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Abstract: -Recommender systems are becoming increasingly important to individual users andbusinesses for 

providing personalized recommendations. However, while the majority of algorithmsproposed in recommender 

systems literature have focused on improving recommendationaccuracy (as exemplified by the recent Netflix 

Prize competition), other important aspects ofrecommendation quality, such as the diversity of 

recommendations, have often been overlooked.In this paper, we introduce and explore a number of item ranking 

techniques that can generatesubstantially more diverse recommendations across all users while maintaining 

comparable levelsof recommendation accuracy. Comprehensive empirical evaluation consistently shows 

thediversity gains of the proposed techniques using several real-world rating datasets and differentrating 

prediction algorithms. 

I. INTRODUCTION 

In the current age of information overload, it is becoming increasingly harder to find relevantcontent. 

This problem is not only widespread but also alarming. Over the last 4-5 years,recommender systems 
technologies have been introduced to help people deal with these vastamounts of information , and they have 

been widely used in researchas well as e-commerce applications, such as the ones used by Amazon and Netflix. 

The most common formulation of the recommendation problem relies on the notion of ratings, i.e., 

recommender systems estimate ratings of items (or products) that are yet to be consumed byusers, based on the 

ratings of items already consumed. Recommender systems typically try topredict the ratings of unknown items 
for each user, often using other users’ ratings, and recommendtop N items with the highest predicted ratings. 

Accordingly, there have been many studies on developing new algorithms that can improve the predictive 

accuracy of recommendations.However, the quality of recommendations can be evaluated along a number of 

dimensions, andrelying on the accuracy of recommendations alone may not be enough to find the most relevant 

terms for each user. In particular, the importance of diverse recommendations hasbeen previously emphasized in 

several studies. These studies argue that one of the goals of recommender systems is to provide a user with 
highly idiosyncratic or personalized items, and more diverse recommendations result in more opportunities 

forusers to get recommended such items. With this motivation, some studies proposed new recommendation 

methods that can increase the diversity of recommendation sets for a given individualiser, often measured by an 

average dissimilarity between all pairs of recommended items, whilemaintaining an acceptable level of 

accuracy. These studies measure recommendation diversity from an individual user’s perspective In contrast to 

individual diversity, which has been explored in a number of papers, some recent studies  started examining the 
impact of recommender systems on sales diversity byconsidering aggregate diversity of recommendations 

across all users. Note that high individual diversity of recommendations does not necessarily imply high 

aggregate diversity. For example, if the system recommends to all users the same five best-selling items that are 

not similar to each other, the recommendation list for each user is diverse (i.e., high individual diversity), but 

onlyfive distinct items are recommended to all users and purchased by them (i.e., resulting in low aggregate 

diversity or high sales concentration). 

While more diverse recommendations would be helpful for individual users, they could be beneficial for some 
businesses as well. For example, it would be profitable to Netflix if the recommender systems can encourage 

users to rent “long-tail” type of movies because they areless costly to license and acquire from distributors than 

new-release or highly-popular movies of big studios  However, the impact of recommender systems on 

aggregate diversity in realworld-commerce applications has not been well-understood. For example, one study, 

usingdata from online clothing retailer, confirms the “long tail” phenomenon that refers to the increasein the tail 

of the sales distribution (i.e., the increase in aggregate diversity) attributable to the usage of the recommender 
system. On the other hand, another study 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 moreAs one of the most popular recommender system techniques, Collaborative Filtering achieves 
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efficiency from the similarity measurement of users and items. However, existing similarity measurement 

methods have reduced accuracy due to data correlation and sparsity. To overcome these problems, this paper 
introduces the Grey Forecast model for recommender systems. Firstly, the Cosine Distance method is used to 

compute the similarities between items. Then we rank the items, which have been rated by the active user 

according to their similarities to the target item, which has not yet been rated by the active user and select the 

first k items’ ratings as input to construct a Grey Forecast model and yield prediction. 

II. LITERATURE SURVEY 
 

Recommender systems help users scope with information overload in a wide range of Web services 

and have been broadly adopted in various applications, such as E-commerce (e.g. Amazon), online video 

sharing (e.g. YouTube), and online news aggregators (e.g. Digg). It presents the most attractive and relevant 

items to the user based on individual user’s characteristics. As one of the most promising recommender 

techniques, Collaborative Filtering (CF) predicts the potential interests of an active user by considering the 
opinions of users with similar taste. Compared to other recommender techniques (e.g. content based method), 

collaborative filtering technologies have the capability to recommend to users surprising items which aren’t 

similar to those they have seen before, and could work well in domains where the attribute content of items is 

difficult to parse. Generally, the representative Collaborative Filtering technique, memory based CF, has been 

widely used in many commercial systems due to its simple algorithm but reasonably accurate recommendation. 
These capture the user’s ratings on different items explicitly by asking the user or implicitly by observing 

his/her interaction with the systems to store them into a table known as the rating matrix. Datasparselyis difficult 

to find co-rated entries when the data is sparse. For instance, Bob and Lucy haven’t consumed the same items 

before. Thus, the similarity between them cannot be computed with existing methods. Furthermore, the 

similarities between users or items may not be obtained in the same dimensionality. For example, Alice and 

Lucy both rated milk and cake, the similarity between them is computed in 2-dimensional spaces; while Bob and 
Lily just have one co-rated entry, bread, the similarity between them is computed in 1-dimensional space. The 

results are biased.  

Data Correlation corresponds to the common features hidden in the data coming from the similar attributes 

among users or items. For instance, people who like Tom Cruise tend to give similar rating to movies “Mission: 

Impossible III” and “Mission: Impossible 4”; people with same age will have similar taste, so the ratings on the 

same item will be close. These correlations among the ratings result in the non-orthogonal vector space since the 

elements in different dimensions are not independent. Although the Pearson Correlation has eliminated the 

influence of average rating, such rating correlation still exists. Therefore, the similarities computed with these 

similarity measurement methods are not accurate.  

III. PROBLEM DEFINITION 

Recommender systems attractgrowing attention recently, as they can suggest appropriate choices to 

users based on intelligent prediction. As one of the most popular recommender system techniques, Collaborative 

Filtering achieves efficiency from the similarity measurement of users and items. However, existing similarity 

measurement methods have reduced accuracy due to data correlation and sparsity. To overcome these problems, 

this paper introduces the Greyforecast model for recommender systems. Firstly, the Cosine Distance method is 

used to compute the similarities between items. Then we rank the items, which have been rated by the active 

user according to their similarities to the target item, which has not yet been rated by the active user and select 

the first k items ratings as input to construct a Greyforecast model and yield prediction. 

Table1: Similarity Measurement 

User Purchase Notpurchase 

Om Milk,bread,cake Beer 

Sham Milk ,Bread Cake ,Beer 

Ram Milk , Cake Bread ,Beer 

Hari Bread, Beer Milk , Cake 
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4.1.  Cosine Distance Method 

The cosine of two vectors can be derived by using the Euclidian Dot Formula

Given two Vectors of attributes, A and

magnitude as 

 

The resulting similarity ranges from 

0 usually indicating independence, and in

text matching, the attribute vectors A

similarity can be seen as a method of normalizing document length during comparison.In the case 

of Information retrival the cosine similarity of two documents will range from 0 to 1, since the term frequencies 

(If-idf weights) cannot be negative. The ang

If the attribute vectors are normalized by subtracting the vector means (e.g.

centered cosine similarity and is equivalent to the

 

3.2 Pearson Correlation 

Pearson's correlation coefficient between two variables is defined as the

divided by the product of their standard deviations. The form of the definition involves a "product moment", that 

is, the mean (the first moment about the origin) of the product of the mean

modifier product-moment in the name.

An equivalent expression gives the correlation coefficient as

Based on a sample of paired data (X
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Bread Beer Cake Milk 

1  1  

Sham 1  ?  

   1  

 1 1   

IV. METHODS 

The cosine of two vectors can be derived by using the Euclidian Dot Formula formula:

 
and B, the cosine similarity, cos(θ), is represented using a

                                                             

The resulting similarity ranges from −1 meaning exactly opposite, to 1 meaning exactly the same, with 

0 usually indicating independence, and in-between values indicating intermediate similarity or dissimilarity.For 

A and B are usually the term frequency vectors of the documents. The cosin

similarity can be seen as a method of normalizing document length during comparison.In the case 

the cosine similarity of two documents will range from 0 to 1, since the term frequencies 

) cannot be negative. The angle between two term frequency vectors cannot be greater than

If the attribute vectors are normalized by subtracting the vector means (e.g., ), the measure is called 

centered cosine similarity and is equivalent to the Person Coefficient Relation 

Pearson's correlation coefficient between two variables is defined as the covariance

standard deviations. The form of the definition involves a "product moment", that 

first moment about the origin) of the product of the mean-adjusted random variables; hence the 

in the name. 

                                                         (2)

An equivalent expression gives the correlation coefficient as the mean of the products of the

Xi, Yi), the sample Pearson correlation coefficient is 
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formula: 

, is represented using a Dot product and 

                                                             (1) 

meaning exactly the same, with 

between values indicating intermediate similarity or dissimilarity.For 

vectors of the documents. The cosine 

similarity can be seen as a method of normalizing document length during comparison.In the case 

the cosine similarity of two documents will range from 0 to 1, since the term frequencies 

le between two term frequency vectors cannot be greater than 90°. 

), the measure is called 

covariance of the two variables 

standard deviations. The form of the definition involves a "product moment", that 

adjusted random variables; hence the 

(2) 

the mean of the products of the standard scores. 
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Where 

are the sample mean and sample standard deviation, respectively. Thus, the first parenthesized term in the 

previous summation is the standard score. (The terms for

 

3.3.Rating Prediction 

Grey theory was originally 

information insufficiency in analy

prediction and decision making. A r

algorithm, the Grey Forecast mode

accumulated generation   operation

Mean while, it has another significa

The rating sequence generated in t

constructing and future fore casting

prediction, and the GM(1,1) metho

Grey Fore cast model. The general p

 

Step1: Take the rating sequence 

                   ru
(0)  = { r(0)  (t)}            t=1,2,3,4,5….k

Step 2: Calculate new rating sequence by using formula

                 ru
(1)  = { r(1)  (t)}            t=1,2,3,4,5….k

               where 

                     r(1)  (t) =  �t
j=1 =  r(0)  (j)     t=1,2…k

step3: build first order differential equation

                   dr(1)  /dt+a z(1)  = b 

           Now calculate 

                  z(1)  (t) =(1-ἀ) r(1) (t-1) + 
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standard deviation, respectively. Thus, the first parenthesized term in the 

standard score. (The terms for Y are similar.) 

lly developed by Dentin1982[22].It mainly focuses on m

yzing and understanding systems via research on 

. A recommender system can be regarded as a Grey s

el is used to yield the rating prediction. The Grey Fo

ons to build differential equations, which benefit from 

cant character of requiring less data so it overcomes d

d in the phase of rating pre processing is all that is neede

g. These are there as on why we choose the Grey Foreca

hod is adopted in this paper.GM(1,1) indicates one va

procedure for a Grey Fore cast model is derived as foll

V. ALGORITHM 

 

(t)}            t=1,2,3,4,5….k 

Step 2: Calculate new rating sequence by using formula 

(t)}            t=1,2,3,4,5….k 

(j)     t=1,2…k 

step3: build first order differential equation 

1) + ἀ r(0)  (t)       where ἀ=0.2     and     t=2,3,….k 
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                                                               (3) 

                                                                (4) 

standard deviation, respectively. Thus, the first parenthesized term in the 

model uncertainty and 

n conditional analysis, 

y system and with our 

Forecast model utilizes 

 the data correlations. 

data scarcity problem. 

ed as input for model 

ecast model for rating 

variable and first order 

llows [23]: 
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step 4:   formulate the equation 

                   r(1)  (t+1) = (r(0)  (1) – b/a) e-ak +b/a 

      to find a,b 

                        calculate a^ = [a,b]T 

    a^ = (BT B)-1 BTY 

                              where 

 

Step 5:  pu,I = r(1) (t+1) - r(1) (t) 

 

VI. CONCLUSION AND FUTURE WORK 
 

Since the existing similarity measurement methods, such as Cosine Distance and Pearson Correlation, 

cannot compute the similarities between users or items accurately when the data is sparse and there exists strong 

data correlations, user based CF and item based CF methods don’t perform well in prediction accuracy. 

Recommender systems have made significant progress in recent years and many techniques have been proposed 
to improve the recommendation quality. However, in most cases, new techniques are designed to improve the 

accuracy of recommendations, whereas the recommendation diversity has often been overlooked. 

 In particular, we showed that, while ranking recommendations according to the predicted rating values (which 

is a de facto ranking standard in recommender systems) provides good predictive accuracy, it tends to perform 

poorly with respect to recommendation diversity. Therefore, in this paper, we proposed a number of 

recommendation ranking techniques that can provide significant improvements in recommendation diversity 
with only a small amount of accuracy loss. In addition, these ranking techniques offer flexibility to system 

designers, since they are parameterrizable and can be used in conjunction with different rating prediction 

algorithms (i.e., they do not require the designer to use only some specific algorithm).They are also based on 

scalable sorting-based heuristics and, thus, are extremely efficient. We provide a comprehensive empirical 

evaluation of the proposed techniques and obtain consistent and robust diversity improvements across multiple 
real-world datasets and using different rating prediction techniques. This work gives rise to several interesting 

directions for future research. In particular, additional important item ranking criteria should be explored for 

potential diversity improvements. This may include consumer-oriented or manufacturer-oriented ranking 

mechanisms, depending on the given application domain, as well as external factors, such as social networks.  

Also, more sophisticated techniques (such as optimization-based approaches) could be used to achieve further 

improvements in recommendation diversity, although these improvements may come with a (possibly 
significant) increase in computational complexity. Furthermore, exploration of recommendation diversity when 

recommending item bundles orsequences. 
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