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Abstract— On the Internet, where the number of choices is 

overwhelming, there is need to filter, prioritize and efficiently 

deliver relevant in-formation in order to alleviate the problem 

of information overload, which has created a potential 

problem to many Internet users. Recommender systems solve 

this problem by searching through large volume of 

dynamically generated information to provide users with 

personalized content and services. This paper explores 

collaborative filtering recommender system along with its 

approaches. Further the paper is intended to analyze various 

extending capabilities which can be incorporated into 

collaborative based recommender approach to improve the 

accuracy as well as to overcome many of the challenges faced 

by traditional collaborative based recommender system. 

Comparative analysis of extending capabilities along with its 

merits, demerits and applications are highlighted in this 

paper. 
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I. INTRODUCTION 

Recommender systems are defined as recommendation in-

puts given by the people, which the system then aggregates 

and directs to appropriate recipients.  It can be further defined 

as a system that produces individualized recommendations as 

output or has the effect of guiding the user in a personalized 

way to interesting objects in a larger space of possible 

options. Recommender system will become an integral part 

of the Me-dia and Entertainment (M&E) industry in the near 

future. The term “collaborative filtering” was introduced in 

the context of the first commercial recommender system, 

called Tapestry, which was designed to recommend 

documents drawn from newsgroups to a collection of users. 

The motivation was to leverage social collaboration in order 

to prevent users from getting inundated by a large volume of 

streaming documents. Collaborative filtering, which analyzes 

usage data across users to find well matched user-item pairs, 

has since been juxta-posed against the older methodology of 

content filtering which had its original roots in information 

retrieval. In content filtering, recommendations are not 

“collaborative” in the sense that suggestions made to a user 

do not explicitly utilize information across the entire user-

base. In advanced models, contextual data, such as temporal 

information, external knowledge, location information, social 

information, or net-work information, may be used. 

The basic principle of recommendations is that 

significant dependencies exist between user and item-centric 

activity. For example, a user who is interested in a historical 

documentary is more likely to be interested in another 

historical documentary or an educational program, rather than 

in an action movie. In many cases, various categories of items 

may show significant correlations, which can be leveraged to 

make more accurate recommendations. Alternatively, the 

dependencies may be present at the finer granularity of 

individual items rather than categories. These dependencies 

can be learned in a data-driven manner from the ratings 

matrix, and the resulting model is used to make predictions 

for target users. The larger the number of rated items that are 

available for a user, the easier it is to make robust predictions 

about the future behavior of the user.  

Obtaining recommendations from trusted sources is 

a critical component of the natural process of human decision 

making. With burgeoning consumerism buoyed by the 

emergence of the web, buyers are being presented with an 

increasing range of choices while sellers are being faced with 

the challenge of personalizing their advertising efforts. In 

parallel, it has become common for enterprises to collect 

large volumes of transactional data that allows for deeper 

analysis of how a customer base interacts with the space of 

product offerings. Recommender systems have evolved to 

fulfill the natural du-al need of buyers and sellers by 

automating the generation of recommendations based on data 

analysis. 

Recommender Systems remain an active area of 

research, intersecting several sub-disciplines of statistics, 

machine learning, data mining and information retrievals. 

Applications have been pursued in diverse domains ranging 

from recommending webpage to music, books, movies and 

other consumer products. Increasing product sales is the 

primary goal of a recommender system. Recommender 

systems are after all, utilized by merchants to increase their 

profit. 

II. LITERATURE REVIEW 

Recommender Systems emerged as an independent research 

area in the mid-1990’s when researchers started focusing on 

recommendation problems that explicitly rely on the rating 

structures. Recommendation problem is reduced to the 

problem of estimating ratings for the items that have not been 

seen by a user. 

Maddali Surendra [4] Proposed primitive and 

simplest technique for implementation of User-based 

recommendation system and demonstrated its simplicity, 

efficiency in comparative manner with help of Pearson’s 

correlation coefficient.  

To overcome some drawbacks of User-User based 

recommendations. Badrul Sarwar Et.al [1] Item based 

Collaborative Filtering Recommendation Algorithms were 

introduced. Item based CF algorithms analyze different item 

based recommendation algorithms where item - item 

similarities are computed with the help of cosine similarity, 

correlation similarity. 

Bin Xu Et.al [2]improved Collaborative 

Recommender Systems via User-Item subgroups. This is the 
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first research in user-item subgroups technique and proposes 

multiclass co-clustering of user-item matrix. It combines 

traditional CF algorithms with subgroups for improving top 

N recommendation performance. Systematic experiments on 

several real data sets have demonstrated the effectiveness of 

this approach. 

Methods by Zheng Xiaoyao Etal[10] has been based 

on matrix factorization technique to get high accuracy results. 

This approach uses k-mode algorithm to reduce complexity 

of matrix and increase relevance of user-item matrix. 

 Murali Krishna Rao [6] worked on a theme or 

technique that deals with Collaborative filtering algorithms 

which are implemented by regularized matrix factorization. 

Here matrix is nothing but User-item interaction matrix based 

on which new matrices are generated which will include 

predicted rat-ings with original ratings. Data loss equation is 

used to avoid data loss while updating matrix through 

machine learning al-gorithm. 

 Guibing Guo [3] proposed a trust based matrix 

factoriza-tion technique for recommendations. It consists of 

analysis of social trust data from four real world data sets. It 

is built on top of state of art recommendation algorithm by 

incorporat-ing both the explicit and implicit influence of 

trusted and trust-ing users on prediction of items. It achieves 

better accuracy and mitigates scalability issues. 

 Mahamudul Hassan [5] proposed a recommender 

system incorporating new similarity metrics by combining 

traditional similarity metrics. The metrics are evaluated by 

experimenting with real data of MovieLens and Epinions data 

sets. It has been found that proposed similarity metric 

performs better than traditional similarity metrics. 

 Sundus Ayyaz[8] , attempted to improve 

collaborative fil-tering by selecting an optimal neighborhood 

for recommendation. An algorithm that uses collaborative 

filtering for providing recommendations to a user by selecting 

an optimal neighborhood is demonstrated using k-nearest 

neighbor and thresh-old neighbor. The results are compared 

in order to get the neighborhood which gives the least error 

and better recommendation quality. 

 Surong Yan [9], suggests an approach to build 

efficient social recommender system using individual 

relationship net-work. This method uses social networks as 

additional input to improve the accuracy of traditional 

recommender system. This approach manages the complexity 

of adding social relation networks to recommender system by 

controlling relation-ship propagation and contraction. It has 

been shown that this approach is found to improve predictive 

accuracy and gain a better scalability compared with state of 

art social recommendation methods. 

III. COLLABORATIVE FILTERING APPROACHES 

A. Memory-Based Method 

Memory based algorithms [7] maintain the original setup of 

CF task. They use statistical technique to build up the neigh-

borhood relationship for an active user and then usually use a 

weighted sum of the ratings to predict missing values.   The 

two most popular similarity measures are correlation-based 

and cosine-based. Pearson correlation coefficient is used to 

measure the extent to which two variables linearly relate with 

each other and is defined as: 

𝑠(𝑎, 𝑢) =  
∑ (𝑟𝑎,𝑖−  𝑟𝑎  ̅̅ ̅̅̅𝑛

𝑖=1 ) ( 𝑟𝑢,𝑖 − 𝑟𝑢  ̅̅ ̅̅ ̅)

√∑ (𝑟𝑎,𝑖−𝑟𝑎̅̅ ̅ )2 𝑛
𝑖=1  √∑ (𝑟𝑢,𝑖− 𝑟𝑢 ̅̅ ̅̅ )2𝑛

𝑖=1

           (1) 

From the above equation, s(a,u) denotes the 

similarity between two users a and u, r_(a,i) is the rating given 

to item i by user a, (r_a )  ̅is the mean rating given by user a 

while n is the total number of items in the user-item space. 

Also, prediction for an item is made from the weighted 

combination of the selected neighbors’ ratings, which is 

computed as the weighted deviation from the neighbors’ 

mean. The general prediction formula is:  

𝑝(𝑎, 𝑖) =  𝑟𝑎̅̅ ̅ +  
∑ (𝑟𝑢,𝑖−𝑟𝑢̅̅ ̅)∗𝑠(𝑎,𝑢)𝑛

𝑖=1

∑ 𝑠(𝑎,𝑢)𝑛
𝑖=1

         (2) 

Cosine similarity is different from Pearson-based 

measure in that it is a vector-space model which is based on 

linear algebra rather that statistical approach. It measures the 

similarity between two n-dimensional vectors based on the 

angle between them. Cosine-based measure is widely used in 

the fields of information retrieval and texts mining to 

compare two text documents, in this case, documents are 

represented as vectors of terms. The similarity between two 

items u and v can be defined as follows: 

𝑠(𝑢 , 𝑣 ) =  𝑢
→.

𝑣
→

|
𝑢
→|∗|

𝑣
→|

=  
∑ 𝑟𝑢,𝑖𝑟𝑣,𝑖𝑖

√∑ 𝑟𝑢,𝑖
2

𝑖 ∗ √∑ 𝑟𝑣,𝑖
2

𝑖

       (3) 

Memory-based methods are also referred to as 

neighborhood-based collaborative filtering algorithms. These 

were among the earliest collaborative filtering algorithms, in 

which the ratings of user-item combinations are predicted on 

the basis of their neighborhoods. 

These neighborhoods can be defined in one of two 

ways:  

1) User-based Collaborative filtering 

The basic idea is to determine users, who are similar to the 

target user A and recommend ratings for the unobserved 

ratings of A by computing weighted averages of the ratings 

of this peer group. 

2) Item-based Collaborative Filtering 

In order to make the rating predictions for target item B by 

user A, the first step is to determine a set S of items that are 

most similar to target item B. The ratings in item set S, which 

are specified by A, are used to predict whether the user A will 

like item B. For example: First, the similarity between items 

is computed after adjusting for mean-centering.  

The advantages of memory-based techniques are 

that they are simple to implement and the resulting 

recommendations are often easy to explain. On the other 

hand, memory-based algorithms do not work very well with 

sparse ratings matrices. 

B. Model-Based Method 

This technique employs the previous ratings to learn a model 

in order to improve the performance of Collaborative filtering 

Technique. The model building process can be done using 

machine learning or data mining techniques. These 

techniques can quickly recommend a set of items for the fact 

that they use pre-computed model and they have proved to 

produce recommendation results that are similar to 

neighborhood-based recommender techniques. Examples of 

these techniques include Dimensionality Reduction 

technique such as Singular Value Decomposition (SVD), 

Matrix Completion Technique, Latent Semantic methods, 
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and Regression and Clustering. Model-based techniques 

analyze the user-item matrix to identify relations between 

items; they use these relations to compare the list of top-N 

recommendations. Model based techniques resolve the 

sparsity problems associated with recommendation systems. 

Singular Value Decomposition (SVD) is a well-

known matrix factorization technique that factors an m x n 

matrix into 3 matrices. In this model, each item is represented 

as a set of features (aspects) and each user as a set of values 

indicating his/her preference for the various aspects of the 

items. The rating prediction is composed of the sum of both: 

𝑝𝑖𝑗 = 𝑥𝑖
𝑇𝑦𝑗                                            (4) 

Where, xi and yj are K-dimensional vectors 

representing, respectively, the affinity of each user and item 

to each one of the K features. The values of such vectors are 

estimated in the model construction phase, using a variation 

of SVD where the unknown ratings are ignored. It involves a 

gradient descent technique with regularization to minimize 

the sum of squared residuals.SVD can be used in 

recommender systems to perform two different tasks: To 

capture latent relationships between User and items that 

allows us to compute the predicted likeliness of a certain item 

by a user. To produce a low-dimensional representation of the 

original User-Item space and then compute neighborhood in 

the reduced space. It can be then used that to generate a list 

of top-N product recommendations for Users. 

Clustering is the task of grouping a set of objects in 

such a way that objects in the same cluster is more similar 

than those in other cluster. Clustering techniques reduces 

sparsity and improves the scalability of the system since 

similarity can be calculated on only for users in the same 

clusters. In general, clustering users(or items) results in 

creating sub-matrices of entire user-item rating matrix. Then, 

classical CF algorithms can be used to generate 

recommendation based on these sub matrices. If user-based 

CF is applied on user clusters, the neighbors of the active user 

are users in the same user cluster. If item-based CF is applied, 

neighbors of active user are users who have rated items in the 

same item cluster. These simple clustering techniques are not 

feasible in the domains where the features of the items are 

hidden or hard to extract, as well as where the structure of the 

categories is complicated. 

IV. IMPROVEMENTS ON COLLABORATIVE FILTERING 

Recommender systems can be extended in several ways that 

mainly emphasize on extending collaborative filtering 

approach. Such more comprehensive models of 

recommender systems can provide better recommendation 

capabilities. 

A. Optimal User Neighborhood Selection  

Collaborative Filtering depends on selecting neighborhood 

for filtering recommendations [8]. To improve the accuracy 

of this approach, neighborhood formation has to be taken into 

account. So, a new algorithm to find out the optimal 

neighborhood has been developed. Memory-based CF is 

selected for generating recommendations. The memory-

based CF using Pearson correlation coefficient (PCC) 

formula is used to predict the nearest neighbors of the user.  

There are two methods for neighborhood formation: 

 N nearest neighbor:  where n is the number of nearest 

neighbors for a given user according to the similarity. 

 Threshold-based neighbor:  where the neighborhood is 

formed by calculating the distance between the active 

user and other users and it is considered a neighbor when 

user similarity exceeds a given specified threshold. 

The recommendation result can be improved by 

selecting the most effective user neighborhood which can be 

achieved by comparing the results obtained by selecting n-

nearest neighbors with the threshold based neighbors. The 

method which gives the best results is considered for 

recommending items to users. The process works as follows: 

 Neighborhood formation: Use n-nearest neighborhood 

method and threshold based neighborhood method for 

calculating similarity measure between current user and 

its neighbor using Pearson correlation. 

 Neighborhood comparison: Compare recommendations 

generated by both methods and results are evaluated to 

get the most suitable number of nearest neighbors which 

gives better quality recommendations with least error. In 

threshold based method, the value of the threshold is 

varied to get the most appropriate result at a certain value 

of threshold.  

 A subset of neighbors is selected which gives the most 

optimal result from the n-nearest and the threshold based 

methods to provide good quality recommendations to 

user 

 Evaluation metric used: RMSE (Root Mean Squared 

Error) 

The comparison is made by selecting a particular 

data set and computing RMSE values for both n-nearest 

neighbor method and threshold based method. The results are 

generated by continuously changing the neighborhood size 

and the distance between user and its neighbors and arriving 

at that point where the best possible result is obtained for one 

with least RMSE value. It has been found that threshold based 

method provide better result. As a result of selecting the most 

optimal neighborhood, more accurate recommendations can 

be obtained. 

B. Incorporating Trust into CF Method  

Recommendation technology and trust metrics constitute the 

two pillars of trust-enhanced recommender systems [3].  

Research has pointed out that people tend to rely more on 

recommendations from people they trust than on online 

recommender systems which generate recommendations 

based on anonymous people similar to them. This 

observation, combined with the growing popularity of open 

social networks and trend to integrate e-commerce 

applications with recommender systems has generated a 

rising interest in trust-enhanced recommender systems. The 

recommendations generated by these systems are based on 

information coming from a trust network, a social network 

which expresses how much the members of the community 

trust each other.  In collaborative filtering, a rating of target 

item i for target user a can be predicted using a combination 

of the ratings of the neighbors that are already familiar with 

item i.  

TrustSVD is a trust based matrix factorization 

technique for recommendations. TrustSVD integrates 
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multiple information sources into the recommendation model 

in order to reduce the data sparsity and cold start problems 

and their degradation of recommendation performance. In 

social rating networks a user can label other users as trusted 

friends and thus form a social network.  

Suppose that a recommender system includes m 

users and n items. Let R denote the user-item rating matrix, 

where each entry represents the rating given by user u on item 

i. The rating matrix R is only partially observed and is very 

sparse. 

Let 𝐼𝑢 = {𝑖|𝑟𝑢,𝑖 ≠ 0} denote the set of items rated by 

user u. Let 𝑝𝑢 and 𝑞𝑖be a d-dimensional latent feature vector 

of user u and item i, respectively. The essence of matrix 

factorization is to find two low-rank matrices: user-feature 

matrix P and item-feature matrix Q that can adequately 

recover the rating matrix R. The underlying assumption is 

that both users and items can be characterized by a small 

number of features. Hence, the rating on item j for user u can 

be predicted by the inner product of user-specific vector 𝑝𝑢 

and item-specific vector 𝑞𝑗 , i.e 

𝑟𝑢,𝑗 = 𝑞𝑗
𝑇𝑝𝑢                           (5) 

Learn the user- and item-feature matrices by minimizing the 

following loss (objective) function: 

𝐿𝑟 =  
1

2
 ∑ ∑ (𝑞𝑗

𝑇𝑝𝑢𝑗€𝐼𝑢
− 𝑟𝑢,𝑗 )

2 + 
𝜆

2
 ( ∑ ‖𝑝𝑢 ‖𝐹

2 + ∑ ‖𝑞𝑗‖
𝐹

2
)𝑗𝑢𝑢  (6) 

Trust SVD is built on top of SVD++.SVD++  take 

into consid-eration user/item biases and the influence of rated 

items other than user/item specific vectors on rating 

prediction. Formally, 

𝑟𝑢𝑗 = 𝑏𝑢 + 𝑏𝑗 + 𝜇 + 𝑞𝑗
𝑇( 𝑝𝑢 + |𝐼𝑢|−

1

2 ∑ 𝑦𝑖)𝑖𝜖𝐼𝑢
   (7) 

Where 𝑏𝑢 and 𝑏𝑗 are the rating biases of user u and 

item j, 𝜇 is the global average rating and 𝑦𝑖  denotes implicit 

influence of ratings in the past. 

 The key idea behind the TrustSVD model is to take 

into account both explicit and implicit influences of item 

ratings and of social trust information. For ratings, the explicit 

information is the rating values which are approximated by 

the inner product  𝑞𝑗
𝑇𝑝𝑢 of user- and item-specific latent 

feature vectors, while the implicit influence is represented by 

𝑞𝑗
𝑇𝑦𝑖 regarding the effect of rated items by the active users. 

Similarly, for trust statements, the explicit information is the 

trust values that are predicted by the inner product 𝑤𝑢
𝑇𝑝𝑢 of 

truster- and trustee-specific latent feature vectors. The 

implicit influence of trust neighbors can be further split into 

two parts: trustees’ influence is modeled by the inner product 

𝑞𝑗
𝑇𝑤𝑢 while trusters’ influence is given by the inner 

product 𝑞𝑗
𝑇𝑝𝑘.Thus, the user’s possible rating on a target item 

i is found by: 

𝑟𝑢𝑗 = 𝑏𝑢𝑗 + 𝑞𝑗
𝑇(𝑝𝑢 + |𝐼𝑢|−

1

2 ∑ 𝑦𝑖 + |𝑇𝑢|−
1

2𝑖𝜖𝐼𝑢
∑ 𝑤𝑣𝑣𝜖𝑇𝑢

) (8) 

Therefore, compared with other models, TrustSVD 

enables more information (both implicit and explicit) for 

rating prediction, resulting in better recommendation 

performance. Incorporating trust in a matrix factorization 

model can alleviate the cold start problem. By considering 

both explicit and implicit influence of trust rather than either 

one, our model can better utilize trust to further mitigate the 

data sparsity and cold start issues. 

V. RECOMMENDER SYSTEM CHALLENGES 

A. Sparsity 

Most users do not rate most items and hence the user rating 

Matrix is typically very sparse. 

B. The Cold-Start Problem  

New items and new users pose a significant challenge to 

recommender systems. Collectively these problems are 

referred to as the cold-start problem. 

C. Scalability  

As system gets mature with time, number of users and items 

increases, leads to millions of ratings which result in slow 

computations and degrades the quality of recommendation 

system. 

D. Gray Sheep Problem  

Gray sheep term is used for the users those who posses 

unusual taste that rarely matches to any other group of people. 

E. Ramp-Up Problem 

A large amount of rating data should be initialized for CF to 

perform well, because it is not useful with a small base of 

ratings. This refers to ramp-up problem. 

F. Shared Account Problem 

Sometimes, it happens that one account is shared by two or 

more people with varied set of interests like an account is 

shared by a lady and her children. This makes RS inefficient 

to analyze the needs of person and may result in customer 

dissatisfaction. 

G. Evaluation Measures 

Most of the people emphasize on accuracy of RS which 

means how closely it predicts the user rating. To realize the 

full strength of RSs, significant amount of effort is needed in 

the direction of novelty, serendipity and diversity. 

VI. COMPARISON OF APPROACHES 

Memory-Based algorithms use the whole table to compute 

their prediction. Generally, they use similarity measures to 

select users (or items) that are similar to the active user. Then, 

the prediction is calculated from the ratings of these 

neighbors. 

Model-Based algorithms first construct a model to 

represent the behavior of the user and therefore, to predict 

their ratings. 

Item-based methods often provide more relevant 

recommendations because of the fact that a user’s own ratings 

are used to perform the recommendation. In item-based 

methods, similar items are identified to a target item, and the 

user’s own ratings on those items are used to extrapolate the 

ratings of the target. For example, similar items to a target 

historical movie might be a set of other historical movies. In 

such cases, the user’s own recommendations for the similar 

set might be highly indicative of her preference for the target. 

This is not the case for user-based methods in which the 

ratings are extrapolated from other users, who might have 

overlapping but different interests. As a result, item-based 

methods often exhibit better accuracy. 
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Although item-based recommendations are often 

more likely to be accurate, the relative accuracy between 

item-based and user-based methods also depends on the data 

set at hand. Item-based methods are also more robust to 

shilling attacks in recommender systems. On the other hand, 

it is precisely these differences that can lead to greater 

diversity in the recommendation process for user-based 

methods over item-based methods. Diversity refers to the fact 

that the items in the ranked list tend to be somewhat different. 

If the items are not diverse, then if the user does not like the 

first item, she might not also like any of the other items in the 

list. Greater diversity also encourages serendipity, through 

which some-what surprising and interesting items are 

discovered. Item-based methods might sometimes 

recommend obvious items, or items which are not novel from 

previous user experiences. 

Finally, item-based methods are more stable with 

changes to the ratings. This is because of two reasons. First, 

the number of users is generally much larger than the number 

of items. In such cases, two users may have a very small 

number of mutually rated items, but two items are more likely 

to have a larger number of users who have co-rated them. In 

the case of user-based methods, the addition of a few ratings 

can change the similarity values drastically. This is not the 

case for item-based methods, which are more stable to 

changes in the values of the ratings. Second, new users are 

likely to be added more frequently in commercial systems 

than new items. In such cases, the computation of 

neighborhood items can be done only occasionally because 

item neighborhoods are un-likely to change drastically with 

the addition of new users. On the other hand, the computation 

of user neighborhoods needs to be performed more frequently 

with the addition of new users. In this context, incremental 

maintenance of the recommendation model is more 

challenging in the case of user-based methods. 

Memory-Based Model-Based 

Use statistical technique to 

build neighborhood 

Develop a model of user 

rating 

Advantages : 

Scale well with correlated 

items 

Only ratings are sufficient 

New data can be added 

easily 

Advantages : 

Address scalability and 

sparsity 

Improve prediction 

performance 

 

Disadvantages : 

Depends on human ratings 

Correlations are skewed 

when data are sparse 

Cold start problem 

 

Disadvantages : 

Model building is 

expensive 

Scalability improved at 

cost of performance. 

Model construction takes a 

long time 

Table 1: Comparison of Basic CF Approaches 

The similarity comparison process is 

computationally expensive for large datasets and neighbors 

cannot be found accurately in highly sparse data.  In model 

based CF algorithms, a predictive model is trained from 

observed ratings in advance. Latent factor model can reduce 

data sparsity through matrix factorization techniques such as 

SVD and usually generate more accurate recommendations 

than memory based CF algorithms. 

When number of existing users and items grow 

tremendously, traditional CF algorithms like memory based 

or model based will suffer scalability problem and 

computational cost goes beyond acceptable levels. Clustering 

CF models address the scalability problem by making 

recommendations with smaller clusters instead of entire 

database, demonstrating promising performance in tradeoff 

between scalability and recommendation accuracy. Trust 

based methods integrate multiple information sources into the 

recommendation model to reduce the data sparsity and cold 

start problems. To resolve major issues (cold start problem 

and data sparsity problem) researchers incorporated social 

trust information into their recommendation models. 

Existing trust based models suffer from certain 

problems: Trust information is also sparse, yet 

complimentary to rating information. Hence focusing too 

much on either one kind of information may affect prediction 

accuracy. Users are strongly correlated with their outgoing 

trusted neighbors, where as weakly correlated with trust-alike 

neighbors. 

Therefore both implicit and explicit influence of 

item ratings and user trust has to be incorporated. No existing 

work has considered above both simultaneously. Trust 

combined user based CF approach is not stable. SVD-based 

CF is stable. To compromise this, it might be better to utilize 

trust combined SVD based CF to achieve both high precision 

and stable per-formance. TrustSVD is consistently superior 

to all other works. It has to be noted that trust and ratings are 

complimentary to each other. Computational complexity of 

TrustSVD indicated its capability of scaling up to large-scale 

data sets. TrustSVD method outperforms prediction 

accuracy. Therefore TrustSVD alleviate the data sparsity and 

cold start problem of recommender systems. However this 

model cannot be suited for task of top-N item 

recommendation. 

Improvements Features Shortcomings 

 

Optimal user 

neighborhood 

selection 

 

Improved 

accuracy 

 

Difficult to render 

hidden details. 

 

Similarity 

computation is 

expensive 

TrustSVD++ 

Scalable to 

large dataset 

Outperform 

prediction 

accuracy 

Not suited for Top-

N recommendation 

Table 2: Comparison of Improved CF Approaches 

VII. APPLICATIONS 

A recommendation domain refers to the set of items a 

recommender works upon to achieve some specified 

objective. RSs have been designed and developed to 

recommend a variety of items that can broadly be classified 

into several do-mains of interest as follows: 

A. E-commerce  

Recommender systems embedded in commercial 

applications provide recommendations to the customer and 
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boost them to buy different kinds of products of their interest. 

Example of commercial RS include: Amazon, eBay, movie 

finder, drugstore etc. 

B. Movie 

There has been a significant increase in the movie RS since it 

attracts almost all categories of users and researchers. 

MovieLens recommends movies to the users based on their 

movie preferences. Netflix is also a recommender for movies 

and TV shows that allows streaming on internet-connected 

devices at any time.  

C. Music 

In the music domain, CF techniques are very common in 

producing recommendations. 

News: This category provides very exciting 

recommendations about a variety of breaking news to its 

potential customers. 

D. Tourism 

This recommenders produce personalized recommendations 

for the tourists whenever they are to visit unfamiliar places. 

E. Miscellaneous 

In this category, all other recommendation fields can be put 

together wherein till date the research is very limited. These 

domains include recommendation of learning resources, re-

search grants, IT skills, images, jokes, real estate, restaurant, 

job search, similar user recommendation on P2P network, etc 

VIII. CONCLUSION & FUTURE SCOPE 

Analyzing all the different approaches to building 

recommender system, CF is the best research technique .It is 

always desirable to design a CF approach that is easy to 

implement, takes few resources, produces accurate 

predictions and recommendations, and overcomes all kinds 

of challenges presented by real-world CF applications, such 

as data sparsity, scalability, synonymy, privacy protection, 

and so forth. Although there is no cure-all solution available 

yet, people are working out solutions for each of the 

problems. Besides ad-dressing the above challenges, future 

CF techniques should al-so be able to make accurate 

predictions. In fact, given the rich number of different 

proposals, the question of which recommendation algorithm 

to use under which circumstances is still open, even if we 

limit our considerations to purely collaborative approaches. 

A newer basis of comparison is required, given the dozens of 

different techniques that have been pro-posed over the past 

decade. Based on such a comparison, a new set of “baseline” 

algorithms could help to get a clearer picture. Overall, today’s 

CF techniques are mature enough to be employed in practical 

applications, provided that moderate requirements are 

fulfilled.  
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