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Abstract: Recommender systems are commonly used by many 

platforms online from movie renting website to movie streaming 

sites, from grocery store online portal to Amazon. It makes user to 

choose better and easily among the wide variety of products. 

Personalized recommendations are most effective, Collaborative 

filtering is best known for this. This technique aggregates the 

liking and ratings of various users and prepare recommendations. 

Similarity have a greater impact because it act as a criterion to 

Identify a group of similar users whose ratings will be merged to 

generate recommendation for new item for an active user. 

However, there are a lot of issues in Collaborative filtering for e.g. 

data sparsity and cold start, which can be removed by 

incorporating trust information. We propose a methodology to 

include temporal context information in providing accurate rating 

prediction along with Trust matrix and also propose a framework 

to analyze the performance of Trust based recommender 

algorithms on MovieTweetings dataset which include temporal 

context information. 

 
Index Terms: Collaborative filtering, Recommender System. 

I. INTRODUCTION 

Recommender Systems is considered as an application of 

Machine learning and Big data. Collaborative filtering is one 

of the most prominent techniques in recommender systems. 

According to Collaborative filtering users having similar 

taste in the past are likely to favor the same items in future. 

Rating information are very sparse in nature. Including trust 

value in recommender systems gives a direction to provide 

users with recommendation which is based on past behavior 

and social trust values. It is noticed that people get influenced 

easily by what their friends recommend. The approaches for 

Collaborative filtering are classified into two categories [1] 

[2]. 
I. Memory based Approaches: Algorithms based on it try 

to find similar users by looking into an entire user space 
which is not good in practice as well as time taking 
activity. Every user is considered as a part of a group of 
people having same interest. These Algorithms compute 
user Similarity using PCC. 

II. Model based Approaches: It gives an approach for the 
system to learn from training data, and then make 
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intelligent predictions for the test data. Usually SVD 
method and regression models can be used for numerical 
ratings[6][8]. 

Merging trust in Recommender Algorithm remove two 

drawbacks of Collaborative filtering [1] [2] [4]. 

I. Rating metrics are sparse means that very few ratings 

are available. Also Data sparsity means that there is a 

problem in finding similar users whose past behavior is 

same as an active user. 

II. Cold start deals with a problem of generating accurate 

recommendation to those users who are inactive in 

system or those users who generally rate less than 4 or 5 

items. 

There are two ways of including trust in Recommender 

System is achieved by two ways: first is explicit trust (values 

specified by users) and second is the trust value calculated 

implicitly or called Implicit Trust[7][9]. Explicit trust means 

that the trust information is explicitly provided by users. 

However, several points have been taken into consideration 

for explicit trust. One of the issue is trust values can be 

specific in many system and second issue is that trust values 

can generate inaccurate results For example two friends 

having good trust values can have different taste for a 

particular movie.On the other side, Trust values which are 

implicitly calculated by using different metrics suffer from 

various drawbacks. Implicit nature of trust is interpreted by 

past behavior of rating. The metrics which have proposed do 

not show asymmetric nature of trust because these metrics are 

based on similarity measures. These metrics are calculated 

based on the assumption that the two users are considered 

trustworthy if their ratings are similar or close to similar. so it 

is better to consider explicit trust in 

recommendation[11][13]. Ratings and trust values are 

dynamic in nature it can change with respect to time so it is 

important to consider the temporal information along with 

rating and trust information. Similarity computation to 

compute similar users  have significant influence on the 

performance of Collaborative filtering. It is applied in both 

memory-based and model-based approaches [14]. The 

methods adopted for calculating user similarity in 

Collaborative filtering are Cosine similarity (COS) and 

Pearson correlation coefficient. Cosine similarity (COS) 

defines similarity between two users as cosine value of the 

angle between two rating vectors; Pearson correlation 

coefficient (PCC) defines user similarity as linear correlation 

between two rating vectors [2]. 

II. RELATED WORK 

Collaborative filtering is a technique to generate 

recommendation for an active user by aggregating the rating 

for those users whose past 

behavior is same as the active 

user [5][15].  
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Collaborative filtering information domain represents users 

who are responsible to provide preferences to most of the 

items. There are various techniques to generate 

recommendation which can be classified into three categories 

[1][18]. 

I. Baseline prediction methods check the performance of 

personalized recommendation technique with 

non-personalized technique ( Baseline). 

II. User based Collaborative filtering generate the 

recommendation for an active user by finding the similar 

users whose past behavior is same as the active user. 

III. Item based Collaborative filtering generate the 

recommendation on the basis of item similarity. 

 

2.1 Baseline prediction methods 

These methods denote some non-personalized methods 

against which personalized methods or algorithms can be 

evaluated [1]. In addition to it all baseline strategies which do 

not depend on user’s rating can be used to provide 

recommendation for new users. Simplest baseline to predict 

rating can be μ (where μ is the average rating).This concept is 

enhanced by predicting the average rating in terms of user’s 

average rating or item’s average rating. It is found in [2] that 

and Baseline can be expressed using the following 

equation.User baseline predictor value (UBP), which 

indicates the base value (rating prediction cannot be less than 

this value) of corresponding user in rating prediction is 

represented by the equation (1). 

 

    
               

      
 

(1) 

Where r(a, i) is the rating prediction of user a for an ith item. 

I(a) is the set of all items rated by user a and μ represents 

mean average rating for a system.Similarly Item baseline 

predictor (IBP), which indicates the effect of item popularity 

is represented by the equation (2). 

 

    
                   

      
 

(2) 

Where      is the set of users who have rated ith item.So the 

Baseline predictor value for a user a for an i
th

 item is 

represented by using equation (3). 

 

        =   +     +     
(3) 

 

Advantage of baseline is it can capture user bias, item bias. 

Disadvantage of baseline is coverage is low as soon as the 

size of data set starts increasing baseline methods can be 

inferior to generate predictions. 

2.2  User-based Collaborative filtering 

User based Collaborative filtering was the first technique to 

automate Collaborative filtering. It was introduced in an 

article recommender called Group Lens [1] [2] . It is based on 

the principle that  identify those users whose past behavior is 

similar to the current user and use their ratings on other items 

to predict the rating preference for an active user. The rating 

of these users is weighted by an agreement with active user’s 

rating to predict his rating. In addition to rating matrix 

user-based Collaborative filtering requires similarity function 

which calculates the similarity between two users. 

To generate predictions for an active user let’s say for user a, 

user-user Collaborative filtering first computes similar users 

corresponding to an active user using various similarity 

measures (PCC, COS). Once this is computed, system 

combines rating of these users to generate recommendation 

for an active user for a particular item. The rating prediction  

[3] [4] is given by using equation (1). 

 

                                   

 

   

 

 

(4) 

Where p (a, i) is the predicted value of a rating for user a. b 

denotes all the users who have provided rating for an i
th

 item , 

w(a, b) is the weight function. It denotes correlation, 

similarity between user a and b. r’(b) denotes average ratings 

provided by user b. Pearson correlation coefficient was 

considered as a weighting scheme in Group Lens project [1] 

[2].The Pearson correlation coefficient (PCC) between two 

users m and n is given by using equation (5). 

 

      

 
                              

                                     

 

(5) 

 

Here j denotes the set of items for which both users m and n 

have provided ratings. It has been investigated that Pearson 

correlation coefficient (PCC) suffer from various drawbacks 

[3] e.g. In constant rating problem: if all rating values in 

user-item rating matrix are constant, e.g., (2, 2, 2), PCC is not 

computable because denominator part becomes 0. Guo.et.al. 

[3] proposed a probabilistic similarity measureby looking 

into direction (rating distances) and length (rating amount) of 

rating vectors. Rating Distances are represented using 

Dirichlet distribution, which is calculated on the basis of 

observed evidences, each of which is represented as a pair of 

ratings (from two rating vectors) towards commonly rated 

items. Then the user similarity is calculated as a weighted 

average of rating distances, respective of the amount of new 

evidences falling in the distance. An advantage of this 

approach is one can infer in the same manner from a small 

sample size as from a large sample size. 

2.3 Item-based Collaborative filtering 

Item-based Collaborative filtering uses similarities between 

items by considering their rating patterns. According to it two 

items are said to be similar if same users like or dislike them 

[7]. In this type of Collaborative filtering recommendation is 

generated by selecting candidate items having good number 

of predictions. 

2.4 Merging trust in Collaborative filtering 

Including trust value in recommender systems gives a 

direction to provide users with recommendation which is 

based on past behavior and 

social trust values.  
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Some system uses deep learning to initialize trust network 

[24]. It is noted that people get influenced easily by what their 

friends recommend. Merging trust remove two 

drawbacksData sparsity and Cold start of Collaborative 

filtering [5],[9],[10].Properties of trust can be described as 

follows[16],[17]. 

I. Asymmetry refers that two users may express different 

opinions. It can be possible because trust vales can 

change from one context to other. It means that if user A 

trust to his friend B with some value then it is not 

necessary that B express the same trust value for A. 

II. Transitivity refers that if user A trust to his friend B with 

some value and B trust to his another friend C with some 

value. Then it can be inferred that C is trustworthy to A 

for some extent. This property is very useful while 

extending trust network. 

III. Dynamicity refers that trust values are changed over 

time. It means that time is an important factor to change 

the trust value. Some data sets include time as an 

attribute e.g. MovieTweetings dataset where information 

is represented in quadruple user, item, rating, timestamp 

information [19]. 

IV. ContextDependence says that trust values are context 

dependent. It means that trust can change from context to 

context. A friend can be trustworthy in one context while 

not in others e.g. friend can give good recommendation 

for movie but not for book recommendation. 

III. PROPOSED METHODOLOGY 

Trust based Model represented in the related work does not 

consist the effect of  temporal context information (user’s 

preferences may change over time).Rating prediction can be 

enhanced by including this additional information .Temporal 

Context Information factor Ck can be added by modifying the 

above rating prediction for function        as follows. 

 

                     (6) 

Where           represents rating prediction of a user   for    
item during timestamp      represents user feature matrix, 

  represents item feature matrix.Similarly Trust Prediction 

at the context of Ck is given as using equation (12). 

                      (7) 

Where            denotes trust prediction of truster   for a 

trustee   at timestamp      Where    and    represents 

Truster feature matrix  and Trustee feature matrix 

respectively. Using Factorization Approach, it can be 

represented as. 

                                (8) 

 

                                 (9) 

 

Loss function in rating matrix     and trust matrix    is 

modified as. 

 

  

     
 

 
     

              2 
 

 
     

 
        

     2+
 

 
     

              2 
(11) 

 

  
    represents  j

th
 item rating at timestamp         represents 

ground truth value of rating, similarly   
    represents 

prediction of rating of a user    at timestamp     
Total Loss function (L) using equation (15) and (16) is 

represented as. 

L=Min{Lr+Lt} (12) 

Learning of Model 

 

The proposed model describes the objective function in terms 

of loss which has to be minimized considering the effect of 

temporal information. Rating and Trust information can be 

changed with respect to time. Including timestamp 

information along with rating and trust increase the 

dimension of the data which is difficult to process in  matrix 

form. Dimensionality reduction approach is used to process 

the information in 2D form. When one coordinate is not 

considered then loss of information is generated. Loss 

function L is represented as a sum of loss occurred in rating 

matrix as well as loss occurred in trust matrix. Learning of a 

model on the training dataset in the proposed methodology 

can be done using following steps. Timestamp feature vector 

is also updated in the proposed Model. 

 

I.   Input : Rating Matrix (R), Trust Matrix (T), 

Dimension of feature vectors  (d),   is Learning 

rate. 

Output: Prediction of Rating. 

II. Initialize user matrix and item matrix with some values 

(0,1). 

 

III.  While Loss function L is not converged do 

              (a)   Update user feature vector using gradient 

descent as  

       
  

   
            u=1……..m (No. of 

users) 
(13) 

 

 (b)  Update item feature vector as 

        
  

   
             j=1……..n (No. of 

items) 
(14) 

 

 (c) Update truster feature vector as   

          
  

    
          v=1……..m (No. of 

users) 
(15) 
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   (d) Update timestamp feature vector as  

       
  

    
              l=1……..m(No. of 

timestamp) 
(16) 

 Similarly update   ,   ,    feature vector. 

 

IV.  Return user feature vector, item feature vector. 

This approach is continued until loss gets stable in terms of 

minimization. 

IV. PROPOSED FRAMEWORK 

In this section a framework which calculates the performance 

of trust based algorithm considering temporal context 

information is proposed. User similarity is computed using 

Pearson correlation coefficient (PCC). The Proposed 

framework consist various sections e.g., Data file format, 

Data Convertor, Data splitter, recommender Algorithms, 

Data filter and  evaluator. Fig.1. depicts the proposed 

framework. 

 

 
Fig. 1.Proposed Framework to compute rating prediction in Recommender System. 

 

Various sections of proposed framework are described 

below. 

Data Format- A standard publically available dataset 

MovieTweetings [19] is related to movies rating given by 

users along with timestamp information. Text data of a 

dataset is taken into consideration to implement the work, 

where the data is stored in four columns. Every row in rating 

matrix is a user-item-rating-timestamp information. The 

columns are separated by spaces in these datasets. 

 

Table 1.Format of MovieTweetings[19] data set. 

User Item Rating Timestamp 
1010 210 2 1387645427139852 

1010 215 3 2987632421298713 

1010 220 2.5 6543289763213871 
 

Ratings are represented on a scale of [1, 10] with step 1.This 

dataset consist two files rating.txt and trust.txt. rating.txt 

consist 65,115 records. These records have four 

attributes-user-id, movie-id and movie-Rating and timestamp 

information. 

Data Normalization- Data normalization means that 

baseline value corresponding to user and item is subtracted 

from rating matrix. These user baseline and item baseline 

gets updated in learning of a recommender system. The 

overall baseline of rating matrix can be calculated by 

considering the effect of mean rating, user bias and item bias. 

Dimensionality Reduction-Singular value decomposition 

(SVD) approach is used to reduce the dimension of user and 

item specific latent feature vector. SVD is used on 

normalized rating matrix for better learning of model. An 

advantage of dimensionality reduction is that several similar 

group of users can be merged in user vector space to reduce 

the dimension of user feature vector. 
Splitting of data for training and testing-Data can be split 

into training data, test data in a certain ratio. Data can be split 

on the basis of user, item, rating. There are various options 

available to split the data. loocv picks up randomly one user 

or item as train data and the rest as test data. givenn selects N 

items or users as test data and the rest as train data. The path 

of test data should be in the same directory as of train data so 

that when reading all the data, test data can also be read. 
Similarity Computation-User similarity is calculated using 

Pearson correlation coefficient (PCC). Pearson correlation 

coefficient finds similarity using correlation between two 

users’ rating on a common rated item. 
Recommender-The task of Recommender can be carried out 

by calculating similarity between user to user or item to item 

using similarity matrixes, which consist the distance between 

users or items in the data set.  

 

 

 



International Journal of Recent Technology and Engineering (IJRTE)  

ISSN: 2277-3878 (Online), Volume-8, Issue-1, May 2019 

 

235 

 

Published By: 

Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number A3051058119/19©BEIESP 

Journal Website: www.ijrte.org 
 

In our work we have used similarity class which represents 

distance function as a function of distance of a specified user 

pair. 

 

 

 

Fig. 2.Task of a Recommender 
 

Evaluation of result- To check the performance of rating 

prediction various evaluation matrix have been proposed e.g.  

Mean absolute error (MAE) and Root mean square error 

(RMSE)[20][21]. 

Result filtration-Filter is used to filter the data, for this 

purpose filter class is used which is available in java. The 

purpose of this filter is used to perform filtering operations on 

the result provided by recommender. The recommended list 

is represented consist three attributes (user-id, item-id, rating 

value). A specific user-id or item-id can be given as an input 

to filter class to carry out filtering operation for a particular 

user or for a particular item. 

V. EXPERIMENTAL RESULTS 

In this section experiments performed using the proposed 

framework on MovieTweetings data set is discussed. 

Furthermore, the results of different iterations considering 

temporal information are calculated and are compared with 

existing Trust based approaches [1]. 

A. Dataset 

MovieTweetings data set is used to consider an effect of 

temporal contextual information [19]. This data set is 

publicly available data set which consist both item ratings 

and trust values specified by users along with timestamp 

value. It extracts rating information from latest tweets 

available by the user using tweeter search API. Table 2.  

shows the features of  MovieTweetings data set. 
Table 2.Features of MovieTweetings[19] data set 

 

Feature MovieTweetings 

Users 12420 

Items 8468 

Ratings 65115 

Trusters 6235 

Trustees 5890 

Trust 4678 

 

This data sets consist movie rating data. In MovieTweetings 

rating data is represented on a scale of [1, 10] with step 1. 

Trust values are binary in nature in this data set.  

 

B. Experimental Setup 

 

To evaluate the performance of trust based algorithm on 

MovieTweetings dataset using proposed approach, First Data 

normalization is done on the sparse matrix. After that 

dimensionality reduction of matrix using singular value 

decomposition (SVD) is performed to process the vectors in 

an effective manner. User similarity is calculated by applying 

Pearson correlation coefficient (PCC)  measure on this 

matrix. We divide the whole data set into 5 sets.  While in 

each iteration, four sets are used as training sets while the last 

set is used as a test set. This scheme is called cross validation 

scheme. 

C. Results and Discussion 

 

The performance of the trust based algorithm on 

MovieTweetings is verified on different parameters to 

evaluate accuracy and the results are compared with the some 

of the previous approaches [1] which do not take temporal 

information into consideration. 

D. Quantitative Analysis 

Mean Absolute Error (MAE) calculate the degree to which a 

rating prediction is close to the ground truth. It can be 

calculated using the following formula [1] [20] [21]. 

 

    
                

 
 (17) 

Where      is the predicted value of rating and      is the 

ground truth value. N represents number of Test set. MAE is 

calculated in the same scale as of the ratings in a particular 

dataset. A temporal version of Mean absolute error is 

calculated using the following formula [20] [21]. 

 

 TA-MAE=
 

  
             

           (18) 

Where    is the number of ratings given up to time t and  

    is the time of ground truth value of  rating which is dented 

as    . Another Evaluation Measure which we have taken 

into consideration is Root mean square error (RMSE). It 

emphasis on large errors. It is computed by using the 

following formula [1] [20] 

[21]. 
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RMSE= 
 

 
            

 
    (19) 

 

A temporal version of Root mean square error (RMSE) gives 

for all rating prediction generated up to time t. It is 

represented by the following formula [20] [21]. 

 

TA-RMSE= 
 

  
            

 
           

 (20) 

Where    is the number of ratings given up to time t and       

is the time of rating     . 

E. Comparison 

`Two evaluation matrix Mean absolute error (MAE) and 

Root mean square error (RMSE) are taken into consideration 

to calculate the accuracy in rating prediction. Quantitative 

comparison in terms of MAE is shown in Tables 3 and 4. 

 

   Table 3.  Effect of temporal contextual information in 

terms of MAE and its time variant in trust based recommender 

system. 

 
From Table 3. It is clear that the comparison of trust based 

system against temporal context in terms of MAE on 

MovieTweetings dataset [19] achieves good accuracy in 

rating prediction. Fig. 4. shows the effect of temporal context 

in trust based system using line graph. 

MAE

 

     No. of Trusted Users 

Fig. 3. Effect of temporal context in trust based system in terms 

of  MAE. 

Another evaluation criteria Root mean square error (RMSE) 

is taken to compute the effect of temporal contextual 

information on trust based recommender system. Table 4. 

describes this effect.  

 
Table 4.  Effect of temporal contextual information in terms of 

RMSE and    its time variant in trust based recommender system. 

 
 From table 4. It is clear that the comparison of trust based 

system against temporal context in terms of RMSE on 

MovieTweetings dataset [19] achieves good accuracy in 

rating prediction. Fig. 5. shows the effect of temporal context 

in trust based system in terms of  Root mean absolute error 

(RMSE). 

 

RMSE

 
                                      No. of Trusted Users 

Fig. 4. Effect of temporal context in trust based system in 

  terms of  RMSE. 

From Fig. 4. and Fig. 5. it is noticed that dimensionality of 

user feature vectors and item feature vectors are initialized as 

10. As soon as more similar trust users are merged up this 

dimension starts increasing. Value of each evaluation matrix 

are being measured with respect to this new sample size. An 

approach which does not take time factor into consideration 

gets converge after 30 no. of users while taking time into 

consideration it gets converge after 40 no. of users. It 

indicates that time to train a model along with temporal 

contextual information is more as compared to without 

considering temporal information. 
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VI. CONCLUSION AND FUTURE DIRECTION 

The proposed work represents an approach to consider an 

effect of temporal contextual information in trust based 

recommender systems. Trust based algorithms, removes the 

inherent issues e.g. Data sparsityand Cold start problem when 

predicting ratings of unknown items using similarity measure 

Pearson correlation coefficient (PCC). The Proposed work 

describes the effect of dynamic preferences of user in rating 

prediction. The Accuracy in rating prediction is described in 

terms of Mean absolute error (MAE) and Root mean square 

error (RMSE). It is noticed that incorporating temporal 

information reduces the prediction error.Also inclusion of 

this temporal information increases the training time because 

of later convergence. For future work some other parameters 

e.g. sentiments needs to be investigated in addition to time for 

better prediction of ratings 
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