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Recommender  systems has become a necessary requirement in several application domains due to information 
overload. The development of web applications and social networks has made data widely and largely available. 
Filtering necessary and important data has become a non-trivial task. Recommender systems can help users to 
filter relevant data and provide them with the best suggestions. To develop such automatic system, several 
methods have been used to filter data and to build suggestions. Usually, these methods are categorized into 
three main categories which are: content-based, collaborative-based and hybrid methods. In this paper, we give 
a new categorization of recommender system methods where methods are categorized into six categories. We 
add three new categories which are multi-criteria recommendation, context awareness-based recommendation 
and social network-based recommendation. 
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I.  INTRODUCTION 

The web has become the largest accessible information space in the world [1]. In this space, 
information in its various forms grows exponentially which results in large amount of data available for 
users. It becomes more and more difficult for regular Internet-users to successfully find items related to 
their tastes and preferences. For example, an internaut browsing an online filmor movie does not wish 
to go through thousand of uninteresting movies before finding a preferred one. The increasing number 
of choices makes it harder for users to find exactly the preferred item. Fueled by this need to combat 
information overload, recent years have witnessed an increase of research in the area of recommender 
systems. 

Recommender Systems are software tools providing users with suggestions related to their tastes and 
preferences. They help users to deal with information overload by giving suggested items to a user 
related to his tastes and expectations. An item can be an article to read, a product to buy, a piece of 
music to listen to, a movie to watch or a web page to consult. The objective is both to minimize his time 
spent on research, but also to suggest relevant items that he would not have spontaneously consulted 
and thus increase his overall satisfaction. 

Recommendation systems have become an important research area with the publication of the first 
articles in the collaborative filtering field. The academic literature has introduced the term collaborative 
filtering by “Tapestry” [2] system that represents one of the first recommendation systems. It was 
developed in 1992 by the research center of “Xerox” in the United States. A few years later, with the 
growth of the Internet, and web applications, there have been a keen interest in recommendation 
systems that have developed in different areas of application, such as movies recommendation like 
Netflix or MovieLens [3], Musical titles Recommendation like Last FM, news recommendation like 
Yahoo! News, products recommendation introduced on e-commerce sites like Amazon [4], 
bibliographic citations recommendations systems like Tech Lens [5], courses recommendation systems 
introduced in e-learning sites, friends recommendation systems like Twitter or Facebook. 

These applications show that recommender system sare receiving an important intention [6] by the 
research community. Indeed, there has been dedicated conferences and workshops related to this field 
such as the ACM Recommender Systems (Rec Sys) established in 2007. In addition, sessions 
dedicated to recommender systems are frequently included in the more traditional conferences in the 
area of data bases, information systems and adaptive systems. Recent interesting books [7] related to 
recommender systems has been recently published introducing recommender system’s techniques. 
Moreover, there have been several special issues in academic journals covering research and 
developments in the recommender system field. 
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This paper gives an overview of recommender systems methods and techniques which are adopted in 
several existing systems. We give a classification of these methods based on the approach used to 
give recommendations. The rest of the paper is organized as in the following: Section II presents main 
components of recommender systems, then Section III presents main concepts and approaches of 
recommendation systems while giving a classification of existing methods. Finally Section IV gives 
conclusions and future works.  

II. RECOMMENDER SYSTEMS COMPONENTS 

Recommender systems are information processing systems that actively gather various kinds of data 
in order to build their recommendations [7]. Data is primarily about the items to suggest and the users 
who will receive these recommendations. In general, these data are dependent to the used 
recommendation technique. However, data used by recommender systems can refer to three kinds of 
objects [7]: items, users, and Preferences. 

 Users : People who accesses the system , entering his demographic information, his interests 
and other personal information. 

 Items: Products which the system can recommend are referred to as “items”. These items 
correspond to the need of the user, including any product likely to be seen (movies in online 
TV sites such as Netflix), sold (book in the e-commerce sites such as Amazon.com), listened 
(music) or read (such as scientific article in a digital libraries). 

 Preferences: In order to provide personalized recommendations adapted to the needs of the 
active users, recommender systems must collect personal preference information. Two 
categories of preferences data exist, the first is the explicit data [8] expressed by users during 
their navigation activities. For example, providing a note on a scale of predefined values (notes 
that users indicate on products they buy on the Internet for example), express an opinion on an 
object (example of the button ”Like” on Facebook), etc. The second category is the implicit 
data [9] collected by observing user behavior and activity. The activity may be web pages 
viewed, the user’s history of purchases, click-stream data, etc. 

III. CATEGORIZATION OF RECOMMENDER SYSTEM METHODS 

To get an earlier overview of the different types of recommendation systems, a taxonomy provided by 
authors in [10 has been considered a benchmark for classifying these systems. Three main methods 
are defined: 

 Content-based recommendation system: The relevance of the recommended items is 
estimated by the similarity between the features or content of the items, and the profile of the 
user reflecting its needs in terms of content. 

 Collaborative-based recommendation system: The system recommends items seen by other 
users with similar tastes or common interests. 

 Hybrid recommendation system: The system exploits the complementary of the two previous 
approaches by combining them. 

In addition to these recommendation categories, we added new recommendation categories which are 
multi-criteria recommendation, context awareness-based recommendation and social network-based 
recommendation. These recommendation system methods are presented in more detail in the 
following subsections. 

A. Content-based recommendation methods 

Content-based method tries to recommend items that are similar to items previously liked by a specific 
user as described in Figure1. To return recommendations, the system needs the following information: 
 

 item profile: the item profile is a set of features that represent the content of the recommended item. 

For example, in a research article recommendation system, the attributes adopted to describe an article 

are title, author, year, venue, …, etc. Content-based method depends strongly on the nature of the data 

to be represented and it finds difficulties for the representation of the items, which decreases its 

accuracy from one type of resource to another. Textual data is the best represented and with which the 

method gives the best accuracy, whereas other data types, i.e. non-textual data such as videos and 

images, give poor precision due to the difficulty in extracting characteristics. Generally, for non-textual 

data, the approach uses metadata to represent its content. 
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 user profile: The user profile build a description of user needs and preferences. From the user profiles 

and descriptions of the items to be recommended, this content-based recommender system analyzes 

their similarity, then it builds a list of suggestions to present to the user. 

 

 
 

Fig1.Content-based recommendation: recommend items that are similar to items previously preferred by a similar user 

 

One major drawback of the content-based filtering (recommendation) is the new user cold start 
problem. When a new user requests a recommendation, there is only little information about this user. 
Therefore, it will be very difficult for the recommender system to produce relevant recommendations. 
Moreover, content-based filtering usually suffers from the over-specialization problem. The system will 
infinitely suggest items that are highly matching with the user profile. It will not find unrelated items to 
the one already appreciated.  
 

B. Collaborative filtering-based recommendation methods  

Collaborative filtering is one of the most explored methods in the area of recommendation. The main 
advantage of this approach is that it doesn’t require any description of the items to recommend. 
Therefore, this method allows to recommend complex objects without having to analyze them, thus 
most popular online music, and movie recommendation services such as Netflix and Last fm apply it. 

The main idea of these methods is to recommend items based on the opinions and the ratings of other 
similar users. The opinions of users can be obtained explicitly from the existing users or by using some 
implicit measures. Explicit opinions are directly provided by the user. For example, when a new user 
logs in, many systems begin by asking the user to note multiple items so that they can subsequently 
recommend items that match them; this is the case of Amazon recommendation system. It is then 
possible to note the items. These notes can be: 

 

 binary note : the decision of the user is to choose whether the object is “good” or “bad”. 

 digital note : generally ranging from 1 to 5; 5 reflects the fact that the object is very pleasing to 
the user. These notes are often represented by a number of stars as on Amazon system as 
described in Figure 2. 

 ordinal note: the user must choose from a list of terms the one that is the most adapted for his 
feeling towards the item in question. An example of a list can be “Very good, good, average, 
bad, very bad”. 

 descriptive note: the user chooses one or more terms that describe his opinion on the object. 
For a movie, these terms can be “exciting”, “uninteresting”, etc. 

Implicit opinion gathers all the information that can be extracted from the usage’s patterns. For 
example, the number of visits to a page, the number of views on a video, the time spent on a page 
(Dwell time) which can reflect the fact that a user has taken the time to read or not the content of this 
page. In a collaborative filtering system, as described in Figure 3, the data are represented as  “User x 
Item” matrix as described in Figure 3, where the rows represent users (Joe, Dalia, Eric, Helena) and 
columns correspond to the items (the set of book list: Harry Potter, Springer, Rever.). Users provide 
their opinions on the items in the form of notes. 
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According to [11], there are two sub-categories of collaborative filtering: memory-based and model-
based algorithms.  

 

 

 

 Fig2. Explicit user opinion’s in amazon recommendation system 
 

The memory-based methods use the entire evaluation matrix and provide recommendations based on 
the relation- ship between the active user and item and the rest of the rating matrix. On the other hand, 
model-based methods use the evaluation matrix to fit a parameterized model, which will then be used 
for predictions. We give in the following basic concepts of each sub-category.  
 

For the first category, Memory-based methods, it can be divided into two kinds: user-based CF and 
item-based CF [12]. User-based CF explores the relationship between rows(users) in the rating matrix. 
It firstly calculates the similarities between the active user and the other users. The most popular 
measures are the Pearson correlation [3] and the cosine-based measure [13] which are described by 
Equation (1) and Equation (2) where Cos(ua, ub) and CorrP(ua, ub)designate the similarities calculated 
respectively with the Pearson correlation coefficient and the cosine-based measure, between two users 
ua and ub, Ia and Ib respectively represent all items rated by uaand ub, v(ua) represents the average of 
notes of ua, v(ua, i) represents the note of uaon item i and Ic represents the co-noted items between the 
active user uaand the user ub.Users with high similarities are selected as neighbors of the active user. 
Then the system utilizes the neighbors’ ratings on a specific item to calculate the weighted average [3] 
which is regarded as the predicted rating, treating the respective similarities as weights. This method is 
described in Equation 3, where Pred(ua, ik) is the prediction note of the active user uaon the item ik, Uais 
the set of nearest neighbors having already noted the item ik, Sim(ua, ub) means the similarity value 
between uaand ub(ub∈Ua) that can be the cosine similarity (Cos(ua, ub) or the Pearson correlation 
similarity (CorrP(ua, ub)). The recommender system ranks all the items according to their predicted 
ratings and selects Top-N items as recommendations. 
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Fig3. Collaborative filtering matrix: rows represent users and columns represent items 

 

The method based on the memory is concentrated on the items [14]. This method analyzes the matrix 
“User x Item” to identify the relationships between the items and use these relationships to calculate 
predictions. The assumption is that the user would be interested in the items similar to items he 
previously appreciated (similar in terms of ratings assigned by the user). Hence the similarities among 
items are firstly calculated using the same similarity measures with the user-based CF. After choosing 
the neighbors for the target item and calculating the weighted average, the predicted rating on this item 
is obtained. 
 

 

 

The advantage of the memory-based methods is the simplicity of the implementation and the 
integration of new data into the system. However, this approach suffers from the cold start issue. It 
requires rating data in order provide recommendations. When a new item is added, there is no enough 
information about that item. Consequently, this item cannot be recommended to anyone before it gets 
enough ratings. For example, in the online movies, when a new movie is uploaded, there is no rating 
that is given to that movie. So, this new movie cannot be recommended by the system until collecting 
enough ratings and evaluations by a group of users. Therefore, this category of methods cannot 
provide recommendations before a target user has given enough ratings for several items. Data 
sparsity is also one of the main problem of memory-based methods when the evaluation space is 
dispersed, it is difficult to identify reliable neighbors (from the co-scored items) and consequently the 
system performance decreases. For example, considering movie domain, the evaluation matrix 
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includes thousands of movies and millions of users. However, a given user evaluates only a small 
number of movies. As a result, the evaluation matrix has many empty cells, which makes it difficult to 
calculate the similarity between users. In addition, them emory-based methods do not allow scaling. 
Indeed, when the number of users and items in the system becomes large, the generation of 
recommendations requires a very high processing time. 

On the other side, the second subcategory is model-based methods. A variety of model-based 
recommendation methods were developed to address the scalability and the real time performance 
problems [15] of user-based methods by using dimensionality reduction techniques or clustering in 
order to remove users or non-representative items. Therefore, the user-item representation space is 
smaller, and the missing data rate are less important compared to the original representation space. 
Model Based algorithms received an important attention by the recommender system community.  

 

C. Hybrid recommandation methods 

Each of the presented recommendation approaches has strengths as well as weaknesses [16]. 
Therefore, hybrid system [17] combines two or more recommendations techniques to address the 
disadvantages of each technique and take advantage of their strengths. There are various possible 
combinations which is classified [18] into seven categories: 

 Weighted: hybrid recommender combines the results of all available recommendation 
techniques to compute a score for a recommended item. 

 Switching: the system switches between recommendation techniques depending on the 
current situation. 

 Mixed: recommendations from several techniques are presented simultaneously to the user. 

 Feature combination: features from different recommendation data sources are thrown 
together into a single recommendation algorithm. 

 Cascade: one recommender refines the recommendations given by another. 

 Feature augmentation: the output from one technique is used as an input feature to another. 

 Meta-level: the model learned by one recommender is used as input to another. 

 

D. Multi-Criteria recommendation method 
 

Single-rating collaborative filtering recommender systems have shown their effectiveness to provide 
acceptable automatic recommendations. However, they do not include different attributes and 
dimensions of an item in the process of recommendation. Multi-criteria recommender systems have 
been proposed to address this issue. Several works show that using multi-criteria ratings, instead of a 
single rating, can largely improve the performance of the recommender system and may offer a more 
relevant and reliable recommendation. An example ofa multicriteria rating system [19] is Zagat’s 
system that provides three criteria for restaurant ratings (e.g., food, decor and service),“Buy.com” that 
provides multi-criteria ratings for consumer electronics (e.g., display size, performance, battery life, and 
cost), and “Yahoo” Movies that show each user’s ratings for four criteria (e.g., story, action, direction, 
and visuals). 

 

E. Context awareness-based recommendation method 

One of the most cited definitions of context is the definition of [20] that defines context as “any 
information that can be used to characterize the situation of an entity. An entity could be a person, a 
place, or an object that is considered relevant to the interaction between a user and an application, 
including the user and the application themselves.” The context information such as time or location 
has been recently considered in existing recommender systems. The contextual information provides 
additional information for recommendation making, especially for some applications in which it is not 
sufficient to consider only users and items, such as recommending a vacation package. It is also 
important to incorporate the contextual information in the recommendation process to be able to 
recommend items to users in specific circumstances. For example, using the temporal context, a travel 
recommender system might make a very different vacation recommendation in winter compared to 
summer. Nowadays, when the mobile devices are getting popular and taking part in our lives, this kind 
of recommender systems are especially urgent. Using GPS, 3G access to internet and other 
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technologies recommender systems can rapidly get any information about location of a user and the 
user himself. 
 

F. Social network-based recommendation method 

Social network analysis has been used in recommender systems as a result of the important growth of 
social networking tools in Web-based systems in recent years. Data is automatically collected from 
social networks is a real source of information for a recommendation system. Such system is based on 
the presence of a community of users linked by social links. In social platforms, these recommendation 
systems make it possible to recommend a whole range of information. Examples include users to 
follow, specific publications, multimedia elements, groups (sub-communities)to integrate. 
  

IV.     CONCLUSION 

In this paper we presented the main recommendation methods, namely: content-based methods, 
memory-based and model-based CF, hybrid methods, multi-criteria recommendation methods, context 
awareness-based recommendation methods and social network-based recommendation methods. 
There is no method category that is superior to all others or any method that can be successfully 
applied for any application of recommender systems. Each technique has some advantages but also 
some disadvantages. The choice of one technique is based on the problematic, the application context 
and the availability of data. An interesting improvement of this work is to prepare a guide in which we 
can specify key factors affecting the choice of a recommendation method given a list of different target 
applications.  
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