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Abstract
The proliferation of information on internet and growth of 
e-commerce has resulted in information overload. As the size 
and richness of information grows, so does the users are faced 
with the complexity of trying to accomplish the most relevant and 
reliable information effectively and efficiently.  Recommender 
systems gained prominence as it alleviated the information 
overload problem and presented different methods by inferring 
individual personalized Recommendations. This paper provides 
a comprehensive survey on state of the art of Recommender 
Systems, portrays us with an outline of different methods and 
challenges in the areas of personalized web information gathering 
which make Recommender Systems capture the user’s behavior 
and can be used for personalized web applications.
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I. Introduction
The explosive growth of information on the Internet and 
e-commerce has brought comforts of life, but it also has caused the 
information overload problem. It is necessary to exploit accurate 
Recommender Systems to assist users in finding personalized 
results. Personalized Recommenders systems offer a feasible 
solution when users want to ensure that proper content is delivered 
to them, when the number of choices increases. It has received 
more attention and has evolved in recent years as they helped 
in providing people with relevant products that they might be 
interested in. Recommenders systems have the ability to provide 
personalized and meaningful information recommendations by 
taking into account individual users interests and information 
needs. Recommender Systems can be defined as an information 
filtering technique that presents meaningful recommendations 
that are likely to be of interest to the user for items or products.  
Recommender systems are now an integral part of a large number 
of important e-commerce and leisure Web sites like Amazon, 
Netflix, Last.fm, and in many online retailers, recommendation 
models have proved to be successful. Though different approaches 
have been developed to build recommender systems over the past 
few years there is a need for further improvement in the current 
generation of recommender system to achieve a more effective 
human decision support, in a wide variety of applications and 
scenarios. This paper explores the role of recommendations as 
a part of information seeking system, review on advantages and 
disadvantages of various recommendation approaches, it also 
focuses on some of the challenges in building Recommenders 
and focus on some of the novel techniques which extend their 
capabilities.

II. Exploiting Concepts For Personalized Recommender 
Systems
The main aim of Recommender systems is to automatically 
suggest items what suits user’s preferences. It typically involves 
converting a set of inputs into recommendations using a predefined 

process as shown in fig. 1.  They assist users with the decision 
making process when choosing items with multiple alternatives 
(Werthner, Hansen and Ricci 2007).  Recommender systems are 
popular due to their e-commerce application purposes. Essentially, 
Recommender systems help e-commerce sites earn more revenue 
for their site. Recommender systems require three basic concepts 
– Users, Items and Ratings.  Users are the customers who have 
preferences on items.  Items are the things which are chosen to 
recommend.  Ratings are the opinions on items provided by the 
user which are expressed in the system. To allow the user to 
initiate an efficient interaction with the system, it is necessary 
to understand the relationship between input data(ratings 
that user must communicate to the system) and output data 
(Recommendations). The input in a recommender system can be 
categorized as explicit data and implicit data.  The basic idea of 
explicit input data is to just ask the users what they think about the 
item by means of Ratings, Reviews and Voting’s.  Implicit input 
data is the data collected from user actions which may include 
click, purchase, follow. A good recommender system should try 
to increase the overall quality of recommendations. 

 TARGET USER 
INPUTS 
Explicit Data  
Implicit Data 
Purchase History    

RECOMMENDATION 
TECHNIQUES 
Collaborative Filtering 
Content Based 
Hybrid Based 

OUTPUTS 
Predictions 
Ranked List 
Ratings 

Fig. 1: A Model of Recommendation Process

A variety of Recommendation techniques have been proposed 
in the literature. The diversity of the systems ranges from the 
use of the techniques for recommendations to the applicability 
of the system, the recommendation services offered and the type 
of data used. This paper discusses on the different classes of 
Recommendation approaches based on the sources of data and 
the use to which that data is put.

III. Conventional  Recommender Systems
Conventional recommender systems can be categorized as 

Collaborative-based: Recommends items by other users with • 
similar tastes liked in the past.
Content-based: Recommends items that resemble the ones • 
the user preferred in the past.
Hybrid- based: Combined the  characteristics of both content • 
based and collaborative techniques.

A. Collaborative Recommender System
Collaborative Filtering [1] is one of the traditional and widely used 
personalized recommendation approach to recommend items till 
date. The basic assumption underlying collaborative filtering is 
that the users who have similar preferences in the past are likely 
to have similar preferences in the future. It uses information from 
users-item ratings matrix as shown in fig. 2, about the user’s 
past behavior and recommend items by firstly selecting the active 
user, for instance ux, for whom the recommendations are to be 
generated. Then compute the similarity by finding correlation 
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between the active user and other users.  

Fig. 2: User-item Rating Matrix

There are two similarity measurements which are commonly 
used.

1. Pearson Correlation Coefficient
The similarity is given by the amount of correlation between the 
items or users.  Pearson correlation between the user x and user 
y who rate a set of ‘n’ items is given by  

rxy  = 

2. Cosine Measure
Given two vectors x and y consisting of user ratings, the similarity 
is defined as

cos(x,y) = 

where ‘.’ denotes the vector dot-product operation and the 
denominator is the square root of the sum of squares of the elements 
of the vectors (x,y).  Secondly a set of users say (u1, u2,…uk) who 
share similar tastes as those of active user are selected.  And then 
at last, the items which are liked by collaborative users are offered 
as recommendation.

A prediction function is used for predicting the likeliness of 
selected items.  A simple prediction function 

Pa,j *(ri, j -ri))

where Pa,j denotes the prediction for the user ‘a’ on item ‘j’;  ri,j 
denotes  the rating for user ‘i’ on’j’item ;  ri denotes  the average 
rating for the user ‘i’ on all the items;  Sim(a,i) is the similarity 
value for user a and user i;  m is the normalizing factor and k is 
the number of similar users.
There are two types of Collaborative filtering algorithms: Memory-
based CF and Model-based CF.  Memory based approaches use the 
entire database of user-item to identify the users that are similar 
to the active user.  By identifying similar users, a prediction of 
preferences can be calculated. Memory–based approach includes 
neighborhood based methods. Model-based approaches use the 
constructed model to predict rating and issue recommendation.  
The most popular model-based techniques include Bayesian 
classifiers and cluster-based CF’s.
Collaborative filtering recommendation has been applied in 
various applications. The first collaborative filtering system 
Grundy System - a book  Recommender, Tapestry – a document 
Recommender from newsgroup, Ringo- a personalized music 
recommender system, Grouplens, [4] a system that provides 
articles of interests to the user, Amazon.com - a book recommender 

system , PHOAKS system which helps user to locate information 
on the world wide web, Jester – an online joke recommender 
system, etc., are the systems which use collaborative filtering 
algorithms to automate prediction.

(i). Collaborative Filtering Limitations:
Collaborative based techniques are limited by the features of :

(a). Sparsity
It is one of the main issue of collaborative filtering which limits 
the quality of Recommendations.  It occurs when users rate only 
few items of the total number of items available in the database, 
thus making it hard to find similar users.

(b). Cold Start Problem
It applies to new user and new item.  Cold start refers to the 
situation in which a new user who has not yet rated sufficient 
number of items, thus making it difficult to build user profile 
and is not comparable to other users.  Similarly the problem of 
making recommendation for new items is also considered as cold 
start problem.

(c). Scalability
With the growth of number of items and users in the database, the 
Collaborative filtering system fails to scale up its computation.  In 
real life environments, where there are large numbers of users and 
items, providing real-time performance becomes critical.

B. Content Based Recommender System
Content based recommender systems [3] can be used in a wide 
variety of domains ranging from recommending news articles, 
hotels, movies and items for sale.  Also referred as cognitive 
filtering, the key idea of content based recommender is to 
recommend items to the user according to relevant attributes 
of the item and user preferences by attributes.  Content based 
recommender system compares the items to others in the 
collection.  Items with a high degree of similarity are presented 
as recommendations.  This is called as “item-to-item correlation” 
(Schafer; Konstan & Riedl).  The information source used by the 
content-based filtering systems is text documents.  These items 
are typically described with keywords and weights. By analyzing 
the keywords and document the system recommend a suitable 
item using probabilistic methods, for e.g., Naïve Bayes, decision 
trees, clustering, nearest neighbor, etc.,
There are many ways to build a user profile which involves (i) 
inferring profile from user actions (implicit).  It includes read, 
buy, click,etc., and (ii) inferring profile from explicit user ratings, 
which  includes feedback technique by selecting a value of range, 
filling out forms, etc., Both implicit actions and explicit ratings 
are processed against the database of content attributes to build 
the content profile. Most of the content based recommender 
systems merge the explicit ratings and implicit user actions into 
a comprehensive set of information about user in action and 
preferences to infer keywords and attributes in order to build the 
user profile.
Content based recommender systems has been applied in various 
applications. The Fab system [7], which recommends Web pages 
to users, the Syskill & Webert system [8] represents documents 
, DailyLearner system (Billsus &Pazzani, 2000) filter out news 
items too similar to those already seen by the user,etc., Content 
based recommender is effective in recommending accurate items 
when they are better described.  The profiles of other users do 
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not influence the recommendations of the target user as the 
recommendations are based on individual preferences.

(ii). Content Filtering Limitations:

(a). Limited Content Analysis
It cannot easily provide recommendations, if the analyzed content 
does not contain enough information in order to discriminate the 
items the user likes from the items the user does not like.

(b). Overspecialization
User is restricted of being recommended items similar to those 
already rated by the users.
It occurs when these systems judge individual items based 
on a limited number of features.  This results in the system 
recommending items that are either too a like to what the user 
has seen in the past or items which are content identical to other 
recommendations shown at the same time.

(c). New User
A new user, who have a very few ratings present a problem because 
the system has yet to receive adequate user profile information 
about them to recommend reliably (Adomavicius & Tuzhilin, 
2005). 

C. Hybrid Recommender Systems
Many Recommender systems use either collaborative filtering or 
content based approach.  Each of these approaches has its own 
strengths and weaknesses.  In order to improve performance of 
recommendations, collaborative and content based methods have 
been combined to build Hybrid Recommenders. Different ways 
of hybridization are:

1. Weighted Hybridization
It is one in which the rating for a given item is the combination 
of several available recommendation techniques outputs, e.g. “ 
P-Tango” system.

2. Switching Hybridization
Based on the situations, the system switches from one 
recommendation technique to another recommendation technique. 
e.g., “Daily Learner” system.

3. Mixed Hybridization
It is one in which the recommendations of different recommender 
systems are presented together for a given item. e.g., “ The PTV” 
system.

4. Feature Combination
Features from different recommender systems are derived and  are 
combined together as input to a single recommendation technique. 
e.g. “Ripper” system.

5. Feature Augmentation
It is one in which one technique is employed to produce rating 
for an item which is then used as input features to another. e.g. 
“Libra” system.

6. Cascade
In this technique, the output from one recommendation technique 
is employed first and is used as input of another. e.g., “Entree C” 
system.

7. Meta Level Hybridization
It is one in which one recommendation technique is applied and 
produces a model, which is used as input for another.
Hybrid recommendation incorporates multiple techniques to 
reduce certain limitations of each of them and to improve the 
quality and performance of the recommendations. It helps to 
overcome some of the shortcomings of collaborative filtering 
and content based filtering namely first rater problem, tackling 
the sparsity of data, handling scalability and overspecialization.  
However Hybrid recommender systems suffer from changing user 
preferences.  As people’s tastes and preferences are subjected to 
change, it should deal with changing user preferences.

IV. Modern Recommender Systems

A. Context-aware Recommender System
Traditional Recommender system’s such as collaborative filtering 
and content based focus on recommending or retrieving the most 
relevant items and content by ignoring the fact that users and items 
interact with the systems within a particular context.  The context 
is the information of the user, such as the task he/she is working 
on, time, location based, conditions, etc., which  has an impact on 
the relevance of recommended items.  In different contexts, i.e., 
at different times of the day, different users may be interested in 
different types of recommendation (Adomavicius et al. 2005).  For 
example, user generally watches comedy movies and dramas when 
going to theatre with his family but action movies with his friends.  
If the system does not have relevant contextual information about 
the user, it is not possible to provide recommendations.
From this point of view, to understand and capture the context of 
the user and to exploit contextual information, new challenges 
and technologies emerge for creating intelligent recommender 
systems.  For instance, GPS, 3G accesses to internet rapidly gets 
any information about the user’s location and the user himself.  
Recently, the role of context aware recommender systems has been 
explored in intelligent information systems and is becoming more 
important for enhancing retrieval performance, personalization 
and information adaptation.
Context aware recommendation process incorporates contextual 
information into the recommendation process by taking any 
of three forms to deal with contextual preferences (Gediminas 
Adomavicius and Alexander Tuzhilin, 2011).

1. Contextual Prefiltering
It uses contextual information to filter the most relevant data 
according to the target recommendation context prior to applying 
any traditional recommendation algorithm on the selected data to 
compute recommendations. 

2. Contextual Postfiltering
It first applies any traditional recommendation algorithm on the 
original data set, after which the generated recommendations is 
contextualized according to the target recommendation context.
Contextual modeling.  It uses contextual information directly 
in the recommendation generating algorithms to estimate user’s 
rating for an item.
In the past several years, context aware recommender systems 
has been increasingly recognized in providing accurate 
recommendations. However, the involvement from end users may 
hamper the uptake of context aware system and there is a usual 
trade-off between accuracy and diversity. 
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B. Cross Domain Recommender System
Most of the currently available recommender systems work 
on single domain recommendation i.e., recommendation of 
items is based on a specific and limited domain, but in real 
time applications, it could be useful to offer items to the user 
related to multiple domains. Cross domain recommender systems 
integrates multiple domains into one recommender system. The 
quality of recommendations is improved by incorporating cross 
domain information in recommendation models which addresses 
data sparseness problem and alleviate the cold start problem 
of traditional recommender systems. The information in cross 
domain recommender systems becomes critical in personalizing 
recommendation process when the information about the user in 
a target domain is not known.
The first and basic underlying idea of cross domain  systems is 
to view each recommender system as a “domain” and to transfer 
the data from some related recommender systems where the data 
is abundant to the target recommender systems where the data 
is very sparse. Secondly each data source is viewed as a domain 
where each have heterogeneous data types.  And  lastly, each time 
stamp can be viewed as a domain which is obtained by splitting 
the entire time span of ratings.
In order to mediate the integration of data which is collected by 
different recommender systems, Berkovsky et al. [16] presented 
a general framework and discussed four major types of mediation 
which includes cross-item, cross-user, cross-context and cross 
representation. During certain conditions, user modeling data 
mediation improves the quality of recommendations, especially in 
the early stage of a recommender system life, i.e., in the cold start 
of the system. Szomszor et al. [15] on the other hand, propose an 
approach that aggregates personal social tagging information from 
different folksonomy-based user profiles, showing an increment 
on the coverage of user preferences.  A cross-domain information 
filtering allows the user to set multiple criteria on attributes of items 
she is interested in. Berkovsky et al. [16] investigate a collaborative 
filtering approach in which user ratings (for movies) are partitioned 
according to domain-related attributes (e.g. fil genres). A related 
approach is proposed by Li et al. [17], in which the bridge between 
domains (movies and books) is established by clustering rating 
matrices, and finding user-item patterns at the obtained cluster 
point. In order to provide contextualized recommendations of 
music compositions when the user is visiting touristic attractions, 
Kaminskas and Ricci [18] investigate recommendation strategies 
that compute similarities between tags based place of interest and 
music track representations.

C. Semantic Recommender Systems
To mitigate the deficiencies in traditional Recommender systems, 
semantic recommender systems represent user profile and items 
based on their semantic information. It incorporates semantic 
knowledge of objects to overcome some of the common limitations 
of current recommender systems to support personalized 
recommendations and services.  Semantic recommender system 
[19] is any system that uses technologies from the semantic web 
which enables knowledge easily about entities and also infers new 
knowledge about them. The accuracy of recommender systems 
is higher when tags and keywords are associated with semantic 
meanings. Therefore understanding and structuring of text is 
an important part in recommendation. Recommender systems 
with such characteristics are called as semantic recommender 
systems.  With a semantic web both tasks of finding and integrating 
information are tremendously simplified. An inadequate user 

profile leads to poor quality and irrelevant user recommendations.  
Therefore they play a  key role in recommender systems.  AVATAR, 
a TV recommender is the only recommender system that makes 
use of semantic reasoning methods.

V.  Emerging Techniques of Recommender Systems
Over the past years, recommender systems have become pervasive.  
Recommender systems are an emerging technology whose aim is 
to alleviate information overload over users by helping them to find 
interested and relevant content using personalization techniques.  
Today, many users have become interested in recommender systems 
which provide personalized recommendations that matches users 
with the most appropriate products and leads to user satisfaction 
and loyalty.  Recommended systems can be extended in several 
ways.

A. Group Recommender 
To date, most of the recommender systems focuses on 
recommending items to individuals, but there are situations which 
require to generate a set of recommendations that will satisfy a 
group of users rather than to an individual. Group recommendation 
is an emerging research filed. A group recommender system [20] 
provide recommendations to a group of users.  They take all the 
individual group member’s preferences from a broad range of 
alternatives into account to suggest products or services that 
suits their tastes and needs.  Group recommender systems raise a 
number of challenging issues.  One of the key issue is the selection 
of items for recommendation that satisfies the group as a whole.  
Secondly, how best the recommendations to be presented to 
the group and finally the acceptance issue  is different in group 
recommendation compared to conventional recommendation.  
These issues lead to a substantial increase in research into group 
recommendation. The best known group recommenders are 
POLYLENS,  a movie recommender system, generates movies to 
groups of users, INTRIGUE, a tourist recommender, recommends 
tourist places for different groups of tourists and GROUPFUN, 
the music recommender system helps a group of friends to reach 
a common music playlist.

B. Conversational Recommender System
To support more natural interaction processes with online users 
Conversation Recommender systems have been introduced as a 
solution to the information overload problem which are well suited 
for e-commerce applications.  Conversational recommender system 
[28-29]interactively assists users in acquiring the information and 
guide the user in making decisions. The main aim of system is 
to elicit the user needs and preferences interactively.  It gives the 
opportunity for the end users to express their requirements.  They 
follow some strategy during their interactive session with the 
user i.e., for every stage of conversation, the system executes one 
action from a set of alternative actions.  For instance, this can be 
done by directly querying the user about the desired functionality, 
showing the most popular products, or by allowing the user to 
give feedback on the systems performance which can be used 
to adapt the user model and hence, the future recommendations.  
One of the major issue of conversational recommender system 
is that they are not able to learn the strategy by themselves and 
also it does not guarantee the strategy chosen among a large 
number of conversational strategies really suits the users for a 
given recommendation task as the selection of strategy is based 
on intuition and on the system designers previous experience.  
THE ADAPTIVE PLACE ADVISOR system is one of the 
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conversational recommender system which helps user to select a 
destination that meet their preferences.

C. Cross-lingual Approaches
One area of Recommender system that has seen a great deal of 
interest and has had many exciting advances made in it is cross-
lingual Recommender system. It  allows users to make a search 
in one language and receive documents in one or more additional 
languages.  The documents resulted can then be translated into the 
language used for the search to allow the user to get the gist about 
the information retrieved.  An approach for cross lingual new group 
recommendations  was proposed by Yang, Chen and Wu[21].  
Users need to find information that exists in different languages 
from their native language.  Cross lingual approach enables system 
to recommend items to the user that have descriptions in languages 
they don’t speak and understand.  The system parses keywords  
from the formulated query and translated them into one defined 
language using dictionaries. It is possible to make a language 
independent representation of text by semantic analysis. Cross 
lingual recommender system breaks the language barrier and 
provide opportunities to recommend items, papers, information 
in different languages.

VI. Recommendation System Issues and Challenges
Recommendation systems have proven to be one of the most 
popular and powerful tool in e-commerce for online users in 
dealing with and overcoming the information overload problem.  
Though there is a significant progress of recommender systems, 
there are still some key challenges that limit the effectiveness of 
currently available systems.  

A. Issues

1. Lack of Data
Firstly, the fundamental issue of Recommender systems is that they 
need a lot of new data during the life of the recommender that is 
often ignored assuming there is no enough space for controlling 
the data. But a Recommender system can only give good 
recommendations if they are provided with more user data.

2. Scalability
A Recommender system should satisfy the demands of modern 
e-commerce systems to search hundreds of millions of both users and 
items.  One long running challenge is to create robust and scalable 
recommender system that are able to provide recommendations 
in real time. Therefore we need both recommender specific 
performance and computational advances research.

3. Privacy
In order to generate accurate personalized recommendations, 
recommender systems exploit detailed personal data on the 
preferences of users.  In an attempt to build better recommendations, 
they gather and process as much as user personal data as possible.  
Though the recommender systems are useful, it raises the risk of 
serious and private security issues.  Some of the users might not 
be willing to provide their personal data to potentially untrusted 
servers. Customers may get offended if they feel an automated 
service knows more about them that than they would like anyone 
to know. Thus, recommender system designers must be careful not 
to use sensitive information. More importantly, they should present 
recommendations in a setting that does not surprise a user. 

4. Diversity
As Recommender systems are becoming increasingly important 
to individual users for producing personalized recommendations, 
majority of algorithms proposed in Recommender systems has 
shifted attention on improving the accuracy of recommendations.  
However, the recommender systems have to consider other 
parameters such as diversity to give worthy recommendations.  
There is a tradeoff  between accuracy and diversity i.e., increasing 
accuracy decreases diversity.  It is one of the main issue which 
is important to have qualitative recommendations. It generally 
applies to a set of items and is related to how different the items 
are with respect to each other.  On achieving diversity, different 
categories of items are taken for giving recommendations.  

B. Challenges

1. Integration
Recommender systems help to find right information to users 
with different interests. However, users change their preferences 
overtime due different events and therefore their behavior can often 
be determined by individuals long term and short term profiles.  
The integration of long term with  short term user preferences[25]   
is a challenging research topic.  Long term profile is obtained from 
the entire purchasing history of the user and the short-term profile 
is derived from the identification of the current recommendation 
stage of the customer.   Both aspects of long term and short term 
profiles are important and the availability of items may come under 
consideration by resolving the  integration problem.

2. Distributed Recommendation [26]
Majority of existing based recommender system are centralized 
and exhibited performance issues as it is not adaptable to large 
scale distributed commerce. Distributed recommendation is 
a direction of future research. It makes the users manage and 
maintain their own client side user model and context to share at 
their discretion with participating recommenders.  To realize this 
vision, all the technical issues such as interoperability and social 
issues should be addressed and resolved.

3. Proactive Recommender System
The largest majority of recommendation systems developed, 
provide recommendation by the user’s explicit request.  But 
proactive recommender systems are developed to present 
information proactively without the user’s explicit request [27]. 
It can provide the user the opportunity to do a better job in less 
time (Magho and Campbell, 2000)  by automatically searching, 
retrieving and recommending relevant information and relieves 
from explicit searching.  However, proactive presentation of 
information interrupts the ongoing task which imposes disturbance 
and distraction if the user does not know why something was 
recommended to him/her and it lacks user acceptance.  To be 
accepted by the user, a proactive recommender system should 
have transparency and comprehensibility as the main aspects.

4. Social Tagging Systems (STS)
With the exponential growth of social web and the increasing amount 
of user generated content, finding the interesting and relevant 
content is challenging for existing recommender systems. In the 
last years, social tagging systems [24] has become increasingly 
popular over the web. They provide an effective way for users to 
manage, organize and search for various kinds of resources.  STS 
generate new sources of knowledge for recommender systems by 
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having the interaction between users and both online content and 
other users. Unlike traditional recommender systems, in STS there 
are three possible modes of recommendation: users, resources 
and tags.

5. Mobile RSs [30][31]
Today, the development of mobile technologies all around the 
world has made it as the most primary platform for information 
access. The increasing use of mobile devices  and when coupled 
with recommendation technologies can provide personalized 
and more focused content.  There has been much research and 
development work trying to collect users’ preferences precisely,  
minimizing their effort.

VII. Conclusion
This paper presents an overview of variety of techniques 
in recommender technology which includes content-based, 
collaborative-based and hybrid- based methods and each have 
complementary advantages and disadvantages. We discussed 
possible emerging techniques that can make recommendation 
methods more effective by including group recommenders, cross 
lingual approaches, support for conversational recommendations.  
We focused on the issues,  to take recommender systems research 
and identify directions the field is now taking by considering 
the quality and privacy aspects. However, many challenging 
problems still exist in these areas due to explosion of information.  
Recommenders systems is now an emerging research field which 
requires finer grained models of users information.
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