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ABSTRACT 
Recommender systems have been widely used to provide users with high-quality personalized recommendations from larger 
volume of choices. Accurate recommendations are important in e-commerce operations. Trust SVD assimilate multiple 
information sources into the recommendation model in order to reduce the data sparsity and cold start problems . An analysis of 
social trust data from four real-world data sets suggests that not only the explicit but also the implicit influence of both ratings and 
trust should be taken into consideration in a recommendation model. Trust SVD therefore erect on peak of a state-of-the-art. 
SVD++ (which uses the explicit and implicit influence of rated items), by further incorporate both the explicit and implicit 
influence of trusted and trusting users on the prediction of items for an active user. Collaborative filtering(CF) is one of the most 
popular techniques to implement recommender system..The popularity of online social networks (OSNs) such as Facebook , 
Google Plus and Twitter has greatly increased in recent years. OSNs have become important platforms for the diffusion of news, 
ideas, opinions, etc. 

 
KEYWORDS: Recommendations ,online social network, user trust, item rating, trust SVD.  

 

INTRODUCTION 

 

The core plan of this project is to recover the novel recommendation model in order to reduce the data 

sparsity and cold start problems and their degradation of recommendation performance, improving the data 

utility by neighborhood sharing maintaining the security and privacy concerns.Robust and accurate 

recommendations are important in e-commerce operations (e.g., navigating product offerings, personalization, 

improv-ing customer satisfaction), and in marketing The former issue refers to the fact that users usually rate 

only a small scrap of items, while the latter specify that newusers only give a few rating Both issues strictly 

degrade the efficiency of a recommend systemmodelling user  preferences and thus the accuracy of pre-dicting a 

user’s rating for an unknown item., we propose a novel trust-based recommendation model regularized with user 

trust and item ratings, termed TrustSVD. On the other hand, the explicit authority of trust value is used to 

constrain that user-specific vectors should conform to their social trust relationships. This make sure that user-

specific vectors can be learned. Our method is novel for its consideration of both the explicit and implicit 

influence of item ratings and of user belief In addition, a biased regularization technique is used to help avoid 

over-fitting for model learning. The experimental results on the four real-world data sets demonstrate that our 

approach works significantly better than other trust-based counterparts as well as high-performing ratings-only 

models (10 approaches in total) in terms of prophetic accuracy, and is more capable of coping with the cold-start 

situation Observations motivate us to consider both and trust into our trust-based model. Potentially, these 

observations could be also beneficial for solving other kinds of recommendation problems, e.g., top-N item 

recommendation .Specifically, the implicit influence of a user’s trusters and trustees is used to model her 



71                   S. Agalya et al., 2017/Advances in Natural and Applied Sciences. 11(6) Special 2017, Pages: 70-75 

 

feature-specific vector besides the implicit feedback of rated items. The explicit influence of trust values is used 

to factorize trust matrix into truster/trustee-specific vectors, bridging ratings and trust into a unified modelto 

conduct extensive experiments to evaluate the effectiveness of the proposed approach in two different types of 

testing views of all users and cold-start users. By comparing with 10 baseline and state-of-the-art 

recommendation models, we show that our approach performs Outline. The trust data from four sets is analyzed. 

Trust SVD approach is elaborated and learned by empirical evalution. 

 

Related Work: 

Trust-aware recommender systems have been widely stud-ied, given that social trust provides an alternative 

view of user preferences other than item ratings trust networks are small-world networks where two random 

users are socially connected in a small distance, indicating the implication of trust in recommender systems. In 

fact, it has been demonstrated that incorporating the social trust information of users can improve the perfor-

mance of recommendations There are two main recommendation tasks in recommender systems, namely item 

recommendation and rating prediction. Most algorithmic approaches are only (or best) designed for either one of 

the recommendations tasks, and our work focuses on the rating prediction task. 

 

2.1  Rating Prediction: 

Approaches have been proposed for rating prediction, including both memory- and model-based methods. 

We survey some representative memory-based methods. trust-aware recommender systems can help enable 

more items for recommendation while preserving competing predictive accuracy, where trust is propagated in 

trust networks to evaluate users’ weights. Similarly, proposes an approach, aggregate the ratings of trusted  

neighbours for a rating pre-diction, where trust is computed in a breadth-first manner. complement a user’s 

rating profile by merging those of trusted users through which better  recommendations can be fabricate and the 

cold start and data sparsity  harms can be better handled.  

 

2.2  Item Recommendation: 

Specifically, Trust Walker, a random walk model that combines an item-based ranking method and a trust-

based nearest neighbour model.al fuse two kinds of social relation-ships, i.e., friendship and membership in a 

unified matrix factorization model. In this article, we only consider one kind of social relationships but we 

verify the generality and application of our model to both kinds of social relationship, However, negative 

samples may be due to the unawareness of items rather than hatred; hence, this supposition may be invalid in 

practice trust-unaware BPR variants. an ordered list of interesting items, and thus does not care about the 

possible ratings worker may give. In distinction, rating estimate aims to predict the possi-ble rating as closely as 

possible. It has been demonstrated that directly ranking by predicted ratings will result in poor ranking 

performance. second the training process of item recommendation is necessary to consider both positive and 

negative samples, while rating predictions function only on positive samples, i.e., observed data. Third, item 

recommendation is often measured in terms of list ranking. 

 

3.Trust Analysis: 

Wefirst present the model of trust and trust-alike rela-tionships, and then proceed to analyze the influence 

of trust for rating prediction based on real-world data sets. 

 

3.1 Trustversus Trust-Alike Relationships:  

For ease of exposition, we first classify the social relation-ships for recommender systems into two 

categories, namely trust and trust-alike, and then depict their similarities and differences. In this article, we 

adopt the definition of social trust  one’s belief towards the ability of others in providing valuable ratings. It 

includes a positive and subjective evaluation about other’s ability in providing valuable ratings. Trust can be 

further split into explit trust and implicit trust. Explicit trust refers to the trust statements directly specified by 

users. By contrast, implicit trust is the relationship that is not directly specified by users and that is often inferred 

by other information, such as user ratings. In this article, we only exploit the value of explicit trust for rating 

prediction. 

 

3.2 Data Sets:  

The four data sets used in our analysis and also our These four data sets are among the few publicly-

available data sets that contain both item ratings and social relation-ships specified by active users. They are 

used widely in the evaluation of previous trust-aware recommender systems., can share their item ratings with 

each other and pro-actively connect with users of similar taste, whereby a social network can be constructed.  

 

4.Problem Definition: 

Social trust provides an alternative view of user preferences other than item rating .Find the trust network 
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are small –world network where two random ursers are socially. Find that trust networks are small-world 

networks where two random users are socially connected in a small distance, indicating the implication of trust 

in recommender systems. In fact, it has been demonstrated that incorporating the social trust information of 

users can improve the performance of recommendations. There are two main recommendation tasks in 

recommender systems, namely item recommendation and rating prediction. Most algorithmic approaches are 

only designed for either one of the recommendations tasks, and our work focuses on the rating prediction 

task.The major issues are data sparsity and cold start. And users usually rate only a small portion of items. Trust 

networks are small-world networks where two random users are socially connected in a small distance. 

Memory-based approaches have difficulty in adapting to large-scale data sets, and are often consume much time 

in searching candidate. 

 

5.Proposed System: 

A novel trust-based recommendation model regularized with user trust and item ratings termed TrustSVD. 

Our approach builds on top of a state-of the- art model SVD++ through which both the explicit and implicit 

influence of user–item ratings are involved to generate predictions.The user ratings are showed from graphical 

forum. In the friend of friend recommendation model used overcome the data sparsity and cold start issues. And 

the mining process produces result to user graphical representations, in the form of overall rating graphical 

representation and show the relationship between the user and rated user and the individual rating of the 

particular user graphical representation. 

OSN users can post their Text, Image and Video to civic or friends. If user need to opinion the post, it 

should be downloaded from OSN Server. If the content is available server triggers the both the 

Admineighboring devices and initiate a peer to peer mode of communication. 

 

6.System Design: 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.Module Description: 

A.Social Networking Application: 

In this module, the OSN web application is build as social networking application in which new user can 

register for the services. The registration fields are validated user is able to login with his credentials. The user’s 

can set Cover picture, Profile photos and can add friends. The friend request will be dispatched to end user 

account and will be readily available once he logged in. He can accept/reject the friend request.The friend list is 

shown in the right panel and can be able to chat with the recipient private manner.  
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B. Sharing posts with access control: 

In this Module, The user’s can post some News, Images and Video and some other information. These posts 

can be shared with friends with access control. The shared posts can be viewed by friends if they have proper 

access control once they login. Friends can reply to the posts with some comments and like/dislike the posts. 

 

 
 

C.User view and rating: 

In this Module, every user can select the item and rating the item fields. Every field has some attributes to 

rate the fields (e.g.: Item-Hotel, Item Fields-rating overall, rating room, rating cleanliness, etc). And the rating 

fields are maintained in individual dataset.  

 

 
 

D.Mining process: 

 

https://www.google.co.in/imgres?imgurl=https://www.researchgate.net/profile/Riccardo_Scandariato/publication/220428156/figure/fig2/AS:267570519474200@1440805191387/Figure-1-The-data-flow-diagram-DFD-of-the-Social-Network-20-application.png&imgrefurl=https://www.researchgate.net/figure/220428156_fig2_Figure-1-The-data-flow-diagram-DFD-of-the-Social-Network-20-application&docid=EIQ6E0IXjKLlIM&tbnid=kX5p5ql0kFvAtM:&vet=1&w=387&h=216&client=firefox-b-ab&bih=657&biw=1366&q=diagram for social networking applications&ved=0ahUKEwiHuKGk9dnRAhUKtI8KHbI9A3gQMwghKAAwAA&iact=mrc&uact=8
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In this Module, The user choose the selected item and item name for searching recommended rating item 

name. First searching the friend list and mining process is excuted. If requested item rating doesn’t exist in the 

friend list. The searching process continues with the friend of friend list (mutual friends). And the mining 

process produces result to user graphical representations, in the form of overall rating graphical representation 

and show the relationship between the user and rated user and the individual rating of the particular user 

graphical representation. 

 

 
 

6. Algorithms/Techniques Used: 

A. Collaborative Algorithms: 

Collaborative filtering, also referred to as social straining, filters data by using the recommendations of 

other publics. It is based on the hint that people who settled in their evaluation of certain items in the past are 

likely to agree again in the future. A person who wants to see a show for example, force ask for 

recommendations from friends. The recommendations of some associate who have similar interests are trusted 

more than recommendations from others.  

The green eststandard is to expect the average rating over all ratings in the system: bu,i=μ (where μ is the 

overall average rating). This can be enhanced somewhat by predicting the average rating by that user or for that 

item:bu,i= ̄ruorbu,i= ̄ri. Baselines can be further enhanced by combining the user mean with the average 

deviation from user mean rating for a particular item Generally, a baseline predictor of the following form can 

be used: 

 

bu,i=μ+bu+bi……….Equ                                                                                                                                      (1) 

 

B. Recommender System Algorithms: 

We investigated with a number of different types of algorithms to form recommender systems. To acquire 

more almost them, please clunk on a link below: 

1. Memory-based algorithms 

2. Model-based algorithms 

 Item-based collaborative filtering 

 Personality Diagnosis 

 SVD 

 The rating sparsity is computed by: 

Sparsity 

                       = 

(1(#rating/#users*#items))*100%....Equ          (2) 

 

C.Distributed and Privacy Preserving: 

Privacy-preserving spread data mining allows thecooperative computation of data miningalgorithmswithout 

requiring the participating organizations to re-veal their individual data items to each other. Mostof the privacy-

preserving protocols available in the literature convert existing (distributed) data mining algorithms into 

privacy-preserving procedures. The resultant protocols can occasionally leak additional information The k-

clustering problem requires theartitioning of the data into kclusters with the objectiveof minimizing the ESS. 

 

7.Conclusion And Future Work: 

This article proposed a novel trust-based matrix factorization model which incorporated both rating and 

trust information. Our analysis of trust in four real-world data sets indicated that trust and ratings were 

complementary to each other, and both pivotal for more accurate recommendations. Our novel approach, 

TrustSVD, takes into account both the explicit and implicit influence of ratings and of trust informa-tion when 

predicting ratings of unknown items. Both the trust influence of trustees and trusters of active users are involved 

in our model. In addition, a weighted-As a rating prediction model, TrustSVD works well by incorporating trust 

influence. However, the literature has shown that models for rating prediction cannot suit the task of top-N item 

recommendation. For future work, we intend to study how trust can influence the ranking score of an item (both 

explicitly and implicitly). The ranking order between a rated item and an unrated item (but rated by trust users) 

http://www.cs.carleton.edu/cs_comps/0607/recommend/recommender/memorybased.html
http://www.cs.carleton.edu/cs_comps/0607/recommend/recommender/modelbased.html
http://www.cs.carleton.edu/cs_comps/0607/recommend/recommender/itembased.html
http://www.cs.carleton.edu/cs_comps/0607/recommend/recommender/pd.html
http://www.cs.carleton.edu/cs_comps/0607/recommend/recommender/svd.html
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may be critical to learn users’ ranking patterns. 
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