) Association Rule 

Association rule learning is a popular and well researched 

method for discovering interesting relations between 

products in large databases. It is intended to identify strong 

rules discovered in databases using different measures of 

interestingness 

Let   I = { i1, i2 , i3, .............., in } 

- Set of products of n size; 

D = {t1,t2,t3,t4 , ..............,tm} 

- Set of transaction m size i.e. Database(Purchased 

product * Transaction matrix) 

Rule X --> Y; 

where X,Y  I   and  X  Y =  .   

Calculate based on SUPPORT  

Support(X)=  

IV. RESULTS AND DISCUSSION 

Product recommendation based on our implemented 

algorithm gives better result for similar products. For 

showing accuracy of our algorithm we use Expert 

recommendation versus our system recommendations. 

The proposed system use standard dataset as a 

input. The system will read the data set, generate the list of 

recommended products, apply the fp growth algorithm gives 

the final results. 

In the following graph the values of precision and 

recall are given. The value of precision and recall for both 

existing and proposed support are given. The values of 

recall for both existing and proposed system are given. 

 
Fig. 3: Precision and recall comparison graph 

 
Fig. 4: Measure graph 



Comparing Features and Recommending Products Online 

 (IJSRD/Vol. 3/Issue 06/2015/245) 

 

 All rights reserved by www.ijsrd.com 1047 

Resultant graphs and tables shows that our system will be 

work well for recommending product. In our system use FP 

Growth algorithm instead of Apriori algorithm for good 

accuracy and improve performance. 

V. CONCLUSION 

The performance of the recommender system was evaluated 

qualitative analysis. The results showed that our 

recommender system is capable of making viable product 

recommendations to help buyer or user for choosing a 

variety of products in online shopping process. The 

evaluation results presented in this project reveal that our 

method is more suitable for this task than some other well-

known Recommending methods.  Recommending product 

on the feature basis is essential task, which is our system 

fulfill. Our system proposed a Feature similarity based 

similar products Recommendation algorithm. Also for other 

product recommendation system use FP growth algorithm 

which gives very good output. All this work improves 

performance, accuracy and execution timing of the 

recommender system. Future work will focus on improve 

the interaction between the user and the system, explore 

techniques to enhance the navigation and visualization of 

the recommended features, and conduct more extensive 

qualitative evaluations with a wider group of users. 
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