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ABSTRACT
The explosive growth and availability of data on the internet has caused information overload. Searching for a query
is not easy in the sources of information available for the interest of an individual user. Collaborative filtering systems
recommend items based upon opinions of people with similar tastes. Collaborative filtering overcomes some difficulties
faced by traditional information filtering by eliminating the need for computers to understand the content of the
items. Further, collaborative filtering can also recommend articles that are not similar in content to items rated in the
past as long as like-minded users have rated the items. Collaborative filtering (CF) is one of the most frequently used
techniques in personalized recommendation systems. But currently used CF techniques are based on item rating
prediction. We proposed an improved personalized recommended CF algorithm. Hybrid recommender systems or
content-boosted technologies are quickly produce high quality recommendations. We have explored content-boosted
CF technique which analyzes the user-item matrix to identify relationships between different items, and then use
these relationships to indirectly compute recommendations for users. In this paper we analyze different Memory based CF and Model-based CF techniques. Finally, we experimentally evaluate our results and compare them. The
testing results show that in most cases, the improved algorithm that we put forward can improve recommendation
quality.
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1. INTRODUCTION

Recent years have seen the explosive growth in the
amount of information available through internet. www
has created the world as global village. Collaborative
filtering is a general approach to personalized
information filtering and automates the process of
recommending items to a user based upon the opinions
of people with similar tastes. In most cases, the filtering
system determines which users have similar tastes by
using standard formulae for computing statistical
correlations.
Many collaborative filtering techniques use a form
of weighted average to determine a prediction for a user.
These techniques use the correlation as the weights.
Every user receives a prediction for all items and submits
a rating of how well she likes an item after reading it.
This feedback given by her is used along with similar
feedback from other users to calculate a rating
prediction.
CF systems work by collecting user feedback in the
form of ratings for items in a given domain and exploit
similarities and differences among profiles of several
users in determining how to recommend an item. On
the other hand, content-based methods provide

recommendations by comparing representations of
content contained in an item to representations of content
that interests the user. Content-based methods can
uniquely characterize each user, but CF still has some
key advantages.
In this paper, we present the framework for this new
hybrid approach, Content-Boosted Collaborative
Filtering or Hybrid Collaborative Filtering (HCF). We
apply this framework in the domain of movie
recommendation and show that our approach performs
better than both pure CF and pure content-based systems.
In traditional collaborative filtering algorithms include
user-based collaborative filtering algorithm and
collaborative filtering algorithm based on item rating
prediction. User-based collaborative filtering algorithm
produces recommendation list for object user according
to the view of other users. It is based on these
assumptions: if the ratings of some items rated by some
users are similar, the rating of other items rated by these
users will also be similar. Collaborative filtering
recommendation system uses statistical techniques to
search the nearest neighbors of the object user and then
basing on the item rating rated by the nearest neighbors
to predict the item rating rated by the object user, and
then produce corresponding recommendation list.
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2. HYBRID COLLABORATIVE FILTERING (HCF)

Jester Joke Data Set

HCF systems combine CF with other recommendation
techniques to make predictions or recommendations.

Jester is a web based online joke recommendation system,
which has been developing at University of California,
Berkeley. This data has 73,421 users collected between
April 1999 and May 2003 with a rating from -10 to +10.

Hoping to avoid limitations of either recommender
system and improve recommendation performance, HCF
recommenders are combined by adding content-based
characteristics to CF models, adding CF characteristics
to content-based models, combining CF with contentbased or other systems, or combining different CF
algorithms.
3. IMPROVED ALGORITHM

•

Retrieve all the items.

•

Retrieve all the user-item rating.

For each user and user-item rating:
•

Compute the set which have been rated by user.

•

Compute the set which have not been rated by
user.

•

Compute the predicted rating of item rated by
user.

Further:
•

Select several users for each item and put them
in array.

•

Select suited books and store it.

Book Crossing Data Set
The BookCrossing dataset was collected by Cai-Nicolas
Ziegler in a 4-week crawl (August/September 2004) from
the Book-Crossing community with kind permission
from Ron Hornbaker, CTO of Humankind Systems. It
contains 278,858 users providing 1,149,780 ratings about
271,379 books.
Movie Lens Data Set
10 million ratings and 100,000 tags for 10681 movies by
71567 users.
5. RESULTS

Figure 1 shows the classification accuracy of our
experiment with EachMovie dataset. Note that since
there are 72,916 we limited it to 2000 users. The results
show that the maximum accuracy of 72.3%. It seems to
be sensitive to the number of selected features and it is
getting worse in proportion to the number of features
significantly.

On the basis of this system, we respectively use userbased CF recommendation algorithm based on item
rating prediction and the improved CF algorithm to
realize personalized recommendation, the method
adopted and analysis results are as the following.
4. EXPERIMENTS

We realize that to test content based collaborative
filtering algorithm, it is essential to be able to get both
the ratings of real users and the content of the articles
they rate. The EachMovie database has data only on the
ratings of the movies seen by the users.. Movies are
represented only by article numbers and not names. This
makes it unusable for our experiments on the integration
of content and collaborative filtering experiments. This
system allows the users to rate these articles and collects
the ratings given. We will use this system to collect the
ratings given by the user and the predictions computed
by the system.
Dataset
We used the following datasets as test data.
EachMovie data Set
The EachMovie service was part of a research project at
the DEC Systems Research Center. 72,916 users entered
numeric ratings for 1,628 movies with ratings from 0 to 1.

Figure 2 shows the classification accuracy of our
experiment with jester joke data set with 73421 users but
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we limited it to 2000 users. The results shows that the
maximum accuracy of 56%.
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of our hybrid approach, we believe that improving the
performance of the individual components would almost
certainly improve the performance of the whole system.
Although HCF performs consistently better than pure
CF, the difference in performance is not very large. The
performance of our system can be boosted by using the
methods described earlier.
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