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Abstract— Collaborative Filtering (CF) is one in all the foremost 

thriving recommendation techniques. in spite of its success, it still 

suffers from some weaknesses equivalent to knowledge 

sparseness and user cold-start issues leading to poor 

recommendation accuracy and reduced coverage. Trust-based 

recommendation ways incorporate the extra data from the user's 

social trust network into Collaborative filtering and might higher 

solve such issues. In this paper we show how to use trust With 

collaborative filtering to resolve the issues and improve the 

results. 
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This template, modified in MS Word 2007 and saved as  a 
“Word 97-2003 Document” for the PC, provides authors with 
most of the formatting specifications needed for preparing 
electronic versions of their papers. All standard paper 
components have been specified for three reasons: (1) ease of 
use when formatting individual papers, (2) automatic 
compliance to electronic requirements that facilitate the 
concurrent or later production of electronic products, and (3) 
conformity of style throughout a conference proceedings. 
Margins, column widths, line spacing, and type styles are built-
in; examples of the type styles are provided throughout this 
document and are identified in italic type, within parentheses, 
following the example. Some components, such as multi-
leveled equations, graphics, and tables are not prescribed, 
although the various table text styles are provided. The 
formatter will need to create these components, incorporating 
the applicable criteria that follow. 

I. INTRODUCTION  

In recent years, with the rapid growth of the net, more 

and more people use on-line system to buy products and 

services. However, with an amazing quantity of data 

concerning things out there on the net, it's terribly troublesome 

for users to search out and confirm the things that area unit 

acceptable for them without trouble. Recommender Systems 

aim to suggest the active users with the things that they 

will like or find helpful Presently, collaborative Filtering 

(CF) is the  most well-known and wide used recommendation 

approach in Recommender Systems. so as to get 

recommendation, CF collects user ratings for things during 

a given domain and identifies users whose tastes are similar to 

active user[1,2] 

 

However, RSs based on CF suffer from some weaknesses due 

to the nature of method of finding similar users; these include 

knowledge sparsity and cold start user issues [1,3,4]. In-fact 

method of comparing 2users with the aim of computing their 

similarity involves comparing the ratings they provide for 

things. So as to be comparable, it’s necessary that the 2 users 

rated a minimum of a number of identical things (called co-

rated items). the data sparsity problems happens as a result 

of the quantity of accessible things is extremely massive. 

 

Where as the quantity of things rated by each single user 

is normally little. This means that it’s very unlikely 2 random 

users have rated any things in common thus they are not 

comparable. The cold-start (CS) user problem, also known 

as new user problem, affect users who haven’t rated a major 

range of things. When the number of of the CS user’s  ratings is 

little, the CF based approaches cannot properly be joined with 

similar users, so it fails to get high quality recommendation..   

 

To address these weaknesses, we thought for using trust 

relations between users, that can't be well handled in ancient 

CF-based recommender approaches, to boost the standard of 

recommendation [5,6,4]. Trust based recommender systems 

have evidenced to be prospering in solving some limitations of 

CF-based approaches by permitting users to  declare what 

quantity they consider trustworthy to one another. This 

judgment is related to what quantity they consider the ratings 

provided by a particular user as useful and relevant. 

 

A. Selecting a Template   

First, confirm that you have the correct template for your 
paper size. This template has been tailored for output on the A4 
paper size. If you are using US letter-sized paper, please close 
this file and download the file “MSW_USltr_format”. 

B. Maintaining the Integrity of the Specifications 
The template is used to format your paper and style the text. 

All margins, column widths, line spaces, and text fonts are 
prescribed; please do not alter them. You may note 
peculiarities. For example, the head margin in this template 
measures proportionately more than is customary. This 
measurement and others are deliberate, using specifications that 
anticipate your paper as one part of the entire proceedings, and 
not as an independent document. Please do not revise any of 
the current designations. 

II. BACKGROUND AND RELATED WORK  

A. CF-based recommender systems 

      Collaborative Filtering (CF) is that the most used 

recommendation approach for recommender systems; and 

its explanation is that, users who united within the past (in the 

shape of ratings on items), will agree within the future. so as to 
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form things recommendation for the active user, initial the CF 

formula explores the user-item matrix and creates a row vector 

containing the ratings provided by the user for a few things. 

Thereafter, it'll compare the active user’s vector against the 

vectors of all remaining users to calculate similarity. Usually 

the similarity measure is the Pearson coefficient of correlation, 

however the other can be used like cosine similarity and 

distance-based similarity. These similarity measures calculate 

the similarity between active user and each alternative user 

based mostly on the common things outlined in their relevant 

vectors. 

  
In practice, consideration  is  most frequently given to 

users who have rated the target item and who have a direct 
correlation. Then the foremost similar users (the prime n) to the 
active user are chosen to be the user's nearest neighbors. 
Finally, based the ratings of the active user’s nearest 
neighbors that are givento things existing in their profiles, 
predictions are generated employing a weighted average of 
those ratings [1,3]. 

B. Trust-based recommender systems  

In several recommender systems supported trust, the trust will 

have distinct or phase value. distinct values are divided to 

2 classes  of binary and multiple values. for instance, on the 

web site, epinions.com, the users’ rating has 2values of zero 

and one. whereas within the web site filmtrust, values between 

zero and 9 are used 

 

1)  Relationship trust, direct or native: 

        In this methodology, the user supported the scores others 

have given to the things within the past, receives the comments 

of others directly. several e-commerce internet sites (such as: 

Epinion.com, Amazon.com, Ebay.com, Film trust) besides 

identifying users’ preferences, permit them to rank alternative 

use for trust [8.9.10] 

 

2) Reputation trust, indirect or global 

Information is collected based on the behavior and 

relationships between users in social networks and specifies 

that to what extent society as the total trust, is near the 

actual user’s trust and measures the degree of trust .[7] 

 

Trust-based recommender systems could be a social network 

that have extra info (trust statements).  called a web of trust, to 

get  recommendations for users based on people  they trust. A 

web of trust could be a directed, weighted graph wherever the 

nodes are Users  and also the edges are trust statements, 

because users have a direct opinion about couple of restricted 

portion of alternative users, through a trust propagation 

strategy, trust metrics may be designed for scheming the trait of 

unknown users. the concept behind the trust propagation 

strategy over trust network is: if user a trusts user b and user b 

trusts user c, then based on the transitivity property we are able 

to assume that a ought to trust b at some level[4] 

 

Trust-based recommender systems that exploit trust info, will 

offer correct recommendation than ancient CF-based 

techniques, notably, by overcoming inherent weaknesses 

relating knowledge sparsity or CS user issues [5,11]. Within 

the current literature, 2 main trust filtering techniques are 

maintained: explicit trust and Implicit trust filtering approaches. 

Explicit trust filtering approaches denote the trust scores 

expressly indicated by users [5,4]. during this case, we've 

got direct and indirect trust. The trust score specifically 

indicated by users in trust. 

 

 However trust inferred from trust using transitivity of trust is 

indirect trust. However, the use of explicit trust filtering 

approaches has shown 2 major limitations: (1) they  impose 

further efforts on user to decide on whom they need to partner 

with or to avoid and this task is time  intense. (2) they suffer 

from the CS user problem because of before the 

filtering method, new users need to initially establish 

their web of trust [11].These limitations have restricted the 

power to use explicit trust filtering approaches in recommender 

systems, and this makes implicit trust filtering approaches a 

much better solution [4]. 

 

Implicit trust filtering approaches into inferred trust 

scores based on proof like past rating behavior of users within 

the system or emails sent  between 2 users. For example 

O’Donovan [6] strategies tells U.S. that a user may be 

considered more trustworthy than others who performed less 

well if he/she has created sensible recommendations within 

the past. In [11], the authors planned a unique model named 

implicit trust aware recommendation model (iTARS) based the 

small-worldness of the implicit trust network, by using the user 

similarities to get the implicit trust between the users. 

 

III. THE COLLABORATIVE FILTERING APPROACH 

BY THE FUSION OF TRUST RELATIONS. 

1) Similarity matrix computing 

Pearson similarity:-Calculate the average rating worth for 

every item of the user firstly and then find the common item 

set that are commented by each 2 users. The similarity worth of 

the user a and user b is computed (1). 

 

        Sim(a,b)=
∑ (ra,i−𝑟̅a)(rb,j−𝑟̅b)𝑁

𝑖=1

√∑ (ra,i−𝑟̅a)2𝑁
𝑖=1 ∑ (rb,j−𝑟̅b)2𝑁

𝑖=1

                  (1) 

 

Here, ra and rubidium represents the average rating worth of 

user a and user b respectively. ra,i and rb,i denotes the 

rating worth to the item i of user a and user b. Iab denotes the 

common item set that are commended by both user a and user 

b. 
 

2) Trust matrix computing 

In this study, the trustworthiness of a particular user is 

influenced by his ability of delivering correct recommendation 

within the past to the active user. for instance, user b ought 

to acquire a high trust score from active user a, if user b has 

delivered high correct recommendations to active Resnick's 

prediction methodology [12] to compute the expected rating. 

 

For any a, b ϵ u, i ϵ I the expected rating of item I for the user a 

by the sole neighborhood user b, pa,i :u x I [0,5], is computed 

as below [13]: 

 

                           pa,i = ra+(ra,i - rb)                                (2) 

International Journal of Engineering Research & Technology (IJERT)

ISSN: 2278-0181http://www.ijert.org

IJERTV7IS060117
(This work is licensed under a Creative Commons Attribution 4.0 International License.)

Published by :

www.ijert.org

Vol. 7 Issue 06,  June-2018

166



 

Where rb,I ϵ [1,5] is that the rating of item i by user b, and ra 

and rubidium ϵ [1,5] are the average ratings of users a and 

b, respectively.  

 

The mean square variations methodology [1,14] Is applied to 

measure the degree of similarity of user a with relation to user 

b from the prediction error of co-rated things between them, as 

shown by Equation (5). Before creating a prediction, to 

ensure that the worth of MSDa,b ϵ [0,1], we've got to normalize 

the rating ra,i and also the foreseen rating pa,i 

values among  the range[0,1]. During this study, the max-min 

normination  methodology is adapted [4]. For any a, b ϵ U, the 

degree of similarity of user a with relation to user b, MSDa,b ϵ 

[0,1] , based on the prediction error of co-rated things between 

them Ia,b, is as following [15].  

 

                      MSDa,b =(1- 
∑ (Pa,i−ra,i)2

Ia,b
𝑖=1

|Ia,b|
)                           (3) 

 
In which pa,i represents the normalized foreseen rating for item 

I and user a, ra,i is that the normalized rating worth of item I 

with relation to user a, |Ia,b| denotes the quantity of co- 

rated things between users a and b. Hence, for any a, b ϵ U , the 

implicit trust derivation metric between user a and user b.  

DTrusta,b: U x U ---->[0,1], is given as follows: 

 

                           DTrustab = MSDa,b                              (4) 

 

3) Joined rating  prediction modal 

The similarity and also the trust relation between the users 

should be fused for the rating prediction and also the fusion 

computing is shown in eq.(5). Here, Trust(a, b) denotes the 

trust worth of user ua to user ub, together with the trust worth 

and also the indirect trust worth on totally different scenario. 

 

              Joined_sim(a,b)=
𝑠𝑖𝑚(𝑎,𝑏).𝑡𝑢𝑠𝑡(𝑎,𝑏)

𝑠𝑖𝑚(𝑎,𝑏)+𝑡𝑢𝑠𝑡(𝑎,𝑏)
            (5) 

 

The nearest neighbors of the target user are selected based on 

the Joined sim worth. The item rating of the target user 

is foreseen by the rated records of his nearest neighbors. 

Pa,i, the  expected rating for the item i of the user a, is 

computed as eq.(6). 

       
               Pa,i = 𝑟̅a +

∑ (𝑅𝑏,𝑖 − ¯ 𝑟𝑏) · 𝐽𝑜𝑖𝑛𝑒𝑑 𝑠𝑖𝑚(𝑎,𝑏)𝑏∈𝑆𝑎

∑ |𝐽𝑜𝑖𝑛𝑒𝑑 𝑠𝑖𝑚(𝑎,𝑏)|𝑏∈𝑆𝑎
             (6) 

 
Here, Sa is the nearest neighbor set of the user ua and  the size 

of Sa is k. Rb,i denotes the rating for the item I of user b. ra 

or rubidium represents the average rating worth for all the 

commented things of the user ua and ub  

IV. EXPERIMENTAL RESULTS 

In this section, we'll investigate the performance of 

the planned joined similarity recommendation approach in 

terms of accuracy of prediction. We’ve got structured our 

findings in 2 subsections, i.e. the dataset and evaluation 

metrics. 

 

1)  Dataset 

The MovieLens dataset has no social network among 

users; consequently we tend to use this dataset in our 

experiments. The MovieLens dataset contains 1682 movies 

that are rated by 943 users and range of ratings are a 

hundred,000 in total (www.movieLens.org) the movies 

are rated on a scale from one to five. A leave-one-out 

methodology is employed to judge recommender systems. 

Leave-one-out is an offline methodology, through that the 

dataset is split into a divided set to make the model and 

a test set for prediction, with the training set consisting 

of eightieth of the info and also the test set consisting of 2 

hundredth 

 

2) Evaluation metrics 

To measure the standard of the recommendation, we tend 

to work with the foremost normally used metrics: the classical 

Mean Absolute Error (MAE) and also the Coverage metrics. 

MAE measures the accuracy by computing the typical absolute 

deviation of the expected rating from the $64000 rating for 

every leave-one-out experiment[1]. we tend to used the 

subsequent 

 

                                MAE=1N∑U,I| PU,I - RU,I |                              (7) 
 

V. CONCLUSION 

In this paper we review about how to improve and resolve the 

problems of traditional CF-recommendation system. We use 

trust for improve the results. We just combine the similarity 

matrix and trust matrix and then compare the results. We see 

that the results of joined process is better than normal 

prediction. 
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