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Abstract
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 parameterizable 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, as mentioned earlier, 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. Moreover, because of the inherent tradeoff between 
the accuracy and diversity metrics, an interesting research direction 
would be to develop a new measure that captures both of these 
aspects in a single metric. 
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I. Introduction
In the current age of information overload, it is becoming 
increasingly harder to find relevant content. This problem is not 
only widespread but also alarming [28]. Over the last 10-15 years, 
recommender systems technologies have been introduced to help 
people deal with these vast amounts of information [1, 7, 9, 30, 
36, 39] and they have been widely used in research as 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 by users, based on the ratings of items already 
consumed. Recommender systems typically try to predict the 
ratings of unknown items for each user, often using other users’ 
ratings, and recommend top 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, and relying on 
the accuracy of recommendations alone may not be enough to 
find the most relevant items for each user [24, 32]. In particular, 
the importance of diverse recommendations has been previously 
emphasized in several studies [8, 10, 14, 33, 46]. 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 for users 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 individual user, 
often measured by an average dissimilarity between all pairs of 
recommended items, while maintaining an acceptable level of 
accuracy [8, 33, 46]. These studies measure recommendation 
diversity from an individual user’s perspective (i.e., individual 
diversity). In contrast to individual diversity, which has been 
explored in a number of papers, some recent studies [10, 14], started 
examining the impact of recommender systems on sales diversity 
by considering 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 only five distinct 
items are recommended to all users and purchased by them (i.e., 
resulting in low aggregate diversity or high sales concentration). 
While the benefits of recommender systems that provide higher 
aggregate diversity would be apparent to many users (because 
such systems focus on providing wider range of items in their 
recommendations and not mostly bestsellers, which users are 
often capable of discovering by themselves), such systems could 
be beneficial for some business models as well [10-11, 14, 20]. 
For example, it would be profitable to Netflix if the recommender 
systems can encourage users to rent “long-tail” type of movies 
(i.e., more obscure items that are located in the tail of the sales 
distribution [2]) because they are less costly to license and acquire 
from distributors than new release or highly-popular movies of 
big studios [20]. However, the impact of recommender systems 
on aggregate diversity in real-world e-commerce applications has 
not been well understood. For example, one study [10], using data 
from online clothing retailer, confirms the “long tail” phenomenon 
that refers to the increase in 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 [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. For example, in the context of 
Netflix Prize competition [6, 22], there is some evidence that, since 
recommender systems seek to find the common items (among 
thousands of possible movies) that two users have watched, these 
systems inherently tend to avoid extremes and recommend very 
relevant but safe recommendations to users. As seen from this 
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recent debate, there is a growing awareness of the importance of 
aggregate diversity in recommender systems. Furthermore, while, 
as mentioned earlier, there has been significant amount of work done 
on improving individual diversity, the issue of aggregate diversity 
in recommender systems has been largely untouched. Therefore, 
in this paper, we focus on developing algorithmic techniques for 
improving aggregate diversity of recommendations (which we will 
simply refer to as diversity throughout the paper, unless explicitly 
specified otherwise), which can be intuitively measured by the 
number of distinct items recommended across all users. Higher 
diversity (both individual and aggregate), however, can come 
at the expense of accuracy. As known well, there is a tradeoff 
between accuracy and diversity because high accuracy may often 
be obtained by safely recommending to users the most popular 
items, which can clearly lead to the reduction in diversity, i.e., less 
personalized recommendations [8, 33, 46]. And conversely, higher 
diversity can be achieved by trying to uncover and recommend 
highly idiosyncratic or personalized items for each user, which 
often have less data and are inherently more difficult to predict, 
and, thus, may lead to a decrease in recommendation accuracy. 
Table 1 illustrates an example of accuracy and diversity tradeoff 
in two extreme cases where only popular items or long tail type 
items are recommended to users, using Movie Lens rating dataset. 
In this example, we used a popular recommendation technique, i.e., 
neighborhood-based Collaborative Filtering (CF) technique [9], to 
predict unknown ratings. Then, as candidate recommendations for 
each user, we considered only the items that were predicted above 
the pre-defined rating threshold to assure the acceptable level of 
accuracy, as is typically done in recommender systems. Among 
these candidate items for each user, we identified the item that 
was rated by most users (i.e., the item with the largest number of 
known ratings) as a popular item, and the item that was rated by 
least number of users (i.e., the item with the smallest number of 
known ratings) as a longtail item, if the system recommends each 
user the most popular item (among the ones that had a sufficiently 
high predicted rating), it is much more likely for many users to 
get the same recommendation (e.g., the bestselling item). 

II. Existing System 
Recommender systems are usually classified into three categories 
based on their approach to recommendation: content based, 
collaborative, and hybrid approaches [1,3]. Content based 
recommender systems recommend items similar to the ones 
the user preferred in the past. Collaborative Filtering (CF) 
recommender systems recommend items that users with similar 
preferences (i.e., “neighbors”) have liked in the past. Finally, 
hybrid approaches can combine content-based and collaborative 
methods in several different ways. Recommender systems can also 
be classified based on the nature of their algorithmic technique into 
heuristic (or memory-based) and model based approaches [1, 9]. 
Heuristic techniques typically calculate recommendations based 
directly on the previous user activities (e.g., transactional data or 
rating values). One of the commonly used heuristic techniques 
is a neighborhood-based approach that finds nearest neighbors 
that have tastes similar to those of the target user [9, 13, 34, 
36, 40]. In contrast, model-based techniques use previous user 
activities to first learn a predictive model, typically using some 
statistical or machine-learning methods, which is then used to 
make recommendations. Examples of such techniques include 
Bayesian clustering, aspect model, flexible mixture model, matrix 
factorization, and other methods [4-5, 9, 25, 44, 48]. In real world 
settings, recommender systems generally perform the following 

two tasks in order to provide recommendations to each user. First, 
the ratings of unrated items are estimated based on the available 
information (typically using known user ratings and possibly also 
information about item content or user demographics) using some 
recommendation algorithm. And second, the system finds items 
that maximize the user’s utility based on the predicted ratings, and 
recommends them to the user. Ranking approaches  proposed in 
this paper are designed to improve the recommendation diversity 
in the second task of finding the best items for each user. Because 
of the decomposition of rating estimation and recommendation 
ranking tasks, our proposed ranking approaches provide a flexible 
solution, as mentioned earlier: they do not introduce any new 
procedures into the recommendation process and also can be used 
in conjunction with any available rating estimation algorithm. 
In our experiments, to illustrate the broad applicability of the 
proposed recommendation ranking approaches, we used them 
in conjunction with the most popular and widely employed CF 
techniques for rating prediction: a heuristic neighborhood-based 
technique and a model based matrix factorization technique. Before 
we provide an overview of each technique, we introduce some 
notation and terminology related to recommendation problem. Let 
U be the set of users of a recommender system, and let I be the set 
of all possible items that can be recommended to users. Then, the 
utility function that represents the preference of item iI by user
uU is often defined as R:U IRating, where Rating typically
represents some numeric scale used by the users to evaluate each 
item. Also, in order to distinguish between the actual ratings and 
the predictions of   the recommender system, we use the R(u, i) 
notation to represent a known rating (i.e., the actual rating that user 
u gave to item i), and the R*(u, i) notation to represent an unknown 
rating (i.e., the system-predicted rating for item i that user u has 
not rated before). Neighborhood-based CF technique There exist 
multiple variations of neighborhood-based CF techniques [9, 36, 
40]. In this paper, to estimate R*(u, i), i.e., the rating that user u 
would give to item i, we first compute the similarity between user 
u and other users u’ using a cosine similarity Metric [9, 40]:

where, I(u, u’) represents the set of all items rated by both user 
u and user u’. Based on the similarity calculation, set N(u) of 
nearest neighbors of user u is obtained. The size of set N(u) can 
range anywhere from 1 to |U|-1, i.e., all other users in the dataset. 
Then, R*(u, i) is calculated as the adjusted weighted sum of all 
known ratings R(u’, i), where, u’  N(u) [13, 34]:

A neighborhood-based CF technique can be user-based or item-
based, depending on whether the similarity is calculated between 
users or items. Formulae (1) and (2) represent the user-based 
approach, but they can be straightforwardly rewritten for the item-
based approach because of the symmetry between users and items 
in all neighborhood-based CF calculations [40]. In our experiments 
we used both user-based and item-based approaches for rating 
estimation. Matrix factorization CF technique Matrix factorization 
techniques have been the mainstay of numerical linear algebra 
dating back to the 1970s [16, 21, 27] and have recently gained 
popularity in recommender systems applications because of their 
effectiveness in improving recommendation accuracy [41, 47]. 
Many variations of matrix factorization techniques have been 
developed to solve the problems of data sparsely, over fitting, and 
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convergence speed, and they turned out to be a crucial component 
of many well-performing algorithms in the popular Netflix Prize1 
competition [4-6, 15, 22, 29, 30]. We implemented the basic version 
of this technique, as presented in [15]. With the assumption that 
a user’s rating for an item is composed of a sum of preferences 
about the various features of that item, this model is induced by 
Singular Value Decomposition (SVD) on the user-item ratings 
matrix. In particular, using K features (i.e., rank-K SVD), user u 
is associated with a user-factors vector pu (the user’s preferences 
for K features), and item i is associated with an item-factors vector 
qi (the item’s importance weights for K features). The preference 
of how much user u likes item i, denoted by R*(u, i), is predicted 
by taking an inner product of the two vectors, i.e., 

III. Proposed Work
Typical recommender systems predict unknown ratings based on 
known ratings, using any traditional recommendation technique 
such as neighborhood-based or matrix factorization CF techniques, 
discussed in Section II. Then, the predicted ratings are used to 
support the user’s decision-making. In particular, each user u gets 
recommended a list of top-N items, LN(u), selected according to 
some ranking criterion. More formally, item ix is ranked ahead 
of item iy (i.e., ix  iy) if rank(ix) < rank(iy), where rank: I   
is a function representing the ranking criterion. The vast majority 
of current recommender systems use the predicted rating value as 
the ranking criterion:  The power of -1 in the above expression 
indicates that the items with highest-predicted (as opposed to 
lowest-predicted) ratings R*(u, i) are the ones being recommended 
to user. In the paper we refer to this as the standard ranking approach, 
and it shares the motivation with the widely used probability 
ranking principle in information retrieval literature that ranks the 
documents in order of decreasing probability of relevance [37]. 
Note that, by definition, recommending the most highly predicted 
items selected by the standard ranking approach is designed to 
help improve recommendation accuracy, but not recommendation 
diversity. Therefore, new ranking criteria are needed in order 
to achieve diversity improvement. Since recommending best-
selling items to each user typically leads to diversity reduction, 
recommending less popular items intuitively should have an effect 
towards increasing recommendation diversity. And, as seen from 
the example in Table 1 (in Section I), this intuition has empirical 
support. Following this motivation, we explore the possibility to 
use item popularity as a recommendation ranking criterion, and 
in the next subsection we show how this approach can affect the 
recommendation quality in terms of accuracy and diversity. Item 
popularity-based ranking approach ranks items directly based 
on their popularity, from lowest to highest, where popularity is 
represented by the number of known ratings that each item has. 
More formally, item popularity-based ranking function can be 
written as follows:

The power of -1 in the above expression indicates that the items 
with highest-predicted (as opposed to lowest-predicted) ratings 
R*(u, i) are the ones being recommended to user. In the paper 
we refer to this as the standard ranking approach, and it shares 
the motivation with the widely used probability ranking principle 
in information retrieval literature that ranks the documents in 
order of decreasing probability of relevance [37]. Note that, by 
definition, recommending the most highly predicted items selected 
by the standard ranking approach is designed to help improve 

recommendation accuracy, but not recommendation diversity. 
Therefore, new ranking criteria are needed in order to achieve 
diversity improvement. Since recommending best-selling items 
to each user typically leads to diversity reduction, recommending 
less popular items intuitively should have an effect towards 
increasing recommendation diversity. this intuition has empirical 
support. Following this motivation, we explore the possibility to 
use item popularity as a recommendation ranking criterion, and 
in the next subsection we show how this approach can affect 
the recommendation quality in terms of accuracy and diversity. 
The item popularity-based ranking approach as well as all other 
ranking approaches proposed in this paper  are parameterized 
with “ranking threshold” TR[TH, Tmax] (where, Tmax is the largest 
possible rating on the rating scale, e.g., Tmax=5) to allow user the 
ability to choose a certain level of recommendation accuracy. In 
particular, given any ranking function rankX(i), ranking threshold 
TR is used for creating the parameterized version of this ranking 
function, rankX(i, TR), which is formally defined as:

Simply put, items that are predicted above ranking threshold TR 
are ranked according to rankX(i), while items that are below TR are 
ranked according to the standard ranking approach rank Standard(i). 
In addition, all items that are above TR get ranked ahead of all items 
that are below TR (as ensured by u in the above formal definition). 
Thus, increasing the ranking threshold TR[TH, Tmax] towards Tmax 
would enable choosing the most highly predicted items resulting 
in more accuracy and less diversity (becoming increasingly similar 
to the standard ranking approach); in contrast, decreasing the 
ranking threshold TR[TH, Tmax] towards TH would make rankX(i, 
TR) increasingly more similar to the pure ranking function rankX(i), 
resulting in more diversity with some accuracy loss. Therefore, 
choosing different TR values in-between the extremes allows the 
user to set the desired balance between accuracy and diversity. 
In particular, as fig. 1 shows, the recommendation accuracy of 
item popularity-based ranking approach could be improved by 
increasing the ranking threshold. For example, the item popularity-
based ranking approach with ranking threshold 4.4 could minimize 
the accuracy loss to 1.32%, but still could obtain 83% diversity gain 
(from 385 to 703), compared to the standard ranking approach. An 
even higher threshold 4.7 still makes it possible to achieve 20% 
diversity gain (from 385 to 462) with only 0.06% of accuracy loss. 
Also note that, even when there are less than N items above the 
ranking threshold TR, by definition, all the items. above TR are 
recommended to a user, and the remaining top-N items are selected 
according to the standard ranking approach. This ensures that all 
the ranking approaches proposed in this paper provide the same 
exact number of recommendations as their corresponding baseline 
techniques (the ones using the standard ranking approach), which 
is very important from the experimental analysis point of view as 
well in order to have a fair performance comparison of different 
ranking techniques.
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IV. Results
In order to implement these three algorithms on the basis on time 
complexity and space complexity.

Fig. 1: Bar Chart on Basis on Time Complexity

Fig. 2: Line Chart on Basis on Time Complexity

Fig. 3: Line Chart on Basis on Space Complexity

Fig. 4: Bar Chart on Basis on Space Complexity

V. Conclusions
Recommender systems are becoming increasingly important 
to individual users and businesses for providing personalized 
recommendations. However, while the majority of algorithms 
proposed in recommender systems literature have focused on 
improving recommendation accuracy (as exemplified by the 
recent Netflix Prize competition), other important aspects of 
recommendation 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 generate 
recommendations that have substantially higher aggregate 
diversity across all users while maintaining comparable levels of 
recommendation accuracy. Comprehensive empirical evaluation 
consistently shows the diversity gains of the proposed techniques 
using several real-world rating datasets and different rating 
prediction algorithms. 

References
[1] G. Adomavicius, A. Tuzhilin,“Toward the Next Generation 

of Recommender Systems: A Survey of the State-of-the-Art 
and Possible Extensions”, IEEE Trans. On Knowledge and 
Data Engineering, 17(6), pp. 734-749, 2005.

[2] C. Anderson,“The Long Tail”, New York: Hyperion, 2006.
[3] M. Balabanovic, Y. Shoham,“Fab: Content-Based, 

Collaborative Recommendation”, Comm. ACM, 40(3), pp. 
66-72, 1997.

[4] R. Bellm, Y. Koren, C. Volinsky, (2007),“The BellKor 
solution to the Netflix Prize”, [Online] Available: http://
www.netflixprize.com/assets/ProgressPrize2007_KorBell.
pdf

[5] R. M. Bell, Y. Koren, C. Volinsky (2008),“The Bellkor 2008 
solution to the Netflix Prize”, [Online] Available: http://www.
research.att.com/~volinsky/netflix/ProgressPrize2008. Bell 
KorSolution.pdf

[6] J. Bennett, S. Lanning,“The Netflix Prize”, Proc. of KDD-
Cup and Workshop at the 13th ACM SIGKDD Int’l Conf. 
on Knowledge and Data Mining, 2007.

[7] D. Billsus, M. Pazzani,“Learning Collaborative Information 
Filters”, Proc. Int’l Conf. Machine Learning, 1998.

[8] K. Bradley, B. Smyth,“Improving Recommendation 
Diversity”, Proc. of the 12th Irish Conf. on Artificial 
Intelligence and Cognitive Science, 2001.



IJCST Vol. 3, ISSue 2, AprIl - June 2012 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m666    InternatIonal Journal of Computer SCIenCe and teChnology 

[9] S. Breese, D. Heckerman, C. Kadie,“Empirical Analysis of 
Predictive Algorithms for Collaborative Filtering”, Proc. 
of the 14th Conf. on U ncertainty in Artificial Intelligence, 
1998.

[10] E. Brynjolfsson, Y J. Hu, D. Simester,“Goodbye Pareto 
Principle, Hello Long Tail: The Effect of Search Costs on 
the Concentration of Product Sales”, NET Institute Working 
Paper, 2007.

[11] E. Brynjolfsson, Y. Hu, M.D. Smith,“Consumer Surplus in the 
Digital Economy: Estimating the Value of Increased Product 
Variety at Online Booksellers”, Management Science, 49(11), 
pp. 1580-1596, 2003.

[12] J. Carbonell, J. Goldstein,“The user of MMR, diversity-
based reranking for reordering documents and producing 
summaries”, Proc. of the ACM Conf. on Research and 
Development in Information Retrieval (SIGIR), pp. 335-
336, 1998.

[13] J. Delgado, N. Ishii,“Memory-Based Weighted-Majority 
Prediction for Recommender Systems”, Proc. ACM SIGIR 
’99 Workshop Recommender Systems: Algorithms and 
Evaluation, 1999.

[14] D. Fleder, K. Hosanagar,“Blockbuster Culture’s Next Rise 
or Fall: The Impact of Recommender Systems on Sales 
Diversity”, Management Science, 55(5), pp. 697-712, 
2009.

[15] S. Funk (2006),“Netflix U pdate: Try This At Home”, [Online] 
Available: http://sifter.org/˜simon/ journal/20061211.html

[16] K. R. Gabriel, S. Zamir,“Lower rank approximation of 
matrices by least squares with any choice of weights”, 
Technometrics, 21, pp. 489–498, 1979.

[17] R. Garfinkel, R. Gopal, A. Tripathi, F. Yin,“Design of a 
shopbot and recommender system for bundle purchases”, 
Decision Support Systems, 42(3), pp. 1974-1986, 2006.

[18] A. Ghose, P. Ipeirotis,“Designing Novel Review Ranking 
Systems: Predicting Usefulness and Impact of Reviews”, 
Proc. of the 9th Int’l Conf. on Electronic Commerce (ICEC), 
2007.

[19] C. Gini,“Meausrement of Inequality and Incomes”, The 
Economic Journal, 31, pp. 124-126, 1921.

[20] D.G. Goldstein, D.C. Goldstein,“Profiting from the Long 
Tail”, Harvard Business Review, June 2006.

[21] G.H. Golub, C. Reinsche,“Singular value decomposition 
and least squares solution”, Numer. Math., 14, pp. 403-420, 
1970.

[22] K. Greene(2006),“The $1 million Netflix challenge”, 
Technology Review. [Online] Available: http://www.
technologyreview.com/read_article. aspx?id=17587 & ch= 
biztech, October 6.

[23] O.C. Herfindahl,“Concentration in the steel industry”, 
U npublished Ph.D. dissertation, Columbia U niversity, New 
York, 1950.

[24] J.L. Herlocker, J.A. Konstan, L.G. Terveen, J. Riedl, 
“Evaluating Collaborative Filtering Recommender Systems”, 
ACM Transactions on Information Systems, 22(1), pp. 5-53, 
2004.

[25] T. Hofmann,“Collaborative Filtering via Gaussian 
Probabilistic Latent Semantic Analysis”, Proc. 26th Ann. 
Int’l ACM SIGIR Conf., 2003.

[26] Z. Huang,“Selectively Acquiring Ratings for Product 
Recommendation”, International Conference for Electronic 
Commerce, 2007.

[27] V. Klema, A. Laub, A.,“The singular value decomposition: 
Its computation and some applications”, IEEE Transactions 
on Automatic Control, 25(2), pp. 164-176, 1980.

[28] W. Knight (2005),“Info-mania’ dents IQ more than 
marijuana”, NewScientist.com, news, [Online] Available: 
http://www.newscientist.com/article.ns?id=dn7298.

[29] Y. Koren,“Tutorial on recent progress in collaborative 
filtering”, Proc. of the 2008 ACM Conf. on recommender 
systems, pp. 333-334, 2008.

[30] Y. Koren,“Collaborative filtering with temporal dynamics”, 
Proc. of the 15th ACM SIGKDD Int’l Conf. on Knowledge 
discovery and data mining, pp. 447-456, 2009.

[31] D. Lemire, S. Downes, S. Paquet,“Diversity in open social 
networks”, published online, 2008.

[32] S.M. McNee, J. Riedl, J. A. Konstan,“Being Accurate is Not 
Enough: How Accuracy Metrics have hurt Recommender 
Systems”, Conf. on Human Factors in Computing Systems, 
pp. 1097-1101, 2006.

[33] D. McSherry,“Diversity-Conscious Retrieval,” Proc. of 
the 6th European Conference on Advances in Case-Based 
Reasoning, pp. 219-233, 2002.

[34] A. Nakamura, N. Abe,“Collaborative Filtering U sing 
Weighted Majority Prediction Algorithms”, Proc. of the 15th 
Int’l Conf. Machine Learning, 1998.

[35] S.T. Park, D.M. Pennock,“Applying collaborative filtering 
techniques to movie search for better ranking and browsing”, 
Proc. of the 13th ACM SIGKDD International Conference on 
Knowledge discovery and data mining, pp. 550-559, 2007.

[36] P. Resnick, N. Iakovou, M. Sushak, P. Bergstrom, J. 
Riedl,“GroupLens: An Open Architecture for Collaborative 
Filtering of Netnews”, Proc. 1994 Computer Supported 
Cooperative Work Conf., 1994.

[37] S.E. Robertson,“The probability ranking principles in IR”, 
Readings in Information Retrieval, pp. 281-286, 1997.

[38] M. Sanderson, J. Tang, T. Arni, P. Clough,“What Else Is 
There? Search Diversity Examined”, European Conf. on 
Information Retrieval, pp. 562-569, 2009.

[39] B. M. Sarwar, G. Karypis, J. Konstan, J. Riedl,“Analysis 
of Recommender Algorithms for E-Commerce”, ACM 
E-Commerce 2000 Conf., pp.158-167, 2000.

[40] B. Sarwar, G. Karypis, J. Konstan, J. Riedl,“Item-Based 
Collaborative Filtering Recommendation Algorithms”, Proc. 
of the 10th Int’l WWW Conf., 2001.

[41] B. Sarwar, G. Karypis, J. Konstan, J. Riedl,“Application of 
Dimensionality Reduction in Recommender Systems—A 
Case Study”, Proc. ACM WebKDD Workshop, 2000.

[42] G. Shani, D. Heckerman, R. Brafman,“An MDP-based 
recommender system”, Journal of Machine Learning 
Research, 6, pp. 1265-1295, 2005.

[43] C.E. Shannon,“A Mathematical Theory of Communica-tion”, 
Bell System Technical Journal, 27, pp. 379–423 & 623–656, 
1948.

[44] L. Si, R. Jin,“Flexible Mixture Model for Collaborative 
Filtering”, Proc. of the 20th Int’l Conf. on Machine Learning, 
2003.

[45] B. Smyth, K. Bradley,“Personalized Information Ordering: A 
Case-Study in Online Recruitment”, Journal of Knowledge-
Based Systems, 16(5-6), pp. 269-275, 2003.

[46] B. Smyth, P. McClave,“Similarity vs. Diversity”, Proc. of 
the 4th Intl. Conf. on Case-Based Reasoning: Case-Based 
Reasoning Research and Development, 2001.



IJCST Vol. 3, ISSue 2, AprIl - June 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 667

[47] T. Fawcett, N. Mishra, N. Srebro, T. Jaakkola,“Weighted 
low-rank approximations”, In ICML, pp. 720–727. AAAI 
Press, 2003.

[48] X. Su, T. M. Khoshgoftaar,“Collaborative Filtering for Multi-
class Data Using Belief Nets Algorithms”, Proc. of the 8th 
IEEE Int’l Conf. on Tools with Artificial Intelligence, pp. 
497-504, 2006.

[49] S. Ten Hagen, M. van Someren, V. Hollink,“Exploration/
exploitation in adaptive recommender systems”, Proc. of 
the European Symposium on Intelligent.

Ms. B.JAYASREE is a student of NOVA 
college of Engineering & Technology, 
Jangareddygudem. Presently she is 
pursuing her M.TECH from this college 
and She received her graduation from 
JNTU K U niversity In the year 2010.

Mr.Ch.RajaJacob, well known Author 
and excellent teacher  Received M.C.A 
and M.Tech (CSE) from Acharya 
Nagarjuna university is working 
as Associate Professor and HOD, 
Department of MCA, M.Tech Computer 
science engineering , Nova college of 
Engineering and Technology,   He is 
an active member of ISTE. .he has 7 
years of teaching experience in various 
engineering colleges. To his credit 

couple of publications both national and 
international conferences /journals . His area of Interest includes 
Data Warehouse and Data Mining, information security, flavors 
of U nix Operating systems and other advances   in computer 
Applications.


