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Abstract—the most common technique used for recommendations is collaborative filtering. Recommender
systems based on collaborative filtering predict user preferences for products or services by learning past
user-item relationships from a group of user who share the same preferences and taste. In this paper we
have explored various aspects of collaborative filtering recommendation system. We have categorized
collaborative filtering recommendation system and shown how the similarity is computed. The desired
criteria for selection of data set are also listed. The measures used for evaluating the performance of
collaborative filtering recommendation system are discussed along with the challenges faced by the
recommendation system. Types of rating that can be collected from the user to rate items are also
discussed along with the uses of collaborative filtering recommendation system.
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. INTRODUCTION

Collaborative Filtering is the process of filtering or evaluating items using the opinions of other people. This
filtering is done by using profiles. Collaborative filtering techniques collect and establish profiles, and determine
the relationships among the data according to similarity models. The possible categories of the data in the
profiles include user preferences, user behavior patterns, or item properties.

A. Differences between content based filtering and collaborative filtering systems are

) Content based filtering algorithms are based on the assumption that users are going to give similar
rating to object with similar objective features[1]. Collaborative filtering algorithms are on the assumption that
people with similar taste will rate thing similarly.

. Content based filtering requires content to analyze using an appropriate model, it can be difficult to
obtain the content analyze and represent. Collaborative filtering algorithms do not require content [2].

. Content based filtering algorithms recommends the items that match up the user profile, it does not
recommends the items that do not match up user profile even though they are very similar to items matching up
the profile.

Collaborative filtering algorithms recommend all items that are similar to the given item.
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B. Drawbacks of content based filtering algorithms
There are two major drawbacks to the use of content based filtering systems.

. The first drawback is some items do not have intrinsic content, because content-based systems are
primarily document classifiers, and don’t generally work with other types of items like movies, restaurants, etc.
. The second problem is that they may be too restrictive may not be able generalize sufficiently because

they are primarily designed to return items similar to those already rated by the user, there is a chance that a user
may miss out on interesting items outside the range of documents they have already rated..

C. Advantages of Collaborative filtering Algorithms

. Collaborative filtering Algorithms do not require contents to be analyzed.

. Collaborative filtering Algorithms does not spend time on developing language, analyzing document,
developing parsing tools and word stemming algorithms, it focus on the clustering algorithms.

. Collaborative filtering Algorithms does not store huge amounts of term frequency data for each user

and document, it creates user profiles and item profile. User profile which are defined by the user’s ratings for
the items he has rated, rather than probability figures for very word in the English language. Item profile
consists solely of the item’s actual content.

Il. COLLABORATIVE FILTERING SYSTEM FUNCTIONALITIES
The functionalities of Collaborative filtering recommendations system can be stated as

A. Recommendations and predictions

1) Recommendation
Recommendations functionality displays a list of items to a user. The items are listed in the order of usefulness
to the user. For example Amazon’s recommendation algorithm aggregates items similar to a user’s purchases
and ratings without ever computing a predicted rating [3].

2) Prediction
In prediction a calculation of predicted rating is made for a particular item. Prediction is more demanding that
recommendations because in order to make predictions the system must be able to say something about required
item. Some algorithms take advantage of this to be more scalable by saving memory and computation time [3,
4].

B. Prediction versus Recommendation

. Prediction and Recommendation tasks place different requirements on a CF system.

. To recommend items, information regarding all items is not required. To provide predictions for a
particular item, information regarding every item, even rarely rated ones is required

. The Algorithms used for recommendations have less memory and computation time requirements when
compared to algorithms used for making predictions.

. Recommendation tasks require calculation of predictions or some scoring function for many (if not all)
items.

Therefore a single prediction request can afford a more expensive prediction calculation than a recommendation
request.

I1l. CHALLENGES AND PROBLEMS OF COLLABORATIVE FILTERING

A. Challenges

Challenges faced by collaborative filtering algorithms are

1) Sparsity of data
When recommendations system are used for large number of products then the size of user-item matrix become
large and sparse thus it becomes challenging to make recommendations and to maintain the performance of
recommendations. The cold start problem is an example of data sparsity problem when a new user or item has
just entered the system; it is difficult to find similar ones because there is not enough information [5, 6].

2) Increase in the number of users and items
Scalability problem occurs when the number of users and items grows tremendously .There will not be adequate
computational resources to meet the new demands.

3) Similar items
Some items will be categorized as different items by recommendation system because of difference in name this
situation is addressed as synonymy problem.

4) Graysheep
Some users will not consistently agree or disagree with any group of people these users are called Graysheep,
they cannot take the advantage of collaborative filtering techniques.

5) Blacksheep
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Blacksheeps are opposite group of people who are not in favor of recommendation system concept.

6) False recommendations
When there is no restriction on who can make recommendations many companies (workers) loads the
recommendation system with thousands of recommendations for their products and negative recommendations
for their competitors.

7) Privacy
People do not like intrusion in their lifestyle they do not want their habits, preferences, taste, views to be made
public. To protect against this, security techniques are developed based on encryption and shared keys [7].
Where a user can encrypt their ratings and peers can tally encrypted ratings. Once ratings are totaled, distributed
agents use shared keys to decrypt the rating tallies, without being able to see the original ratings.

B. Problems

If few ratings are available for user or items collaborative filtering algorithms will not make correct
recommendation. Steps must be taken to overcome these problems by incorporating few adjustments for users,
items, and user and item pairs with few co-ratings some adjustments for rarely-rated entities are

1) Setting threshold for rating
A threshold will be set up for rating if the value of rating is greater than the threshold then we take that
user/items in consideration for predicting recommendations ex in user-based algorithm, all neighbors will be
discarded who have fewer than k co-ratings with the target user.

2) Rarely-rated entities
The rarely-rated entities are adjusted by pulling them closer to an expected mean. Users with few co-ratings may
be adjusted closer to 0 in Pearson similarities. The adjustment amount is inversely proportional to the number of
ratings in collaborative filtering.

3) Prior belief
Skewing of data can be avoided by incorporating artificial data points that match an expected distribution. For
example, if we believe that user’s ratings will generally match a probability distribution p. This prior belief can
be incorporated into user correlation calculation by including k artificial co-rated items whose ratings are
independently drawn from p.

IV. SIMILARITY COMPUTATIONS IN COLLABORATIVE FILTERING ALGORITHMS

The most critical step in memory based collaborative filtering techniques is the computation of similarity
between user or items, for item based collaborative filtering we first compute the similarity between item i and
item j first and then identify the users who have rated both these items and a similarity computation is done to
determine the similarity between co-rated items of uses, for user based collaborative filtering algorithms the
similarity Wx,y between the user x, user y who have already rated the items is calculated first. There are many
different methods to compute similarity or weight between users or items.

A. Correlation based similarity

Correlation based similarity measures can be used for computing similarity between two users x and y or
between two items i and j. ex is pearson correlation measures the extent to which two variables linearly relate to
one another [8]. Pearson correlation measures for users are given as in (2).

Z(ru,i - ru)(rv,j - rv)
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Pearson correlation measures for items is given as

> (ri=F)(r,;-F)
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Other correlation-based similarities include constrained pearson correlation, a variation of pearson correlation
that uses midpoint instead of mean rate. Spearman rank correlation, similar to pearson correlation, except that
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the ratings are ranks and kendall’s t correlation, similar to the spearman rank correlation, but instead of using
ranks themselves, only the relative ranks are used to calculate the correlation.

B. Vector cosine similarity

In vector cosine similarity documents are treated as vectors of words frequency and similarity between two
documents is measured by computing the cosine of the angle formed by frequency vectors [9]. We can adapt
vector cosine based similarity for collaborative filtering by treating users or items as document and rating
instead of word frequency. If R is mxn matrix then the similarity between two items i and item j can be

computed as the cosine of the n dimensional vector corresponding to i and j column of matrix R (3).

W, = cos(i, ]] =I7J_
(LRIl 3)

To get the desired similarity computed for n items an nxn similarity matrix is computed. If a vector A={x1,y1},
vector B={x2,y2}then the vector cosine similarity between A and B is given as in (4)

—_— 7*7
WAVBzcos(A,B): A*B XX VY,

IAIFIBI X2 +y7 X2 +y3 (4)

V. CATEGORIZATION OF COLLABORATIVE FILTERING ALGORITHMS
The collaborative filtering algorithms are categorized as

1. Memory based Recommendations

2. Model based Recommendations

3. Hybrid Recommendations

4. Recommendations based Probabilistic algorithms
5. Recommendations based Non-probabilistic

A. Memory based Recommendation

Memory based Recommendation generalizes from memory based data at the time of making memory based
learning it is also referred as lazy learning. In memory based learning users are divided into groups based on
their interest. When a new user comes into system we determine neighbors of users to make predictions for him.
Memory based recommendation uses entire or sample of user item database to make predictions. Basically the
memory based collaborative filtering can be represented in two ways according to breese[2].
1. Neighbor based collaborative filtering
2. Top N Recommendation

1) Neighbor based collaborative filtering
In order to obtain predictions and recommendations to neighbor—based collaborative filtering we chose a subset
of neighbors of active users the criteria for choosing a subset is based on the similarity of users with active users
then we compute the weighted aggregate for their rating to generate recommendations [10]. Neighbor—based
collaborative filtering consists of the three main steps. In first step all users will be weighted and similarity is
computed with respective to the active user. In the second step subsets of user called as predictors will be
selected. In the third step rating is normalized and the weights of selected neighbors are combined with rating to
make prediction.

a) User-Based Nearest neighbor algorithms

User-based nearest neighbor algorithms generated predictions for users based on ratings from similar users
called as neighbors .If a user n is similar to a user u, we say that n is a neighborof u. user-based algorithms
generate a prediction for an item i by analyzing ratings for ifrom users in u’s neighborhood. by using the
following formula (5).

ZiCRu,n (rUi - F“ Xrni - Fn )
\/ZiCCRM (ri— F”)z ZiCCRu’n (ri — F”)2

userSim(u,n) =

(®)
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userSim()is calculated by using the pearson correlation. The pearson correlation coefficient is calculated by
comparing ratings for all items rated by both the target user and the neighbor as given in (6).

! - - 6
pred(u,i)=r, + 2Zne nelghbors(u)users'm(U,n).(rnI r) ©)

2nc neighbors(u)users'm(u’ )

Above formula calculates pearson correlation coefficient between user u and neighbor n, where CR,,. denotes
the set of co-rated items between u and n.Pearson correlation ranges from 1.0 for users with perfect agreement
to -1.0 for perfect disagreement users [4,11].

CHALLENGES OF USER-BASED ALGORITHMS

Skewing occurs when the number of user who has rated a common items are few

Pearson coefficient fails to incorporate global agreement. The negative correlations in  Pearson coefficient
are not valuable in increasing prediction accuracy correlations.

To calculate neighbors efficiently the amount of memory and time increase linearly with the increase in
number of users and items. In order to reduce memory and time consumption we can use sub sampling by
selecting a subset of users before a prediction is made and clustering algorithms where a user is compared
with a group of users rather than a single user.

b) Item-Based Nearest Neighbor Algorithms

Item-based algorithms generate predictions based on similarities between items [12]. Items are prediction based
on a user’s ratings for similar items. Item based algorithms are transpose of user based algorithms. A prediction
for a user u and item i is composed of a weighted sum of the user u’s ratings for items most similar to i where
itemSim()is a measure of item similarity, but not user similarity.ltemSim() is calculated using (7)

ZuCRBi,j (rui —FuXI’ni —Fn)
\/ZuCRB'J (rm _Fu)z \/ZUCRB.‘, (rnj _Fu)2

itemSim(i, j) =
()

Adjusted-cosine similarity, similarity metric is used to compute item similarity by using all users who have rated
both item i and j as in (8). RBi,j denotes the set of users who have rated both item iand item j.

Zj c ratedltems(u)itemSim(u’n)'(i - j)rui

pred(u,i)= T
Zj = ratedltems(uj'tems'm(" i)

(8)
CHALLENGES OF ITEM-BASED ALGORITHMS
e  Skewing occurs when there are few items co rated by users.

e Asthe number of items increases the size of the model increases we can reduce the size by only storing
correlations for item pairs with more than k co- ratings, by pruning many of the correlations it becomes
difficult to make a prediction for a given target item and user, since the items correlated with the user’s
ratings may not contain the target item.

2) Top N Recommendations

In Top N Recommendations system the set of top N ranked item that will be of interest to a certain user will be
recommended [13].

a) User based Top N Recommendations Algorithms
The first step in user based top n recommendations is to identify the k most similar users to the active user by
either person correlation or vector space model. Each user is represented as m dimensional item space similar
computations are carried on vectors user-based top-n recommendation algorithms have limitations related to
scalability and real-time performance [13].

b) Item based Top N Recommendations Algorithms
The first step in Item based top n recommendations is to identify the k most similar item to the given set of
items. Candidate set c is calculated by taking the union of k and removing each item in the set u that a user has
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already purchased the similarity is computed between the set ¢ and u recommendations are made for the top n
items by sorting the result set in decreasing order.
3) Extensions to memory based algorithms

Extensions to pure memory based algorithms are provided by the following approaches

a) Voting
The recommendations becomes unreliable when there are only few users that have voted for a particular item in
order to avoid this problem we can introduce the concept of default voting with some minimum value for
votes[8,14].

b) User Frequency inverse

The items liked by all users may not be useful in computing the similarity when compared to the items liked by
few users this idea is called as inverse user frequency and it is defined as f,=log(n/n,) where x is the number of
users who have rated item x and n is the total number of users [15].

c) Case amplification

In case amplification extension we apply transformation to the weight by favoring high weights and low weights
are neglected [10].

d) Imputations-Boosted collaborative filtering algorithms

When the rating data for collaborative filtering becomes sparse the accuracy of pearson correlation based
collaborative filtering becomes problematic to maintain [16, 17]. The solution for this problem is to use
Imputations techniques to fill in the data before using pearson correlation based collaborative filtering.

e) Weighted majority prediction
The prediction in the weighted majority prediction is made using the rows with observed data in the same
column, weighted by the believed similarity between the rows with binary rating values [18].

B. Model based collaborative filtering

Model based collaborative filtering is a two stage process for recommendations in the first stage model is
learned offline in the second stage a recommendation is generated for a new user based on the learned model.
Model based collaborative filtering can be represented as[19] .

1) Bayesian Belief network collaborative filtering
Bayesian Belief network is a directed acyclic graph(DAG) with a triplet<N.A,®>,each node n} N represents
random variable each directed arc aY A represents probabilistic association between variables and ® represents a
conditional probability table quantifying how much a node depends on its parents[20].

a) Simple naive Bayesian collaborative filtering algorithms
Naive Bayes (NB) strategy is used to make predictions for simple bayesian collaborative filtering
algorithms[21]. In Naive Bayes classifier we assume the features are independent for a given class the
probability is calculated by taking all features, the class with the highest probability will be classified as
predicted class.
b) NB-ELR and TAN-ELR collaborative filtering algorithms

The drawback of simple Bayesian algorithms is the inability to deal with incomplete data. In order to overcome
this drawback Extended Logistic Regression algorithm(ELR) a gradient descent algorithm is used which is a
discriminative parameter learning algorithm that maximize log conditionals likelihood TAN-ELR (Tree
Augmented Naive Bayes and Naive Bayes optimized by ELR) have high classification accuracy for Both
complete and incomplete data[22].

2) Clustering collaborative filtering algorithms
A cluster is a collection of data objects that have high intra class similarity and low inter class similarity [23,
24]. Similarity is measured using minkowski distance and pearson correlation for two data object
X=(Xg,X2, X301 - Xn) and Y=(y,Y2,Ys.....yn) minkowski distance is defined as in (9)

©)

Where n is the dimension number of objects and xi,yi are the values of the i" dimension of object x and y
respectively.
g is a positive integer
If g=1, then d is called as manhattans distance
If g=2, then d is called as Euclidian distance.
clustering methods can be classified as Partitioning methods ,Density based methods and Hierarchical methods
3) Regression based collaborative filtering algorithms
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Regression based collaborative filtering algorithms are used when two rating vectors differ in terms of
Euclidean distance but have very high similarity according to vector cosine or pearson correlation measure[25].
Memory based collaborative filtering algorithms cannot be used in this case because they do not fit well in this
situation. We use regression methods which uses regression model to addressesthis problem by making good
predictions for numerical values.

4) MDP based collaborative filtering algorithms
Recommendations are viewed as a sequential optimization problem in MDP based collaborative filtering
algorithms. It uses Markov decision processes (MDP) model for generating recommendations [26, 27].

5) Latent semantic collaborative filtering models
Latent semantic collaborative filtering models introduces latent class variables in a mixture model setting to
discover user communities and prototypical interest profiles by using statistical modeling
techniques[28,29,30].The model performs decomposition of user preferences using overlapping user
communities. This technique has high accuracy and scalability when compared to standard memory based
methods.

C. Hybrid collaborative filtering techniques

In Hybrid collaborative filtering system collaborative filtering is combined with other recommendations
techniques like content based filtering. Content based recommendation system make predictions based on the
content of textual information like URLs, logs, item description and profiles about user taste, preferences and
needs. Demographic based recommendation system uses user profile information such as occupation, gender,
postcode to make recommendations
Utility based recommenders and knowledge based recommender system uses knowledge about how a particular
object satisfies user needs.

1) Hybrid recommenders combining collaborative filtering algorithms
This type of recommendations uses the combination of both classes of collaborative filtering approaches
memory based collaborative filtering algorithms and model based collaborative filtering algorithms [31]. The
performance of these algorithms is better that than some pure memory based and model based collaborative
filtering algorithms.

2) Hybrid Recommenders Incorporating CF and Content-Based Features.
Content boosted collaborative filtering algorithm is based on naive bayes classifier which classifies the content
and fills in the missing values of rating matrix with the predictions of the content predictors to form a pseudo
rating matrix in which observed rating are kept untouched and missing rating are replaced by the predictions of
content predictors. boosted collaborative filtering recommender performance is better that some pure memory
based and model based collaborative filtering algorithms[32].

D. Probabilistic Algorithms

Probabilistic CF algorithms predict rating based on probability distributions [2]. The probabilistic CF algorithms
calculate the probability that, given a user u and a rated item i, the user assigned the item a rating of r: p(r|u,i).
Predicted rating is calculated based on either the most probable rating value or the expected value of r. The

formula for user u ’s expected rating for an item 1 is given as follows in (10).

E(r|u,i):zr:r.p(r|u,i)

(10)

1) Bayesian network models
Bayesian-network models are the most popular probabilistic framework thatderive probabilistic dependencies
among users or items [33]. Bayesian networks uses decision trees to compactly represent probability tables, for
each recommendable item a separate tree is constructed. The choice of a branch at a node in the tree depends on
the user's rating (or lack of rating) for a particular item. Probability vector for user's ratings of the predicted item
is stored in the nodes of the tree.

2) Probabilistic clustering dimensionality reduction techniques.
A hidden variable p(z|u) that represents the probability a user belongs to the hidden class z is introduced by
Probabilistic dimension reduction techniques. The formula(11) for calculating the probability of user u rating
itemivaluer.

p(ru,i)=>" p(r|i,z)p(z|u)

: (11)

The corresponding prediction is the expectation of the rating value given in (12)
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E(r| u,i):zr:(r.zz: p(r|zi)p(z| u)j

Advantage of probabilistic algorithms

probabilistic algorithms can produce a probability distribution across possible rating values by compute the most
probable rating, the algorithm’s confidence can be calculated by computing the likelihood of that rating being
correct.

(12)

E. Non-probabilistic Algorithms

The examples for Non-probabilistic Algorithms arenearest neighbor algorithms. There are two different classes
of nearest neighbor CF algorithms: user-based nearestneighbor and item-based nearest neighbor. Non-
probabilistic dimensionality reduction algorithms that transform the ratings space to reduce the ratings space
dimensionality. Other commonly cited algorithms not discussed here include graph-based algorithms, neural
networks, and rule-mining algorithms.

1) Non-probabilistic Dimensionality Reduction Algorithms

Collaborative filtering can support millions of users and items which forms the domain for collaborative
filtering. Several dimensionality reduction algorithms are proposed to reduce the domain complexity by carrying
out the mapping from item space to a smaller number of underlying dimensions [34,35]. The advantages of
smaller dimensions are less run-time performance requirements and it lead to larger numbers of co-rated
dimensions. The dimensions might represent the latent topics or tastes present in those items. Items can be
predicted based on a user’s underlying tastes. Vector-based technique defines a mapping between a user’s taste
and their ratings. Simple vector operations are used in mapping functions, and item can be predicted in constant
time. Vector-based techniques for extracting underlying dimensions include support vector decomposition [34],
principal component analysis [35], and factor analysis [36].

2) Challenges in Dimensionality Reduction Algorithms

e The primary challenge for Dimensionality Reduction Algorithms is the mathematical complexity which
leads to challenges in debugging and maintaining the software.

e Dimensionality Reduction Algorithms expensive offline computation are carried to generate the latent
dimensional space.

e Heuristic methods are needed for practical implementation of these techniques for incrementally
updating the latent dimensional space without re-computing it in entirely.

e Dimensionality Reduction Algorithms can improve accuracy in predicting ratings but the
improvements are not substantial enough to overcome the practical challenges of complexity.

VI. USES OF COLLABORATIVE FILTERING

The tasks for which collaborative filtering can be performed are [37]

1. To find new items that a user might like.

2. To find a group of users who share common interest.

3. To find a set of items that a group of user may like.

4. To gain an advice on a particular item.

5. To find a set of items that are recommended along with the previous set of items that a user has liked.
6. To find a set of items that can be recommended along with a single item.

VII. PROPERTIES OF DOMAIN SUITABLE FOR COLLABORATIVE FILTERING

The properties of domain can be classified as properties concerning
1. Items,

2. Users,

3. Changes in item/preferences.

A. Items
. Many items must be present in the domain.

Many rating must be associated with each item.

Homogeneity must be present in items of same type (like all CDs must have same price range).
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B. Users
e  Many users must be there in the domain.

e  Each user must rate multiple items.
e There must be a set of users who share a common taste.

e There must be a provision for user to inform other users in the group about a new product by giving
subjective measure.

C. Changes in items

There are many items in collaborative filtering technique and only few will be rated by a set of users who have
already rated some other similar item, if items are added and subtracted from the item space frequently then it
becomes difficult to maintain the performance of collaborative filtering algorithms.

D. Changes in preferences

If the user taste changes frequently with time then it becomes difficult to implement collaborative filtering
algorithms.

VIIIl. SELECTION OF DATA SET FOR COLLABORATIVE FILTERING

The criteria for selection of data set depends on the following questions

1. Whether the recommendations can be based on offline evaluations made on data set or it require online
evaluations

2. Whether the recommendation can be based on simulated data or actual data.

3.What properties must be present for a dataset to best model the task for which the recommendations is being
evaluated.

The advantages of making recommendation evaluation offline are it is quick, economical and requires the
running of algorithm on the appropriate subset of data. The drawbacks of offline evaluations are if a user has not
rated a particular item recommendations cannot be evaluated and recommendations does not reflect the
changes that occur in user preferences because they are limited to objective evaluation of prediction results an
alternative to offline is to carry live user experiments that may be controlled.

The dataset specifically synthesized to match the properties of target domain is called simulated data set and it is
used in situations when existing data sets does not match perfectly the properties of the target domain and task.
The simulated data set can used for testing data for oblivious flaws but cannot be used for modeling the nature
of real users and real data.

A. Properties of data sets

Properties of data sets depends on
1. Nature of content being recommended.
2. Nature of specific recommender system from which the data was collected.
3. Distribution of data sets.
1) Nature of content being recommended
The nature of content being recommended depends on
. On the context in which recommendations are made.

. Tradeoff between novelty and quality needs of users novelty is the urge for some additional
new information which may be of interest to user apart from high confidence(quality ) predictions
made traditional collaborative filtering system.

. Whether the benefit derived from recommendation system outranges the cost incurred in
recommendation system.

. The levels of user preferences. In binary preferences two levels are present either good or bad.
Levels of user preferences are different from ranges of rating, in rating the user gives the rating value
but is not bothered about whether the rating corresponds to good or bad.

2) Nature of specific recommender system from which the data was collected
Nature of specific recommender system from which the data was collected includes
. Features of rating
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. Features concerning data collection methods

a) Feature of rating
i. Explicit or implicit rating or both are used to rate items. Explicit is taken by user directly; implicit is inferred
from user behavior.
ii. The scale used for rating items ex: unary, binary.
iii. Number of dimensions (attributes) used for rating.
iv.When timestamp are associated with a particular item. Timestamps are associated with datasets when user
preferences are expected to change in future.

b) Features concerning data collection methods

i. Some recommendations record all recommendations results provided to the user by time stamping the
recommendations made and storing them in logs.
ii. Demographic data is also recorded along with the datasets so that demographic information can be used to
obtain recommendations.
iii. Bias is associated with data collection mechanism used by user to rate an item.

3) Distribution of data sets
The distribution of data emphasis on statistical information like size of data set and properties of data sets.

e  The number of users for which recommendations are made.

e  The number of items rated by each user.
e  The tradeoff between number of users and number of items.

IX. PAST AND CURRENT TRENDS IN DATASETS

EachMovie Dataset (http:// research.compag.com/SRC/eachmovie/) is the most commonly used dataset.This
extensive dataset has over 2.8 million ratings from over 70,000 users, and it includes information such as
timestamps and basic demographic data for some of the users EachMovie Dataset was used in dozens of
machine learning and algorithmic research projects to study new and potentially better ways to predict user
ratings.

EachMovie Dataset is the seed to MovieLens system (http://www.movielens.org). Extracts (100,000 ratings
and 1 million ratings) of the MovieLens dataset have also been released for research use these extracts have
been used by several researchers, in their investigation of cold start recommendations, in their evaluation of
item-based algorithms in their community extraction research, in their work on “collaborative sanctioning.”

Jester dataset is used more recently, which was collected from the Jester joke recommendation website. The
Jester dataset has different characteristics than the MovieLens and Eachmovie data. First of all, there is a set of
training items (jokes) that are rated by every single user, providing complete data on that subset of items.
Second, in the Jester user interface, the user clicks on a unlabeled scale bar to rate a joke, so the ratings are
much less discrete and may suffer from different kinds of biases since it is hard for the user to intentionally
create a ranking among their rated items.

X.  ACQUIRING RATINGS

Collaborative filtering is based on acquiring rating from users on items .rating can be taken from user in either
of the following ways

1. Explicit Rating

2. Implicit Rating

A. Explicit Rating
Explicit ratings offer the most accurate description of a user’s preference for an item with the least amount of

data ,it is provided explicitly by users and it require additional work from the user, therefore it can be
challenging to collect ratings particularly when creating a new collaborative filtering service[38].

B. Implicit Rating

In implicit ratings observations are made from user behavior by deriving inferences of user preference [39].
Implicit rating is collected with little or no cost to the user, but ratings inference may be imprecise. To overcome
this uncertainty associated with implicit ratings we use aggregated values by collecting multiple observations of
variables that are predictive of a rating and combining them into a single estimated rating either by voting or
averaging.
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C. The Challenge of Collecting Explicit Ratings

Explicit ratings require time and dedicated attention of the user. Many experiments have demonstrated that
collecting explicit ratings is not as challenging as previously thought because of the following reasons [40].

1. In Collaborative filtering system all users are not required to provide large no of ratings Instead you just need
a relatively small number of “early adopters” who rate frequently and continuously. Sufficient information is
provided by early adopters to generate recommendations for the remaining users of the system. A limited
number of ratings must be provided by the remaining users so that the system can learn their preferences.

2. Users appear to gain benefit from rating by having higher quality recommendations.

3. By providing Explicit rating user will feel a sense of responsibility by providing an opinion that will
contribute to the advancement of community.

D. Rating Scales

The choice of explicit rating scale is very important ex of some scales are unary scale which rates either good or
“don’t know”, Binary scale which rates as good or bad. Integer scale which provides integer ranges 1-5, 1-7, or
1-10[41].

More infarmation regarding each user’spreference can be collected if we use fine grained scale. Finer grained
scales require more complex user interfaces.

If a very precise scale (with a large range) is selected, a user can give different rating to same items at different
time because of the diversity in range of scale there by increasing the uncertainty in the rating.

The most|important consideration is the desires of the user population. Sometime users feel to have fine-grained
scales so that they can represent their preferences properly.

Xl. CoLD START PROBLEM

For initial recommendations to be made there will not be enough rating this situation is referred to as cold start
problem the performance of the system is degraded by this problem.
The problem can occur in three scenarios.

A. New user

A new use registers for a collaborative filtering service ,they do not have rating on record so no personalized
predictions can be made this problem can be solved by making user rate some items before using a service or
displaying non personalized recommendations until the user has rated enough or asking for demographic
information.

B. New item

A new item added to collaborative service will not have rating therefore it will not be recommended this
problem can be solved by randomly selecting item with few or no rating and by asking user to rate those items
or recommending through content analysis.

C. New Community

Boostrapping a new community is the biggest cold start problem to overcome boostraping problem rating
incentives are provided to small bootstrap subset of the community, before inviting entire community to use the
service or we can use non collaborative filtering techniques to provide initial recommendations.

XIl.  MEASURES USED FOR COLLABORATIVE FILTERING

A. Confidence Metrics

/A confidence metric indicates the support for a particular prediction can be supplied by collaborative filtering
system when the confidence measures are below a certain applications may choose not to display predictions.
Confidence measures can also be used when selecting items for recommendation. Generally the items with
highest predicted ratings are recommended by collaborative filtering algorithms.

Probabilistic algorithms may be able to use their computed probability distributions to estimate confidence [42].
User-based algorithms often use confidence measures that incorporate the agreement for an item in a user’s
neighborhood, and the number of co rated items between neighbors and the user. Item-based algorithms may
measure the number of ratings for correlated pairs of items contributing to a prediction

B. Predictive Accuracy Metrics.

Predictive accuracy metrics measure the closeness of the true user ratings and recommender system’s predicted
ratings. Predictive accuracy rating will be displayed to the user as an annotation in context in predictive
accuracy metrics like number of stars are displayed as rating in movielens for a movie.

predictive accuracy can also be used to measure the ability of a recommender system to rank |tems with respect
to user preference as the predicted rating values create an ordering across the items, to measure predictive

ISSN : 0975-3397 Vol. 4 No. 05 May 2012 869



Mohd Abdul Hameed et al. / International Journal on Computer Science and Engineering (1JCSE)

accuracy the metric that computes the difference between the predicted rating and true rating such as mean
absolute error are used[43] .

1) Mean Absolute Error and Related Metrics.
Mean absolute error (often referred to as MAE) measures the average absolute deviation between a predicted
rating and the user’s true rating[45].

IR
‘E‘:H N (@13

There are basically two advantages of mean absolute error first the computation logic is simple and easy to
understand. Second, mean absolute error is based on sound statistical properties that provide a means for testing
the significance of a difference between the mean absolute errors of two systems.

Three measures related to mean absolute error

Mean squared error,

Root mean squared error,

Normalized mean absolute error.

In the first two variations importance is given to errors by squaring error before summing it. The third
related measure allows comparisons to be done between prediction runs on different datasets. Normalized mean
absolute error is mean absolute error normalized with respect to the range of rating values
C. Classification Accuracy Metrics.

The frequency with which a recommender system makes correct or incorrect decisions about whether an item is
good is obtained by classification metrics measure. Classification metrics are used for taskswhen users have true
binary preferences. Data sparsity problem occurs when classification accuracy metrics is applied to non-
synthesized data in offline experiments.

D. Precision and Recall and Related Measures

To evaluate information retrieval systems the two most important metrics are precision and recall [45,46]

TABLE 1: Table Showing the Categorization of Items in the Document Set

Not selected Total
Relevant Nrs Nrn Nr
Irrelevant Nts Ntn Nn
Total Ns Nn N

The item set used for precision and recall must be separated into two classes’ i.e. relevant or not relevant. The
rating scale must be transformed to binary. We also need to separate the item set into the set that was returned to
the user (selected/recommended), and the set that was not. We assume that the user will consider all items that
are retrieved.

1) Precision
Precision is defined as the ratio of relevant items selected to number of items selected. Precision represents the
probability that a selected item is relevant is given as (14).

P — Nrs
N, (14)
Where Nrs are the relevant items selected Ns is the number of items selected

2) Recall
Recall,, is defined as the ratio of relevant items selected to total number of relevant items available. Recall
represents the probability that a relevant item will be selected is given as in (15).

R:&

N, (15)

Precision and recall depend on the separation of relevant and non-relevant items. Most information retrieval
evaluation has focused on an objective version of relevance in objective version relevance is defined with
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respect to a query, and is independent of the user. In Recommender systems items are recommended based on
the user preferences and the user is the only person who can determine if an item meets his taste requirements.
Thus, relevance is more inherently subjective in recommender systems than in traditional document retrieval.
Several approaches have been taken to combine precision and recall into a single metric. One approach is the F1
metric which combines precision and recall into a single number is given by (16)

_ 2PR
P+R (16)

F1

Mean average precision or MAP is an alternate approach taken by the TREC community is to compute the
average precision across several different levels of recall or the average precision at the rank of each relevant
document.

F1 and mean average precision may be appropriate if the underlying precision and recall measures on which it
is based are determined to be appropriate.

. Precision and recall cannot measure the quality of the ordering among items that are selected as
relevant.
. Precision and recall are less appropriate for domains with non-binary granularity of true preference.

E. ROC Curves, Swets’ A Measure, and Related Metrics

A theoretically grounded alternative to precision and recall is provided by ROC curve-based metrics. The ROC
model attempts to measure the extent to which an information filtering system can successfully distinguish
between signal (relevance) and noise [47,48]. The ROC model assumes that the information system will assign a
predicted level of relevance to every potential item.

o ’ _'\""-. X Relevant
Non-Relevant ’ e : “ /

Probability

Predicted Level of Relevance

zc #— lilter cutofl

Figure.1: A possible representation of the density functions or relevant and irrelevant items

Fig. 1 gives the distribution of density function for the relevant and irreverent items .The distribution on the
right indicates the probability for items that are relevant. The distribution on the left represents the probability
distribution for an item that is in reality not relevant to the information need. The further apart these two
distributions are, the better the system is at differentiating relevant items from non-relevant items. zc is the cut
off that all items that the system ranks above the cutoff are viewed by the user, and those below the cutoff are
not viewed by the user. For each value of zc, there will be a different value of recall (percentage of good items
returned, or the area under the relevant probability distribution to the right of zc) and fallout (percentage of bad
items returned, or the area under the non- relevant probability distribution to the right of zc). The ROC curve
represents a plot of recall versus fallout, where the points on the curve correspond to each value of zc. An
example of an ROC curve is shown in the following above figure.

A common algorithm for creating an ROC curve goes as follows:

(1) Select the criteria for identify whether an item is relevant or non-relevant.

\(2) A predicted ranking is generated for all items.

(3) For each predicted item, in decreasing order of predicted relevance (starting the graph at the origin).
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Figure.2: An example of an ROC curve

(a) If the predicted item is indeed relevant, draw the curve one step vertically.

(b) If the predicted item is not relevant, draw the curve one step horizontally to the right.

(c) If the predicted item has not been rated (i.e., relevance is not known), then the item is simply discarded and
does not affect the curve negatively or positively.

An example of an ROC curve constructed in this manner is shown in above Fig. 2.The p-values shown on the
curve represent different prediction cutoffs. For example, if we chose to select all items with predictions of 4 or
higher, then we experience approximately 45% of all relevant items and 20% of all non-relevant items. An ROC
curve for a perfect predictive system goes straight upward until 100% of relevant items have been encountered,
then straight right for the remaining items. A random predictor is expected to produce a straight line from the
origin to the upper right corner. ROC curves are useful for tuning the signal/noise tradeoff in information
systems.

ROC curves make an assumption of binary relevance Similar to Precision and Recall measures. Items
recommended are either successful recommendations (relevant) or unsuccessful recommendation (non-
relevant). Thus the ordering among relevant items has no consequence on the ROC metric—if all relevant items
appear before all non-relevant items in the recommendation list, you will have a perfect ROC curve.

F. Learning Rate

Statistical models are used by learning algorithms [49]. The performance of Collaborative filtering
recommender systems is based on the amount of learning data available. As size of learning data increases, the
quality of the predictions or recommendations should increase. Different recommendation algorithms can reach
“acceptable” quality of recommendations at different rates. Some algorithms may only need a few data points to
start generating acceptable recommendations, while others may need extensive data points. Three different
learning rates have been considered in recommender systems:

Overall learning rate,

Per item learning rate,

Per user learning rate.

. The recommendation quality is determined by overall learning rate as a function of the overall number
of ratings in the system (or the overall number of users in the system).

. The quality of predictions for an item is determined by the per-item learning rates is a function of the
number of ratings available for that item.

. The quality of the recommendations for a user is determined by per-user learning rate is as a function
of the number of ratings that user has contributed.
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The most common method for comparing the learning rates of different algorithms is to graph the quality versus
the number of ratings (quality is usually accuracy). Learning rates are non-linear and asymptotic (quality can’t
improve forever), and thus it is challenging to represent them compactly. Large size of data sets is the major
reason for not having adequate metrics for evaluation of learning rate. Algorithm learning rates will become a
much more significant evaluation factor when the recommender systems spread into the more data-sparse
domains.

G. Coverage

The measure of the domain of items in the system over which the recommendation system can form predictions
or make recommendations [50]. Systems with lower coverage will be limited in the decisions may be less
valuable to users.The most common measure for coverage has been the number of items for which predictions
can be formed as a percentage of the total number of items. To measure coverage of this type is to collect
random sample of user/item pairs, a prediction is made for each pair, and we measure the percentage for which a
prediction was provided. Coverage must be measured in combination with accuracy.

H. Novelty

Novelty is the ability of a CF system to recommend items that the user was not already aware of even stronger
than novelty is the idea of serendipity, where users are given recommendations for items that they would not
have seen given their existing channels of discovery. Researchers have studied how to adjust algorithms to
promote serendipity and novelty, but measuring novelty is challenging because it requires live user studies
where participants indicate if a recommendation was novel.

XIIl. EVALUATION OF COLLABORATIVE FILTERING RECOMMENDER SYSTEM

Recommendation is provided to a user based on the opinion of group of users who belong to the same
community. The evaluation of recommender system and their algorithms depends on the following three main
criteria

A. Characteristic of data set

The performance of collaborative filtering algorithms dependence on the type of data sets. Many collaborative
filtering algorithms have been designed specially to suite the characteristic of data set, different algorithms are
used when there are many users than items and when there are many items when compared to user.

B. Goals

Collaborative filtering algorithms can be used for various goals such as measuring the accuracy of collaborative
filtering or for measuring large errors that occur due to difference in actual rating and predicted rating or for
measuring the degree to which recommendations cover the entire range of items. But the most important goals
of recommendation algorithm is to attain high level of user satisfaction .the user must be satisfied by using
recommendation system.

C. Choice of measure

Many measures are available to measure the performance of collaborative filtering algorithms. An efficient
choice has to made to select the best possible measure for evaluating the performance of collaborative filtering
algorithms

XIV. USER EVALUATION OF COLLABORATIVE FILTERING ALGORITHMS
User evaluation metrics are used to evaluate user reaction to a recommender system. Thedimensions for user
evaluation are as follows
A. Explicit (ask) vs. implicit (observe)

For explicit evaluation we ask users about their reactions to a system and for implicit evaluation we observe
user behavior. In explicit evaluation survey and interview methods are used. The implicit evaluation usually
consists of logging user behavior, then subjecting it to various sorts of analyses.

B. Laboratory studies vs. field studies

Lab studies are good for testing well-defined hypotheses under controlled conditions. Lab studies allow focused
investigation of specific issues. Field studies can reveal what users actually do in their own real contexts,
showing common uses and usage patterns, problems and unmet needs, and issues that investigators may not
have thought of to consider in lab settings.

C. OQutcome vs. process

We have to design what counts as a successful outcome for each task in the system accuracy may be the
fundamental metric from systems perspective. From a user perspective, however, metrics must be defined
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relative to their particular task. For most tasks a successful outcome requires users to act on the system’s
recommendations, and actually purchase a book, rent a movie, or download a paper. However, to simply
measure whether a goal is achieved is not sufficient.

D. Short-term vs. long-term

Some issues may not become apparent in a short term study, particularly a lab study. Therefore we have to
dedicate enough resources and time for long term issues.

XV. CONCLUSION

The progress made by recommender systems over the last decade is tremendous. Content based, collaborative
and hybrid methods were proposed and several industrial-strength systems have been developed. The advantage
of collaborative filtering is that recommendations for a new user are based on the preferences made by group of
users who has similar taste or preferences. Collaborative filtering techniques have been proposed to decrease the
processing time and the data latency. The recommendation systems can predict user behavior patterns without
any knowledge of the user in advance, and accuracy can be evaluated by comparing the prediction and reality.
In this paper, we reviewed various limitations of the current recommendation methods and discussed possible
extensions that can provide better recommendation capabilities.However, despite all these advances, the current
generation of recommender systems surveyed in this paper still requires further improvements to make
recommendation methods more effective in a broader range of applications. These extensions include, inclusion
of context in recommendations, incorporating improvements in modeling of users and items, support for
multidimensional ratings. We hope that the issues covered in this paper would advance the discussion in the
recommender systems community about the next generation of recommendation technologies.

XVI. FUTurRE WORK

There are many open research problems in recommender systems; we focus attention on evaluation-related
problems. When error occurs in recommendation system user satisfaction is decreased. The most important
things are to decide to which metric the user is sensitive to, what is the minimum change in level before user
notice or user behavior changes.

As the performance of collaborative filtering algorithms depends on the domain used till now no researchers
have systematically compared a set of algorithms across a variety of different domains to understand the extent
to which different domains are better served by different classes of algorithms. If such research is done then it
would simplify the evaluation of algorithms a dataset with the desired properties can be selected by system
designers without needing domain-specific testing. Most metrics used primary focus on accuracy, and ignore
issues such as usefulness of results and the level of satisfaction the user has obtained by using recommendation
system. Hybrid recommendations can be developed that combines advantages of collaborative and content
based filtering techniques. Much research has to performed in the area that covers the changes in preference of
user over time, choosing an appropriate data sets that best models the task that the recommendation system has
to perform ,there are basically only few datasets that are freely available to validate the performance of
collaborative filtering algorithms, effective techniques has to be designed to overcome the cold start problem
and genetic algorithms can be used to perform optimization on the results obtained by recommendation system.
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