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Abstract— With the advent of Internet & E-Commerce 

applications people are exposed to mines of information and 

variety of products to choose from. In such situation it is 

quite obvious to get lost in, exploring abundance of products 

and related information while zeroing down the product to 

buy from the available many. This causes the waste of large 

amount of precious time and may at the same time, create 

confusion in the minds of prospective on-line shoppers 

regarding purchasing decision to be made, leading to in-vein 

search and unfruitful buying attempt. As a consequence, the 

role of user modeling and personalized information access is 

becoming crucial, users need a personalized support in 

sifting through large amounts of available information, 

according to their interests and tastes. Recommender 

systems play an important role in such scenario by 

presenting the buyer with the ranked list of products 

preferred by existing buyers for the same/similar products. 

The number of features of the product used to determine the 

order of the product in the ranked list will define the 

approach used by Recommender system. 
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I. INTRODUCTION 

Obtaining recommendations from trusted sources is a 

critical component of the natural process of human decision 

making[5]. Most on-line shopping sites and many other E-

Commerce & E-Learning applications now use 

recommender systems. They are routinely used by e-

commerce websites to help consumers make their 

purchasing decision. Their use can increase e-commerce 

sales by: (a) converting browsers into buyers, (b) increasing 

cross-sell by suggesting additional products and (c) building 

customer loyalty through ―creating a value-added 

relationship between the site and the customer‖[9]. The most 

popular examples include Netflix, which recommends 

movies and Amazon.com which recommends books, CDs, 

and various other products. Users offer feedback on 

purchased or consumed items, and the recommender system 

uses this information to predict their preferences for yet 

unseen items and subsequently recommends items with the 

highest predicted relevance. Thus recommender systems 

help on-line consumers avoid information overload by 

making suggestions regarding which information is most 

relevant to them[1]. 

Recommender systems are software applications 

that attempt to reduce information overload by information 

filtering system that seek to predict the 'rating' or 

'preference' that user would give to an item 

II. BACKGROUND 

Recommender systems apply machine learning techniques 

for filtering unseen information and can predict whether a 

user would like a given resource. They are usually 

distinguished as belonging to one of two wide categories: 

Memory-based or Model-based Systems. Memory-based 

Systems are more efficient as a result of producing 

recommendations without a need for any preprocessing. 

Still, they suffer from serious scalability problems. A 

different approach is taken by Model- based Systems. These 

algorithms develop a model of user ratings in order to 

produce their predictions, which takes time, but once 

created, speeds up considerably the generation of the 

recommendations[39]. The main types of recommender 

systems are: collaborative filtering, content-based filtering, 

hybrid and demographic recommender system. 

 
Fig. 2.1: Classification of Recommender system Approaches 

A. Collaborative Filtering: 

Collaborative filtering systems help people make choices 

based on the opinions of other people, and actually 

automates the process of ―word-of-mouth‖ 

recommendations: items are recommended to a user based 

upon evaluations assigned to them by other people with 

similar taste[34]. In this type recommender systems 

recommend items by taking into account the taste, in terms 

of preferences of items of users, under the assumption that 

users will be interested in items that users similar to them 

have rated highly[4]. In collaborative filtering, the 

recommendation problem can be formulated as follows : let 

C be the set of all users and S the set of all possible items 

that can be recommended. Define U
c
(s) as a utility function 

given as  U
c
(s) : C × S → R

+
 that measures the 

appropriateness of recommending an item s to user c. It is 

assumed that this function is not known for the whole     C x 

S space but only on some subset of it[34]. Thus the 

Collaborative filtering methods are based on collecting and 

analyzing a large amount of information on users‘ 

behaviors, activities or preferences and predicting what 

users will like based on their similarity to other users. Data 

can be collected from a user's profile,using explicit and 

implicit forms of data collection. A key advantage of the 

collaborative filtering approach is that it does not rely on 

machine analyzable content and therefore it is capable of 

accurately recommending complex items such as movies 

without requiring an "understanding" of the item itself. 

Many algorithms have been used in measuring user 

similarity or item similarity in recommender systems. 
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Example are the k-nearest neighbor (k-NN) approach and 

the Pearson Correlation. Collaborative Filtering is thus 

based on the assumption that people who agreed in the past 

will agree in the future, and that they will like similar kinds 

of items as they liked in the past[35]. Collaborative filtering 

approaches often suffer from three problems: cold start, 

scalability, and sparsity[36]. 

1) Cold Start:  

These systems often require a large amount of existing data 

on a user in order to make accurate recommendations.  

2) Scalability:  

In many of the environments in which these systems make 

recommendations, there are millions of users and products. 

Thus, a large amount of computation power is often 

necessary to calculate recommendations.  

3) Sparsity: 

The number of items sold on major e-commerce sites is 

extremely large. The most active users will only have rated a 

small subset of the overall database. Thus, even the most 

popular items have very few ratings. The Collaborative 

Filtering Algorithms can be  classified, depending on the 

technique used to process the data in the Utility matrix, as 

memory-based such as Pearson Correlation-based CF 

algorithm and model-based filtering such as Bayesian belief 

net CF algorithms and  clustering algorithms. Memory-

based algorithms use the entire utility matrix to make 

recommendations. These are used online and don‘t require 

any further data. Each prediction is made on the basis of the 

calculations performed using the complete table (utility 

matrix). Memory based algorithms search for similarities 

between users and or items using similarity measurements. 

Most of these algorithms can be subsequently classified as 

user-based algorithms or item-based algorithms. In the 

model-based algorithms a model is constructed in advance 

and is used to indicate user behavior. This expected model is 

used to give predictions. The parameters of this estimated 

model are assessed offline using the data in the matrix[41-

43]. 

 
Table 2.1: Comparison between memory-based and model-

based collaborative filtering techniques 

 
Fig. 2.2: Collaborative Filtering[38] 

B. Content-Based Filtering: 

Content-based filtering methods are based on a description 

of the item and a profile of the user‘s preference[35]. This 

type of recommender systems recommend items based on 

the textual information of an item, under the assumption that 

users will like similar items to the ones they liked before. So 

keywords are used to describe the items. For example, if a 

user has positively rated a movie that belongs to the comedy 

genre, then the system can learn to recommend other movies 

from this genre[37]. So a user profile is built to indicate the 

type of item this user likes. Then algorithm tries to 

recommend items that are similar to those that a user has 

liked in the past (or is examining in the present) and are 

listed in user's profile. In particular, various candidate items 

are compared with items previously rated by the user and 

the best-matching items are recommended. This approach 

has its roots in information retrieval  and information 

filtering research[34]. 

 
Fig. 2.3: Content-based Filtering[38] 

The recommendation process is performed in three 

steps, each of which is handled by a separate 

component:Content Analyzer, Profile Learner and  Filtering 

Component[37].  

1) Content Analyzer: 

When information has no structure (e.g. text), some kind of 

pre-processing step is needed to extract structured relevant 

information. The main responsibility of the component is to 

represent the content of items (e.g. documents, Web pages, 

news, product descriptions, etc.) coming from information 

sources in a form suitable for the next processing steps. Data 

items are analyzed by feature extraction techniques in order 

to shift item representation from the original information 

space to the target one (e.g. Web pages represented as 

keyword vectors). This representation is the input to the 

Profile Learner and Filtering Component. 
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2) Profile Learner:  

This module collects data representative of the user 

preferences and tries to generalize this data, in order to 

construct the user profile. Usually, the generalization 

strategy is realized through machine learning techniques 

[61], which are able to infer a model of user interests 

starting from items liked or disliked in the past. For 

instance, the P ROFILE L EARNER of a Web page 

recommender can implement a relevance feedback method 

[75] in which the learning technique combines vectors of 

positive and negative examples into a prototype vector 

representing the user profile. Training examples are Web 

pages on which a positive or negative feedback has been 

provided by the user. 

3) Filtering Component: 

This module exploits the user profile to suggest relevant 

items by matching the profile representation against that of 

items to be recommended. The result is a binary or 

continuous relevance judgment (computed using some 

similarity metrics [42]), the latter case resulting in a ranked 

list of potentially interesting items. In the above mentioned 

example, the matching is realized by computing the cosine 

similarity between the prototype vector and the item vectors. 

 
Fig. 2.4: High level architecture of a Content-based 

Recommender[37]. 

C. Hybrid Methods: 

These methods represent various combinations of content‐
based and collaborative  techniques. Recent research has 

demonstrated that a hybrid approach, combining 

collaborative filtering and content-based filtering could be 

more effective in some cases. Hybrid approaches can be 

implemented in several ways, by making content-based and 

collaborative-based predictions separately and then 

combining them, by adding content-based capabilities to a 

collaborative-based approach (and vice versa), or by 

unifying the approaches into one model. The main idea is 

using multiple recommendation techniques to suppress the 

drawbacks of an individual technique in a combined model. 

Hybridization methods can be broadly classified as: 

1) Weighted:  

Rating for a given item is computed as the weighted sum of 

ratings produced by a pool of recommenders (CBF and CF). 

The weights are determined by training on previous ratings 

of the user and they may be adjusted as new ratings arrive. 

2) Mixed:  

Recommendations from different Recommenders are 

presented together. 

3) Switching:  

The System switches between the recommenders depending 

on the present condition. 

4) Feature Combination:  

Only one recommendation component is employed, which is 

supported by a second passive component. Here features 

from different Recommendation data sources are put 

together into this single system. 

5) Feature Augmentation:  

Similar to Feature Combination, the output of one 

recommender is passed as the input of the secondary one. 

6) Cascade:  

The concept is similar to feature augmentation techniques. 

However, cascade models make candidate selection 

exclusively with the primary recommender, and employ the 

secondary recommender simply to refine item scores. 

7) Meta-Level:  

Meta-level hybrids feed the constructed model by one 

recommender to another as input. The constructed model is 

denser in information when compared to a single rating. 

Hence in meta level hybrids, more information is carried 

from one recommender to another. Several studies 

empirically compare the performance of the hybrid with the 

pure collaborative and content-based methods and 

demonstrate that the hybrid methods can provide more 

accurate recommendations than pure approaches. These 

methods can also be used to overcome some of the common 

problems in recommendation systems such as cold  start and 

the sparsity problem. Netflix is a good example of hybrid 

systems. They make recommendations by comparing the 

watching and searching habits of similar users (i.e. 

collaborative filtering) as well as by offering movies that 

share characteristics with films that a user has rated highly 

(content-based filtering)[38]. 

 
Fig. 2.5: Hybrid Recommender System[38] 

D. Demographic Recommender Systems: 

Demographic is a statistic, characterizing human 

populations (or segments of human populations broken 

down by age or sex or income etc.). So demographic 

recommender systems  categorize users or items based on 

their personal attribute and make recommendation based on 

demographic categorizations. Demographic Recommender 

Systems utilize user attributes, classified as demographic 

data, in order to produce their recommendations, some-times 

with the help of pre-generated demographic clusters[39]. 

These systems suffer from scalability, data sparsity, and 

cold-start problems(which is the initial lack of items 

ratings[40]) resulting in poor quality recommendations and 

reduced coverage[4][5][6]. 
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Fig. 2.5: Demographic based approach for       

Recommender System[40] 

To avoid cold-start problem, utilizing new user's 

demographic data to provide recommendations, instead of 

using rating history, will provide feasible solution[40]. 

III. MULTI-CRITERIA RECOMMENDER SYSTEMS 

As almost all decisions people make are based on multiple 

factors or criteria[2] there is a need for multi criteria 

recommender system. Most of the existing recommender 

systems, based on collaborative filtering,  content-based 

filtering, and demographic recommendation consider single 

criterion for recommendation. In recent work, this use of 

single criterion has been considered as limited [3], because   

the suitability of the recommended item for a particular user 

may depend on more than one utility-related aspect that the 

user takes into consideration when making the choice. 

Particularly in systems where recommendations are based 

on the opinion of others, the incorporation of multiple 

criteria that can affect the users‘ opinions may lead to more 

accurate recommendations. For example, in a movie 

recommender system, two users A and B both assign a 

single-criterion rating of 12 (out of 13) for Avatar. The 

recommender systems will conclude they have the same 

tastes even if A likes its story and B likes its visuals. This is 

called a ―without distinction of interest‖ problem. 

Furthermore, even if both users like the same movie features 

(e.g. actors, visuals, etc.), they might select different movies. 

This is because people usually select a movie based on 

different movie features. This situation is referred to as an 

―unsuitable weight feature‖ problem[26]. The Collaborative 

Filtering technique has been successfully applied to solve 

the recommendation problem with single criterion. When 

the problem is extended to be multiple conflicting criteria, 

new techniques are needed in order to effectively 

incorporate the multi-criteria rating information into the 

recommendation process. To incorporate the multi-criteria 

rating information into the CF process following the 

aggregation function-based approach can be used. The  

system consists of three main modules: the Multi-Criteria 

Prediction Module (MP), the Aggregation Module (AG), 

and the Recommendation Model (RC) as shown in Figure. 

 
Fig. 3.1: System Architecture of multi criteria based 

recommender System 

A. Aggregation Module (AG): 

In the multi-criteria rating environment, different people 

may place different emphases on these interrelated features. 

The goal of AG is to find the relationship between the 

overall rating and the underlying multi-criteria ratings for 

each user. More specifically, given the ratings data of a user, 

AG computes his/her preference model in terms of feature 

weights. 

B. Multi-Criteria Prediction Module(MP): 

In the MP module, we decompose k-dimensional multi-

criteria rating space into k single-rating recommendation 

problems and use a traditional user-based CF technique to 

estimate ratings for each criterion. Thus decompose the 

multi-criteria rating matrix R into k single-criterion rating 

matrices R
k
 . The CF algorithm is then implemented k times, 

one for each criterion.  

C. Recommendation Model(RC): 

The goal of the RC module is to produce a recommendation 

list for an active user. RC modules first predict each 

unknown overall rating directly by using the feature weight 

function estimated in the AG module and the multi-criteria 

rating value estimated in the MP module. 

IV. CONCLUSION 

The exponential growth of information available on Internet 

and its usage has the advert effect in the form  of  

information overload problem. Because of this problem 

users are finding it tremendously difficult to locate the right 

information at the right time. To minimize the information 

overload problem, Personalization becomes a popular 

remedy to customize the Web environment towards user‗s 

preferences . Personalization is the ability to provide content 

and services that are tailored to individuals based on 

knowledge about their preferences and behavior. Among all 

personalization tools, Recommender systems are the most 

employed tools in e-commerce businesses . Recommender 

systems use the opinions of members of a community to 

help individuals in that community by identifying the 
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products tat new user will be most likely to be interesting in 

, ranking all the shortlisted products depending on multiple 

criteria for evaluation of the product. The multi-criteria 

based recommender systems generate more accurate ranking 

as compared to single-criterion based recommender systems.  
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