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Abstract— Day-by-day, the personalized recommendations are 

required by the individual users and businesses are goes on 

increasing due to the importance in the recommender systems. 

For getting the recommendation accuracy in the recommender 

systems, many authors proposed many algorithms. The majority 

of algorithms proposed for the accuracy of the systems but fails 

to prove the diversity of recommendations. The diversity of 

recommendations is most significant in the recommendation 

quality. In order to overcome this fails, we present and examine a 

ranking technique in this paper. By using this technique, we can 

produce more number of the diverse recommendations for 

getting the perfect recommendation accuracy for all users. Our 

experimental analysis and evolution show the diversity gains of 

the proposed ranking technique by using prediction algorithms. 
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I. INTRODUCTION 

Now-a –days, data or information overload is goes on 

increasing due to the presence of the huge amounts of 

information. Due to information overload, the users harder to 

find the relevant information or content. To overcome this 

overload of information, the recommender system technology 

is introduced. This technology is very useful for the people to 

find the particular content or information and also used in 

research as well as e-commerce applications. 

 

In general wording of the recommendation faults relies on 

the idea of ratings to items or products. The recommender 

systems estimation is based on the ratings of products or items. 

These ratings are given by the consumer or users already 

consumed items or products. This system helps the each user 

to prophesy the ratings of unknown items. And also for to 

recommends the user to buy the highest predicted ratings 

items or products. There are number of studies are carried out 

many new algorithms in order to improve the accuracy of the 

recommendation systems. This proposed algorithm helps to 

find accuracy of the systems and fails to show the quality of 

the recommendations system. The accuracy of 

recommendations is not enough to find the most relevant 

items for each user of the systems and also diverse 

recommendations is very significant to find the relevant items 

or products. In particular, the importance of diverse 

recommendations has been previously emphasized in several 

studies [8], [10], [14], [33], [46], [54], [57]. These studies 

discuss about one of the aims of recommender systems is to 

provide a user with highly idiosyncratic or personalized items, 

and more diverse recommendations result in more 

opportunities for users to get recommended such items. With 

this impulse, the newly proposed recommendations methods 

helps to increase the diversity of recommendation sets for a 

given individual user, often measured by an average 

dissimilarity between all pairs of recommended items, while 

maintaining an acceptable level of accuracy. 

 

In compare to the individual diversity, it has been 

investigate in a number of papers, and in the recent studies, 

started to explore about the systems on sales diversity by 

considering total diversity of recommendations across all the 

users. Then the high individual diversity does not involve in 

the high total diversity. The recommender system 

recommends all the users for the same best selling items or 

products but that are not similar to each other. The main 

advantage of recommender systems is to furnish the higher 

accumulate diversity would be clearly to the many users and 

this systems are mainly focus on providing wider range of 

items in their recommendations and not mostly bestsellers, 

which users are often capable of discovering by themselves 

and also it could be the beneficial to some of the business 

patterns. Though the truth about the recommenders systems 

on accumulate diversity in real world e-commerce 

applications has not been well understand by the users. On the 

other hand, another study [14] shows a contradictory finding 

that recommender systems actually can reduce the aggregate 

diversity in sales. This can be explained by the fact that the 

idiosyncratic items often have limited historical data and, thus, 

are more difficult to recommend to users; in contrast, popular 

items typically have more ratings and, therefore, can be 

recommended to more users. 

 

In recently, importance of the aggregate diversity in 

recommender systems is goes on increasing towards the 

people. Meanwhile the individual diversity in the 
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recommenders system is very significant and improving 

amount of work done but the obstacles in the aggregate 

diversity in not even touched. So, in order to overcome the 

issues in the aggregate diversity, we propose new technique in 

this paper. The propose technique is mainly focus on the 

developing the algorithms for to improve the aggregate 

diversity in the recommendation systems. In the proposed 

technique, higher diversity is come at the expense of accuracy. 

Higher diversity in the recommenders systems are including 

both the individual and aggregate diversity. The higher 

diversity can be achieved by trying to uncover and 

recommended by personalized items for each user. This 

diversity often has less data and are inherently more difficult 

to predict, and, thus, may lead to a decrease in 

recommendation accuracy. 

 

Drawbacks in the higher diversity in the recommendations 

systems are recommending the less familiar items or products 

and the loss of recommendation accuracy in the case of 

substantial.  To overcome the issues in the higher diversity, 

we examine the new techniques to increase the diversity of 

recommendations and to reduce the accuracy loss in the 

recommendations systems. The newly proposed technique 

called as routing technique, is used to ranking the items in a 

descending order based on the rating given the consumer or 

user already buy the items. The results in the routing 

technique are delivered to the user at high level of accuracy. 

In this technique, item popularity plays an important factor to 

increase recommendations diversity maintaining at high level 

of accuracy. Our proposed technique has too many 

advantageous characteristics because it is works extremely 

efficient compared the previous systems. It is scalable in 

nature because it requires only the local data of the users and 

not to keep track in the global information or data of the users.  

This technique is parameterizable; due to the user has the 

control to choose the level of accuracy for which the diversity 

will be maximized. And also provides the flexible solution to 

the rating of items products. Our proposed technique produce 

the high performance gains are shown in the following 

experimental analysis section. 

 

 

II. RELATED WORKS 

 

In this section, we briefly discuss the works which is 

similar techniques as our approach but serve for different 

purposes. 

 

G. Adomavicius and A. Tuzhilin [1], This paper presents an 

overview of the field of recommender systems and describes 

the current generation of recommendation methods that are 

usually classified into the following three main categories: 

content-based, collaborative, and hybrid recommendation 

approaches. This paper also describes various limitations of 

current recommendation methods and discusses possible 

extensions that can improve recommendation capabilities and 

make recommender systems applicable to an even broader 

range of applications. These extensions include, among others, 

an improvement of understanding of users and items, 

incorporation of the contextual information into the 

recommendation process, support for multicriteria ratings, and 

a provision of more flexible and less intrusive types of 

recommendations. 

E. Brynjolfsson, Y.J. Hu, and D. Simester [10], this paper 

investigates the Internet's “long tail” phenomenon. By 

analyzing data collected from a multichannel retailer, it 

provides empirical evidence that the Internet channel exhibits 

a significantly less concentrated sales distribution when 

compared with traditional channels. Previous explanations for 

this result have focused on differences in product availability 

between channels. However, we demonstrate that the result 

survives even when the Internet and traditional channels share 

exactly the same product availability and prices. Instead, we 

find that consumers' usage of Internet search and discovery 

tools, such as recommendation engines, are associated with an 

increase the share of niche products. We conclude that the 

Internet's long tail is not solely due to the increase in product 

selection but may also partly reflect lower search costs on the 

Internet. If the relationships we uncover persist, the 

underlying trends in technology portend an ongoing shift in 

the distribution of product sales. 

D. Fleder and K. Hosanaga [14], his paper examines the 

effect of recommender systems on the diversity of sales. Two 

anecdotal views exist about such effects. Some believe 

recommenders help consumers discover new products and 

thus increase sales diversity. Others believe recommenders 

only reinforce the popularity of already-popular products. This 

paper seeks to reconcile these seemingly incompatible views. 

We explore the question in two ways. First, modeling 

recommender systems analytically allows us to explore their 

path-dependent effects. Second, turning to simulation, we 

increase the realism of our results by combining choice 

models with actual implementations of recommender systems. 

We arrive at three main results. First, some well-known 

recommenders can lead to a reduction in sales diversity. 

Because common recommenders (e.g., collaborative filters) 

recommend products based on sales and ratings, they cannot 

recommend products with limited historical data, even if they 

would be rated favorably. In turn, these recommenders can 

create a rich-get-richer effect for popular products and vice 

versa for unpopular ones. This bias toward popularity can 

prevent what may otherwise be better consumer-product 

matches. That diversity can decrease is surprising to 

consumers who express that recommendations have helped 

them discover new products. In line with this, result two 

shows that it is possible for individual-level diversity to 

increase but aggregate diversity to decrease. Recommenders 

can push each person to new products, but they often push 

users toward the same products. Third, we show how basic 
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design choices affect the outcome, and thus managers can 

choose recommender designs that are more consistent with 

their sales goals and consumers' preferences. 

Marko Tkalci ˇ c, Andrej Košir and Jurij Tasicˇ [58], in this 

paper Recommender systems have traditionally relied on data-

centric descriptors for content and user modeling. In recent 

years we have witnessed an increasing number of attempts to 

use emotions in different ways to improve the quality of 

recommender systems. In this paper we introduce a unifying 

framework that positions the research work, that has been 

done so far in a scattered manner, in a three stage model. We 

provide examples of research that cover various aspects of the 

detection of emotions and the inclusion of emotions into 

recommender systems 

M.Kalaivanan, and  K.Vengatesan [59], Search queries on 

large databases, often return a large number of results, only a 

small subset of which is relevant to the user. When the user 

wants to search the result for a particular query he or she find 

a lot of difficulties when query results are large in size. To 

overcome the searching and navigation difficulty the 

following contributions are made. Design very good user 

interface to search the query using front end tools like 

ASP.NET and it will fetch the result from databases like SQL 

SERVER 2005.For personalized recommendation system 

Advanced Encryption Standard algorithm is used to get the 

user feedback in securing format. Query results are organized 

into a tree format using a tree control. Using several real-

world ratings the comprehensive empirical evaluation shows 

diversity gains of proposed techniques. Ranking concept is 

used to display the concepts in order based on the number of 

times that the concept is accessed. An Edge cut algorithm is 

used to display the query result mostly related to the user 

expected results in tree format. A graph is generated based on 

spatial attributes. Ranking and categorization, which can also 

be combined, have been proposed to alleviate this information 

overload problem. 

III. PROPOSED WORK 

 

 

The drawbacks in the existing higher diversity in the 

recommendations systems are recommending the less familiar 

items or products and the loss of recommendation accuracy in 

the case of substantial.  To overcome the issues in the higher 

diversity, we examine the new techniques to increase the 

diversity of recommendations and to reduce the accuracy loss 

in the recommendations systems. The newly proposed 

technique called as routing technique, is used to ranking the 

items in a descending order based on the rating given the 

consumer or user already buy the items. The results in the 

routing technique are delivered to the user at high level of 

accuracy. In this technique, item popularity plays an important 

factor to increase recommendations diversity maintaining at 

high level of accuracy. Our proposed technique has too many 

advantageous characteristics because it is works extremely 

efficient compared the previous systems. It is scalable in 

nature because it requires only the local data of the users and 

not to keep track in the global information or data of the users.  

This technique is parameterizable; due to the user has the 

control to choose the level of accuracy for which the diversity 

will be maximized. And also provides the flexible solution to 

the rating of items products.  

 

 

 

IV. SIMULATION WORKS/RESULTS 
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V. CONCLUSION AND FUTURE WORKS 

 

Recently, the personalized recommendations are required 

by the individual users and businesses are goes on increasing 

due to the importance in the recommender systems. For 

getting the recommendation accuracy in the recommender 

systems, many authors proposed many algorithms. This 

system helps the each user to prophesy the ratings of unknown 

items. And also for to recommends the user to buy the highest 

predicted ratings items or products. There are number of 

studies are carried out many new algorithms in order to 

improve the accuracy of the recommendation systems. This 

proposed algorithm helps to find accuracy of the systems and 

fails to show the quality of the recommendations system. In 

our proposed technique ranking recommendations is showed 

as highly performance gains compared to the previously 

existing systems. This technique is fully depends on the rating 

values of the items or products. This type of rating is given by 

the already purchased user or consumer. And also provides the 

high level of accuracy in the information is showed through 

our experimental analysis and evaluation. Our proposed 

technique has too many advantageous characteristics because 

it is works extremely efficient compared the previous systems. 

It is scalable in nature because it requires only the local data 

of the users and not to keep track in the global information or 

data of the users.  This technique is parameterizable; due to 

the user has the control to choose the level of accuracy for 

which the diversity will be maximized. And also provides the 

flexible solution to the rating of items products. We provide a 

comprehensive empirical evaluation of the proposed 

techniques and obtain consistent and robust diversity 

improvements across multiple real-world data sets and using 

different rating prediction techniques 

Our proposed technique also extends at any direction in 

future works. It includes the mechanism of consumer-oriented 

ranking and manufacturer oriented ranking techniques is very 

useful for future works. This will depends on the applications 

domain of the users. This system may also for future 

approaches to the optimization of the recommendations 

systems to achieve the further improvements. Furthermore 

about the future improvements in the system may leads to the 

perceptions and acceptance of the diversity is very important 

research techniques in the recommender systems. And also 

recommending item bundles or sequences plays an important 

role in future studies about the recommendations diversity in 

the systems. 
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