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Abstract— Propose a novel Domain-sensitive 

Recommendation algorithm assisted with assigned user item 

subgroup analysis, which integrates rating prediction and 

domain detection into a unified framework. A Trust SVD 

model, trust based matrix factorization technique is used for 

Recommendation system. Trust SVD (Singular Value 

Decomposition) integrates multiple information sources into 

the recommendation model in order to reduce well known 

problems Data Sparsity and Cold start Problems and their 

degradation recommendation performance. An Analysis of 

social trust data from four real-world data sets suggests only 

explicit ratings and doesn’t specifies implicit rating values. In 

this Recommendation model both Explicit and implicit rating 

values are taken into consideration. Trust SVD model 

therefore builds on top of State-of-the-art algorithm, Trust 

SVD++ (which uses explicit and implicit influence of item 

ratings), by further incorporating both explicit and implicit 

influence of trusted and trusting users on the prediction of 

items for an active user. The proposed technique is the first to 

extend Trust SVD++ with social trust information. Here 

Propose a Trust SVD model to learn a trust aware 

personalized ranking method with multi-faceted trust 

relations for implicit feedback. It reconstruct the observed 

rating data with learned latent factor representations of both 

users and items, with which those unobserved ratings to users 

and items can be predicted directly. Recommender systems 

have been widely used to provide users with high-quality 

personalized recommendations from large volume of choices. 

Robust and accurate recommendations are important in e-

commerce operations. 
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I. INTRODUCTION 

Recommender systems are widely used in e-commerce, 

marketing and e-shopping which give user to analyze the 

recommendations for large volumes of data. Collaborative 

Filtering (CF) is one of the popular techniques used in 

Recommender systems.CF is applied in task for 

recommendations like image processing and Bio informatics. 

But, CF faces two well- known problems: 1Data Sparsity and 

2 Cold Start Problems .These two issues degrade the 

performance of the recommendation system. 

 To resolve those problems, many research attempts 

performed in order to entrust social trust in recommendation 

models. Root Mean Square error (RMSE) performance of 

user-item baseline can achieve 1.0 in terms of RMSE. A 

Novel trust based recommendation model which influence 

the user trust and item rating which predicts and analyze the 

data information. Trust SVD Model considers both Explicit 

and implicit information of data for rating whereas, earlier 

system considered only explicit rating of item but not implicit 

item rating. Here in this Trust SVD model both explicit and 

implicit rating values are considered which reduces data 

sparsity and cold start problems and their degradation 

performance in recommendation systems. In addition, a 

weighted regularization method is used to reduce over-fitting 

in model learning. Trust SVD++ follows Matrix Factorization 

model which combines multiple source of information into 

single system. In this model incorporates with social trust and 

user-item ratings as it considers the trust information from the 

data. Examples of recommendation such as Movies 

recommendation at Netflix, online shopping at amazon, e-bay 

etc. recommender systems are widely used for trust 

relationship between users. Suppose if a person wants to buy 

some book he/she took nearest friends or neighbor suggestion 

about the book details in order to purchase. After getting 

some trust about the book from neighbor user he buys and 

predicts rating for this user is called Active user which can 

predict and gives rating to the items. Some user doesn’t 

specifies any information even after purchasing these leads to 

cold users which are not interested in book and forms 

problems like cold start and implicit rating of the item. Trust 

SVD is regularized with both implicit and explicit ratings of 

a user as it considers trustee and trusted information of data. 

Hence Trust SVD is reliable to use and scalable to implement 

in recommender systems. For large volumes of data there is a 

problem like data sparsity which can be reduced by further 

Trust SVD++ and uses weighted-⅄ -regularization method to 

overcome over-fitting in model learning. 

II. LITERATURE SURVEY 

1) Title: Toward the Next Generation of Recommender 

Systems: A Survey of the State-of-the-Art and Possible 

Extensions 

Author: G. Adomavicius and A. Tuzhilin 

This paper presents an overview of the field of recommender 

systems and describes the current generation of 

recommendation methods that are usually classified into the 

following three main categories: content-based, 

collaborative, and hybrid recommendation approaches. This 

paper also describes various limitations of current 

recommendation methods and discusses possible extensions 

that can improve recommendation 

 The central problem of recommender systems lies in 

that utility u is usually not defined on the whole space, but 

only on some subset of it. 

 Moreover, recommender systems are usually 

classified into the following categories, based on how 

recommendations are made: 

 Content-Based Recommendations 

The user will be recommended items similar to the ones the 

user preferred in the past: 

 Collaborative Recommendations 

The user will be recommended items that people with similar 

tastes and preferences liked in the past: 

 Hybrid Approaches 
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These methods combine collaborative and content-based 

methods. 

2) Title: A Simple but Effective Method to Incorporate 

Trusted Neighbors in Recommender Systems 

Author: G. Guo, J. Zhang, and D. Thalmann 

Providing high quality recommendations is important for 

online systems to assist users who face a vast number of 

choices in making effective selection decisions. 

Collaborative filtering is a widely accepted technique to 

provide recommendations based on ratings of similar users. 

But it suffers from several issues like data sparsity and cold 

start. To address these issues, in this paper, we propose a 

simple but effective method, namely “Merge”, to incorporate 

social trust information (i.e. trusted neighbors explicitly 

specified by users) in providing recommendations. 

3) Title: SoRec: Social Recommendation Using 

Probabilistic Matrix Factorization 

Author: H. Ma, H. Yang, M. Lyu, and I. King 

Many existing approaches to recommender systems can 

neither handle very large datasets nor easily deal with users 

who have made very few ratings or even none at all. 

Moreover, traditional recommender systems assume that all 

the users are independent and identically distributed; this 

assumption ignores the social interactions or connections 

among users. In view of the exponential growth of 

information generated by online social networks, social 

network analysis is becoming important for many Web 

applications. 

4) Title: Recommender Systems with Social Regularization 

Author: H. Ma, D. Zhou, C. Liu, M. Lyu, and I. King 

In this paper, aiming at providing a general method for 

improving recommender systems by incorporating social 

network information, we propose a matrix factorization 

framework with social regularization. The contributions of 

this paper are four-fold:  

 we elaborate how social network information can benefit 

recommender systems; 

 We interpret the differences between social-based 

recommender systems and trust-aware recommender 

systems; 

 We coin the term Social Regularization to represent the 

social constraints on recommender systems, and we 

systematically illustrate how to design a matrix 

factorization objective function with social 

regularization; and 

 The proposed method is quite general, which can be 

easily extended to incorporate other contextual 

information, like social tags, etc. The empirical analysis 

on two large datasets demonstrates that our approaches 

outperform other state-of-the-art methods. 

5) Title: Factor in the Neighbors: Scalable and Accurate 

Collaborative Filtering 

Author: Y. Koren 

Recommender systems provide users with personalized 

suggestions for products or services. These systems often rely 

on collaborating filtering (CF), where past transactions are 

analyzed in order to establish connections between users and 

products. In this work we introduce a new neighborhood 

model with improved prediction accuracy. Unlike previous 

approaches that are based on heuristic similarities, we model 

neighborhood relations by minimizing a global cost function. 

For example, their previous transactions or product ratings 

and does not require the creation of explicit profiles. Notably, 

CF techniques do not require domain knowledge and avoid 

the need for extensive data collection Latent factor models, 

such as singular value decomposition (SVD), comprise an 

alternative approach by transforming both items and users to 

the same latent factor space. 

A. Dis Advantages of Existing System 

1) Existing trust-based models may not work well if there 

exist only trust-alike relationships. 

2) Existing trust based models consider only the explicit 

influence of ratings. 

3) The utility of ratings is not well exploited. 

4) Existing trust-based models do not consider the explicit 

and implicit influence of trust simultaneously. 

III. DESIGN METHODOLOGY 

A. Trustsvd Model 

In this method we describe Trust-based recommendation 

model which mathematically defines the recommendation 

problem in social rating networks, and then introduce the 

Trust SVD model in detail. 

1) Problem Definition 

In Social rating networks a user can label other users as 

trusted users and thus from a social network. Trust is not 

symmetric and trustworthy. Suppose that a recommender 

system includes m users and n items. Let R = [r u,i]m×n denote 

user-item rating matrix, where each entry r u,i represents the 

rating given by user u on item i. The essence of matrix 

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

matrix is  P € R d×m and item-feature matrix Q € R d×n that can 

adequately recover the rating matrix P. 

B. Proposed System 

Proposed a novel trust-based recommendation model with 

regularized with user trust and item ratings, termed as 

TrustSVD. In this method, both explicit and implicit 

influence of item ratings and user trust has been considered 

as indicating its novelty. 

1) Advantages of Proposed System 

 It achieves better accuracy than earlier recommendation 

models 

 Considers both implicit and explicit influence of ratings 

and trust and trust based model. 

 This technique is reliable and secure to use in which user 

can rate multiple items at a time. 
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IV. IMPLEMENTATION 

A. System Architecture 

 
Fig. 1: System Architecture 

B. Methodology 

1) Trust SVD Model 

 Input: R,T, ʎ, ʎt, r 

1) Step 1: load the dataset. 

2) Step 2: pre-process the dataset. 

3) Step 3: decomposed vectors and matrices with small 

values. 

4) Step 4: training the model until the loss function is 

converged. 

5) Step 5: compute variable gradients and then update 

variables by the gradient descent method. 

6) Step 6: rating prediction. 

2) Flowchart Diagram 

 
Fig. 2: Flowchart Diagram 

C. Modules 

1) Preprocessing Data 

 K2 User concatenates the user set and item set in the 

preprocessing process. 

 Data sets are viewed. First, the all view indicates that all 

ratings are used. 

 All data sets are finally stored in the Data base. 

2) Explicit/Implicit Influence 

 Explicit trust refers to the trust statements directly 

specified by users. For example, users can add other 

users into their trust lists. 

 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. 

 The trusted users of an active user have an effect on 

rating 

prediction for a certain item. 

3) Data Validation 

 User validates the item set and also count the items rating 

in the item set. 

 We constrain that the user-specific vectors decomposed 

from 

the rating matrix and those decomposed from the trust 

matrix share the same feature space in order to bridge 

both matrices together. 

 We can regularize the user-specific vectors by 

recovering the social relationships with other user 

4) Weakly/Strongly Correlated user 

A user’s ratings have a weakly correlation with the average 

of her out-going social neighbors under the concept of trust-

alike relationships, and a strongly correlation under the 

concept of trust relationships. 

5) Find Average Rating 

 User finally calculates the average performance of the 

item ratings in the item set. 

 Then, the average performance is given as the final 

result. 

D. The Trust SVD Model 

Trust SVD model builds the top of state-of-the-art algorithm 

model known as SVD++ proposed by koren. Formally, the 

rating for user u on item j is predicted by: 

ru,j = bu + bj + µ + q j
T (pu + |I|-1/2 ∑i€Iµ yi) 

E. Implicit Influence of Trusted Users 

The trusted users of an active user have an effect on rating 

prediction for a certain item. This effect by modelling user 

preference in the same manner given 

F. Implicit Influence of Trusting Users 

The trusting user of an active user can influence the rating 

prediction for a certain item. This indicates such influence 

may be comparable with that of trusted users. 

G. Combinational Implicit Trust Influence 

The implicit influence of trust neighbors on rating prediction 

therefore consists of two parts the influence of both trustees 

and trustor’s. To consider both cases we propose following 

fusion approaches 
 

Dataset 

Nearest 

Matrix 

Similarity 

Preprocess 
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1) Linear Combination 

A natural and straightforward way is to linearly combine two 

kinds of implicit trust influence 

2) All AS Trusting User 

In trust relationship, a user u can be represented, as trustor or 

by wu as trustee, including both trusted and trusting users 

3) Explicit Trust Influence 

The user-specific vectors decomposed from the rating matrix 

and those decompose from the trust matrix share the same 

feature space in order to bridge both matrices together. 

H. Adaptive Regularization 

A technique called weighted-⅄ -regularization can be used to 

help avoid over-fitting when learning model parameters. 

V. RESULTS 

The Recommender system gives rating matrix as input which 

consists of both explicit and implicit parameters represented 

as latent parameters. The datasets are preprocessed and user 

ratings influence the trust based recommendation analysis. 

The prediction analysis gives rating prediction as output. 

A. Trust Data for Item Recommendation 

In this user-item and item-based specific factors are 

calculated to preprocess the data information. 

 
Fig. 3: 

B. Rating Prediction 

 
Fig. 4: 

C. Calculating User Similarity 

 
Fig. 5: 

D. Nearest Neighbor 

 
Fig. 6: 

E. Nearest Neighbor Algorithm 

In this chapter, we discuss recommender system analysis and 

output of the user-item rating prediction. Nearest neighbor 

algorithm is used to find the average rating of user-item data 

for the dataset movies. Hence, it takes multiple user ratings 

and suggest one user to rate the item. By considering the 

observations it assumes the average rating weighted analysis 

of featured vectors by using cosine or sin values. KNN is used 

to calculate the user rating predictions. All the observations 

are taken and held in the mean square system for 

recommendation system. 
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Fig. 7: 

The above figure calculates the different user item 

preferences by using cosine similarity and nearest neighbor 

algorithm is used to find the similar user preferences and 

predicts the item ratings. 

F. ITEM BASED RECOMMENDATION: 

 
Fig. 8: 

G. User Based Recommendation 

 
Fig. 9: 

VI. CONCLUSIONS & FUTURE WORK 

 Proposed a novel trust-based matrix factorization model 

which incorporated both rating and trust information and 

a bi-clustering model are used to learn the confidence 

distribution of each user and item belonging to different 

domains. 

 Matrix factorization technique is used to combine all 

related multiple information in to single recommendation 

system which overcomes the major two problems data 

sparsity and cold start problems. 

 For additional, KNN (K Nearest Neighbor) algorithm is 

used to measure similarity by using sin or cos functions 

based on trust of user ratings. Average weight is 

calculated in order to measure the rating preference for 

an user 

 The analysis for prediction of ratings for an item 

implemented easily by using this TrustSVD model based 

on User trust and social Collaborative of items 

 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 rated item and an 

unrated item may be critical to learn users’ ranking 

patterns. 

 This method is easy to access and understands the 

recommendation systems. Implementation of rating 

prediction in recommendation model provides security 

and authentication to the user to implement and rate the 

items. 

REFERENCES 

[1] G. Adomavicius and A. Tuzhilin, “Toward the next 

generation of recommender systems: A survey of the 

state-of-the-art and possible extensions,” IEEE 

Transactions on Knowledge and Data Engineering 

(TKDE), vol. 17, no. 6, pp. 734–749, 2005. 

[2] Y. Huang, X. Chen, J. Zhang, D. Zeng, D. Zhang, and X. 

Ding, “Single-trial {ERPs } denoising via collaborative 

filtering on {ERPs } images,” Neurocomputing, vol. 149, 

Part B, pp. 914 – 923, 2015. 

[3] X. Luo, Z. Ming, Z. You, S. Li, Y. Xia, and H. Leung, 

“Improving network topology-based protein interactome 

mapping via collaborative filtering,” Knowledge-Based 

Systems (KBS), vol. 90, pp. 23–32, 2015. 

[4] G. Guo, J. Zhang, and D. Thalmann, “A simple but 

effective method to incorporate trusted neighbors in 

recommender systems,” in Proceedings of the 20th 

International Conference on User Modeling, Adaptation 

and Personalization (UMAP), 2012, pp. 114– 125. 

[5] H. Ma, H. Yang, M. Lyu, and I. King, “SoRec: social 

recommendation using probabilistic matrix 

factorization,” in Proceedings of the 31st International 

ACM SIGIR Conference on Research and Development 

in Information Retrieval (SIGIR), 2008, pp. 931–940. 

[6] H. Ma, D. Zhou, C. Liu, M. Lyu, and I. King, 

“Recommender 

systems with social regularization,” in Proceedings of the 

4th ACM International Conference on Web Search and 

Data Mining (WSDM), 2011, pp. 287–296. 



Efficient Model to Incorporate Rating & Trust Data for Recommendation 

 (IJSRD/Vol. 6/Issue 06/2018/065) 

 

 All rights reserved by www.ijsrd.com 264 

[7] M. Jamali and M. Ester, “A matrix factorization 

technique with trust propagation for recommendation in 

social networks,” in Proceedings of the 4th ACM 

Conference on Recommender Systems (RecSys), 2010, 

pp. 135–142. 

[8] B. Yang, Y. Lei, D. Liu, and J. Liu, “Social collaborative 

filtering by trust,” in Proceedings of the 23rd 

International Joint Conference on Artificial Intelligence 

(IJCAI), 2013, pp. 2747–2753. 

[9] H. Fang, Y. Bao, and J. Zhang, “Leveraging decomposed 

trust in probabilistic matrix factorization for effective 

recommendation,” in Proceedings of the 28th AAAI 

Conference on Artificial Intelligence (AAAI), 2014, pp. 

30–36. 

[10] Y. Koren, R. Bell, and C. Volinsky, “Matrix factorization 

techniques for recommender systems,” Computer, vol. 

42, no. 8, pp. 30–37, 2009. 

[11] Y. Koren, “Factor in the neighbors: Scalable and 

accurate collaborative filtering,” ACM Transactions on 

Knowledge Discovery from Data (TKDD), vol. 4, no. 1, 

pp. 1:1–1:24, 2010. 

[12] “Factorization meets the neighborhood: a multifaceted 

collaborative filtering model,” in Proceedings of the 14th 

ACM SIGKDD International Conference on Knowledge 

Discovery and Data Mining (KDD), 2008, pp. 426–434. 

[13] G. Guo, J. Zhang, and N. Yorke-Smith, “TrustSVD: 

collaborative filtering with both the explicit and implicit 

influence of user trust and of item ratings,” in 

Proceedings of the 29th AAAI Conference on Artificial 

Intelligence (AAAI), 2015, pp. 123–129. 

[14] R. Forsati, M. Mahdavi, M. Shamsfard, and M. Sarwat, 

“Matrix factorization with explicit trust and distrust side 

information for improved social recommendation,” 

ACM Transactions on Information Systems (TOIS), vol. 

32, no. 4, pp. 17:1–17:38, 2014. 

[15] G. Guo, J. Zhang, and N. Yorke-Smith, “Leveraging 

multiviews of trust and similarity to enhance clustering-

based recommender systems,” Knowledge-Based 

Systems (KBS), vol. 74, no. 0, pp. 14 – 27, 2015. 


