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Abstract—The volatile expansion in WWW and the booming 

trend in ecommerce have caused the passion of getting most 

wanted information squeezed out of huge volume of information 

base. Pointing those information on a large collection can be a 

complex and time consuming task. Recommender systems can 

help consumer to find exact items by providing them with 

customized suggestions without sufficient personal experience of 

the alternatives. There are three major classification in 

Recommender Systems: Collaborative Filtering,Content based 

and Hybrid Systems.  This paper presents an overview on 

classical Collaborative Filtering – rating prediction techniques 

where the predictions are from historical user preferences. This 

paper also explains the challenges of those techniques and 

probable extensions of those techniques and to make 

Recommender system in applicable winder range. 

 

Index Terms— Collaborative Filtering (CF), Recommender 

System (RS), rating estimation methods, classical rating 

prediction methods. 

I. INTRODUCTION 

Recommender System (RS) plays a vital role in the huge 

market available in the E-purchasing environment while the 

user has lack of knowledge about the products/services. 

Recommendation is one of the most important business 

activities to attract users. Recommendation systems are 

mechanism that assist in making choices in particular domain 

even with lack of knowledge in it. The classification of 

recommender systems have been proposed in [7]. 

 

Below are the categories of RS based on the way in which 

suggestions to be predicted: 

 

Content-based recommendations: All prediction will be 

using the items which are similar to their content or semantics. 

Collaborative recommendations: The rating will be 

predicted based on the items that user with similar liking opted 

previously. 

Hybrid recommendations: These methods are formed using  

content and collaborative methods. 

Unlike the content based methods, CF did not require to 

pick the semantic of the products , rather the feedback of past 

users to them in the form of rating to be acquired and the 

recommendations to the active users will be given. 

The focus of this paper is mainly on item based rating 

predictions which are Collaborative Filtering 

recommendations; where it creates the controlling loom to 

recommender systems. 

The aim of Collaborative Filtering (CF) system on 

predicting a user‘s mind on collective items exists in the area, 

using users‘ previous available opinions or rating on items. 

The primary difference between CF and content based RS 

is theoretical. The heuristic (content) based system is built 

around the element of the items, collaborative filtering relies on 

the real life activity of users. Collaborative approach has some 

distinct benefits over Semantic approach: 

 A large volumetric base analysis without any 

mutation on the available values.  

 Solution for diverse set of items. 

 It provides opportune recommendations.  

 It can capture proper tinge around items.  

 

Collaborative filtering is the most common broadly 

proposed prediction procedure [7].The  explicit or implicit user 

feedback in the form of rating will make this system as a 

powerful approach. The primary goal is, if users A and B 

provides rating for n items likewise, or contain related actions, 

and hence will opt other items similarly. The traditional 

collaborative filtering approach works using theory of 

predicting the user likeness achieved by using the matrix based 

on the ratings given by the user. [15] 

 

The rest of this paper is organized as: discussions on the 

similarity finding techniques of CF in Section II, limitations 

and challenges in Section III and Section IV concludes the 

survey along with Future extensions.   

 

II. COLLABORATIVE RECOMMENDER SYSTEM 

According to [1], collaborative recommendation procedure 

can be classified into two: model and memory (User/item) 

based (or heuristic-based).  

Memory based procedure [1], [2], [3], [4], [5] 

fundamentally are heuristics where they do predictions of 
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rating which relies on the whole collection of items rated by 

customers previously. 

All users are considering as factor of a cluster having 

collection of people or user with high similarity. By means of 

recognize the nearest neighbors of current lively users, 

calculation of rating on new items can be produced for them. 

 The memory-based CF algorithm uses the following steps:  

 

 Step 1: Finding Similarity 

Step 2: Predict Rating 

 

Step1 is considering as a significant step in Memory based CF 

systems. The fundamental of similarity computation in (item-

based system) between items x and y is to spot the co-rated 

users who have rated both of the items and then place the 

correlation calculation to resolve the similarity, 𝑤𝑥.𝑦 [23]. For  

user based memory CF approach, the similarity, 𝑤𝑎.𝑏, 

involving the users a and b who have rated the identical items. 

Below similarity finding techniques are widely used which 

provided the effective predictions in memory based CF system: 

 

i) Pearson correlation based similarity 

The similarity measure is based on linear rating  

among users [15][16] 

 

𝑠𝑖𝑚 𝑝, 𝑞 =
 (𝑅𝑢 ,𝑝−𝑅 𝑝 )(𝑅𝑢 ,𝑞−𝑅 𝑞 )𝑢𝜖𝑈

  (𝑅𝑢 ,𝑝−𝑅 𝑝 )2
𝑢𝜖𝑈    ((𝑅𝑢 ,𝑞−𝑅 𝑞 )2

𝑢𝜖𝑈

      (1) 

where p and q are users, U  is the item collection rated by 

users p & q, 𝑅  is average rating of user (p or q),  𝑅𝑢 ,𝑞  user u ‘s 

rating on 𝑞𝑡ℎ item.  

 

ii) Cosine Similarity 

 A vector-based similarity finding method where the 

ratings are viewed as vectors[15][20] 

 

𝑠𝑖𝑚 𝑥, 𝑦 = cos(𝑥,    𝑦 ) =
𝑥  .𝑦  

 𝑥  2∗  𝑦   2
        (2) 

 

where 𝑥  is user rating vector for item x. 

 

The widely accepted truth is, the number of ratings 

obtained in the past will be typically very minimum when 

contrast to the quantity of rating that requires to be forecasted. 

The sufficient number of user rating on items will provide the 

reliable recommendations by understanding the user‘s interest. 

This insufficient number of ratings leads to sparsity problem 

[20]. In this situation, if a new user is not rated sufficient 

number of items properly then the process of predicting the 

recommendations to that user is difficult job to the system. The 

cold start problem (new user problem) [20][21] will be raised, 

if there is no match between the new user‘s ratings with the 

previously present users.  

The next traditional technique, Model-based CF approach 

addresses these problems using the set of ratings to be trained a 

model and it will be utilized to predict rating. The likelihood 

that user p rate the particular item i given that previous rating 

of user on the rated items, is usually determined by two 

probabilistic models: cluster models and Bayesian networks 

[18]. 

The basic Bayesian collaborative Filtering algorithm [18] 

uses a NB (naive Bayes) stratagem on predictions. 

With the given isolated classes, the class having peek 

probability will be categorized as the predicted class [7].  

Place the base Bayesian algorithm to diverse data for CF 

objectives [18], produces predictive accuracy in worse manner 

with advisable scalability than the Pearson correlation. 

Clustering Collaborating Filtering memory based 

Approach: A Cluster is defined as a set of data items which are 

correlated towards each other within the current cluster and are 

unconnected to the items among rest of the clusters [19]. 

Legacy collaborative filtering having less scalability than 

Clustering models , because they  make predictions within 

comparatively  small clusters which is known us reduced 

dimension data set[10-12]. 

Hybrid Recommender system clubbed CF Algorithms. 

Model based and memory based strategies, can be linked to 

derive hybrid filtering. The recommendation accuracy of the 

above techniques are broadly superior than the purest form of 

model and memory based CF algorithms. [7]. 

 

III. CHALLENGES ON COLLABORATIVE SYSTEMS 

 

Though the collaborative filtering algorithm has been 

proposed as an efficient predictive technique there are three 

challenges exists which are limiting the accuracy of the 

recommendation. 

 

A. Sparse Data: 

  

To make the CF system as an accurate prediction system, a 

huge adequate number of users have to offer preference ratings 

to available items, and the item coverage of user ratings must 

have quantifiable correlations. In reality this is not the ideal 

case where the recommendation system encountered the 

sparsity problem. 

In [7] [6], a dimensionality reduction methodology for 

tackling with meager rating matrix was discussed , Singular 

Value Decomposition [14] is a sound method on matrix 

factorization that gives lower rank estimations for original 

sparse matrix [7]. 

The two possible solutions available for addressing sparsity 

problem are: The first one uses smoothen [16] the sparse 

matrix or shrinking the dimension for minimizing the sparsity 

of rating matrix. The Second resolution provides the improved 

methods to increase the efficiency without changing the 

sparsity of the matrix. [18] 

For Smoothening [23] [16] which will reduce the sparsity, 

Radial Basis Function Network is used by providing the 

approximate rating for meager Kernel Fuzzy C means clustered 

matrix.   
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To predict the missing value in less dense rating matrix, a 

two step solution is introduced in [22][15] using Co-clustering 

and Radial Basis Function. 

 

B. Cold Start Problem: 

  

This problem be present in bunch of industrial domains. 

Cold start is defined as, the situation where either there are not 

adequate data to examine or the user are meager. E.g. a new 

active user in an online community webpage, the user doesn‘t 

have even a single companion or likely item, and it‘s not easy 

to provide recommendations to such user. There comes the 

major nature of cold start problems in CF, New User or New 

Item.  

Hybrid CF systems, like content enhanced CF technique 

[12], used to address the sparsity problem ; where exterior 

content can be used to generate missing ratings for new 

user/item. 

During the RBF recommendation approach [15,23], if the  

active user is new to this system or application without having 

rating (New user cold start problem); the top rated items on  

very cluster is suggested for that active user. 

  

C. Scalability: 

 

As the user base grows in volumes, then User–user 

collaborative Filter, while eff ective, suff er from scalability 

issues. Finding the neighbors of a user will be worse in few 

cases, depending on how similarities are computing, in linear 

fashion by considering all the user in the system, within the 

entire figure of ratings. For the enhancement of the 

collaborative filtering to bulky user set and smooth the 

progress of implementations, it is necessary to provide more 

scalable algorithms. 

 

Nearest Neighbor methodology need computations that 

grow along with the quantity count of both customers and 

items. Most of the RS which are running with existing methods 

discussed so far in this paper will suffer with serious scalability 

issues, where those are handling with tons of users and items 

combinations in a typical web based applications.  

Top-N item based recommendation methods will be used to 

alleviate the scalability problem of top-N user based 

recommendation [13]. Instead of finding user-user similarity, it 

proposes to calculate similarities of two sets and then sort the 

similarity values in decreasing order.[17] 

To handle the scalability problem and produce the quality 

recommendations in short duration, Dimensionality reduced 

techniques like SVD will be used, by taking an expensive 

matrix factorization [13]. Item based Memory CF methods like 

Pearson Correlation will provide achievable scalability. Rather 

finding likelihood for whole matrix of items, Pearson item 

based CF calculates the likelihood only among the co-rated 

items by users [7].The scalability problem can be handled by 

making suggestions on experimental ratings using an legacy 

Bayesian CF algorithm [8]. Model based CF, like clustered CF 

provides solutions for scalability by finding users for prediction 

within in low volume and clusters with extreme likelihood 

,instead of  whole user base [3,9-11], but there are toggles 

between scalability and prediction performance in 

Recommender systems. 

 

IV. FUTURE WORK AND CONCLUSION 

 

Recommender systems made easy way to dig the relevant 

items which will reside on our tastes. Though number of 

methods on major three categories semantic based, rating based 

and hybrid approach, the likelihood calculation techniques 

surveyed require further enhancements for an efficient 

Recommendation. Though there are various limitations 

foreseen, among all the reviewed algorithms, RBF and 

Clustering hybrid approach have provided the satisfactory 

metrics results  of the current recommendation methods. These 

extensions include the mathematical Approximation techniques 

like Radial Basis functions, Back-propagations to fix the major 

challenges associated with Collaborative filtering System. 
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