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Abstract—Collaborative Filtering is a technique that 
automatically predicts the interest of an active user by collecting 
rating information from other similar users or items. However, 
existing works either leave out the user reliability or cannot 
capture the implicit correlation between two users who are similar 
but not socially connected. Besides, they also take the trust value 
between users is either 0 or 1, thus will degenerate the prediction 
accuracy.  In this work, we propose a social collaborative filtering 
algorithm via leveraging multisource information in matrix 
factorization, which aims to solve the above problems via 
employing both rating records and users’ social network 
information. To this end, we design a novel recommendation 
framework, which consists of two fundamental components: 
computation of user reliability and implicit interaction, designing 
of user-shared feature space. In particular, the latter performs 
matrix factorization based on user reliability. Finally, a reasonable 
objective function is designed to synthetically consider the multi-
source information of users, such that high-quality 
recommendation can be produced. Experimental results 
demonstrate that the proposed model achieves better accuracy 
than other counterpart recommendation techniques. 

Keywords—collaborative filtering, multi-source information, 
implicit interactions, user-shared space, matrix factorization  

I. INTRODUCTION 

Ever since the thriving of the Web, it becomes difficult for 
online users to find relevant information from massive data. 
Recommender systems, attempting to tackle the information 
overload problem by suggesting to online users the information 
that is potentially of interest, attract more and more attention in 
recent years [1], [2]. One of the most successful technologies for 
recommender systems, called collaborative filtering (CF), is 
effective and widely studied for many commercial web sites [3]. 
However, most existing CF confronts two main challenges: data 
sparsity and cold start, which will greatly degenerate its 
performance [4], [5]. In order to overcome the weaknesses 
mentioned above, the recommendation algorithms that make full 
use of the multi-source information are the workhorse methods 
of choice. Matrix factorization (MF) has recently received 
greater exposure, mainly as an unsupervised learning method for 
latent variable decomposition and dimensionality reduction, 
because of its good characteristics of scalability and flexibility  

and  therefore  become  an  important  basis  for  researchers  to  

construct social recommendation models [6-8]. 

Several social matrix factorization methods based on the 
user-shared feature matrix have been proposed for collaborative 
filtering [9]. For instance, Ma et al. [10] propose a social 
regularization method (SoRec) by considering the constraint of 
social relationships. The idea is to share a common user-feature 
matrix factorized by ratings and by trust. Different from the 
construction method of  SoRec, Yang et al. [11] propose a hybrid 
method (TrustMF) that combines both a truster model and a 
trustee model from the perspectives of trusters and trustees, that 
is, both the users who trust the active user and those who are 
trusted by the user will influence the user’s ratings on unknown 
items, however, in TrustMF, trust values with either 0 or 1 are 
factorized to estimate ratings, while we argue that it is more 
reasonable to take trust degree into account in learning process, 
also, TrustMF cannot capture the implicit correlation between 
two users. Our approach builds on TrustMF, through which both 
the user reliability and the implicit correlation between users are 
involved to generate predictions. Tang et al. [12] consider both 
global and local trust as the contextual information in their 
model, where the global and local perspective reveal the 
reputation of a user in the whole social network and the 
correlations between users and their neighborhoods, 
respectively. However, the existing matrix factorization models 
for social recommendation exist the following problems: (1) the 
impact of user reliability is not considered; (2) the trust value 
always takes either 0 or 1, unable to reveal the strength of trust 
degrees among users; (3) They cannot capture the implicit 
correlation between two users who are similar but not socially 
connected. 

Our work is to construct a matrix factorization 
recommendation model with user reliability and implicit 
correlation, integrating twofold sparse information, the 
conventional rating data given by users, and the social network 
relationship among users. As for the user implicit correlation, 
users’ influence relationship is leveraged to evaluate the 
correlations between two users by modeling implicit 
interactions, and ultimately integrate the implicit correlation into 
the proposed model, which ensures that user-specific vectors can 
be learned from their social information even if few or no ratings 
are given. The corresponding graphical illustration of our model 
is presented in Fig. 1, from which we can see that the model 
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generally contains the computation of user reliability and 
implicit interaction, and the designing of user-shared feature 
space Q and U. 

Our contributions are summarized as follows. 

• We utilize the reliability relationship between users to 
measure the recommendation accuracy. 

• A more reasonable user shared feature space based on user 
reliability is constructed, solving the problem of neglecting the 
degree of trust between users of factorizing trust values with 
either 0 or 1. 

• Users’ influence relationship are exploited as two 
regularization terms to capture the implicit user correlation, 
which is an effective way to alleviate the problem of cold start. 

The rest of the paper is organized as follows: Section 2 
illustrates some preliminaries, including problem definition, the 
calculation of user reliability, and user influence relationship. 
Section 3 introduces the proposed social recommendation model 
with multisource information. Section 4 demonstrates the 
experiments and results. Section 5 draws the conclusion. 

 
Fig.1.  Framework of the proposed matrix factorization recommendation model. 

Taking the rating process of user 5 for item 4 as an example 

II. PRELIMINARIES 

A. Problem Definition 

We first introduce the notations used in this paper. Suppose 
that a recommender system includes a set of m users 
U={u1,u2,…,um} and  a set of n items I={i1,i2,…,in}. Let 
R=[Rij]m×n denote the user-item rating matrix, where each 
element Rij represents the rating of item j given by user i, which 
is generally an integer number from 1 to 5. The predicted values 
are given in a matrix P=[Pij]m×n , which are real numbers within 
the interval [1,5]. We define a reliability matrix S=[Sik]m×m , Sik 
denotes the value of reliability among users as a real number in 
[0,1], where ‘0’ indicates user i is unreliable to user k, whereas 
‘1’ indicates user i is absolutely reliable to user k. Note that the 
matrix S is not symmetric. T=[Tij]m×m is a transition matrix for 
influence propagation in the social network, tij represents the 
propagation probability from user i to user j, if there is an edge 
from j to i in the network (i.e., j trusts i), then tij >0, otherwise, 
tij =0. We define a user influence relationship matrix f , fi  is an 
influence vector for node i, i jf → denotes the influence from 
user i to user j. 

B. User Reliability 

The reliability of a user refers to the accuracy of its 
recommendation to an active user, i.e., to what extent a user's 
recommendations to another user are accurate.  For example, the  

 

more frequently the user recommends items you are favorite, the 
more convinced you are that the user's future recommendations 
are reliable[13]. Therefore, it is reasonable to evaluate the 
reliability by the accuracy of user recommendation.  

We consider j as the unique user who recommends items to 
user i, CIij is the common scoring rated by users i and j. the 
prediction value Pih for user i on item h is computed as: 
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sim(ui, uj) denotes the rating similarity between users ui and 
uj. jR  denotes the average rating of user uj. The 
recommendation ability of user j to user i on item h is calculated 
as: 
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Pmax measures the maximum deviation between a predicted 
rating and the user’s true rating. The reliability of user j to user 



i on item h, i.e., the recommendation accuracy of user j to user 
i, is defined as: 
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Thus, the user reliability matrix S can be obtained. 

C. Implicit Interactions 

Existing approaches consider only a single link for inferring 
user tastes, such as TrustMF, with an inherent limitation of 
disregarding the implicit correlated users. Two users are similar 
if they affect many common users, that is, they share many out-
links in the user influence relationship matrix f. Similarly, two 
users are similar if they are affected by many common users, 
that is, they share many in-links in the user influence matrix f. 
By taking into influence relationship instead of relying on one 
single link such as trust relationship (e.g., trust value is always 
0 or 1), we can obtain more robust and accurate correlation 
between two users even they are not explicitly connected. The 
influence calculation method between users will be detailed 
next. 

Users in social networks may have an impact on users who 
have direct or indirect social relationships with them, and the 
influence can be generated by user influence propagation. We 
denote the influence from user i on user j by f i→j, then [16]: 
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Where Nj = {j1, j2 , ... , jm} is j’s neighbor set, tkj represents 
the propagation probability from user k to user j. If there is an 
edge from j to k in network (i.e., j trusts k), then tkj > 0, otherwise 
tkj = 0. Since learning the nonzero tkj is beyond the scope of this 
paper, we assume it is known and usually 1

1
m

kj
j

t
=

≤ [14]. In this 
definition, each user i is assigned a constraint value αi, which is 
learned from prior content or domain knowledge. Specifically, 
if i shows full confidence or preference to the information, this 
value should be the maximum (e.g., 1). In another direction, if 
i becomes of no interest at all, it will be 0. Parameter λ is the 
damping coefficient of user j for the influence propagation. It 
locates in range (0, +∞), and the smaller the λ is, the less the 
influence will be blocked.  

The influence spread vector 21[ , ,..., ]i i i mif f f→ →→= Tf for 
each user i could be represented by the following equation: 

fi = Avi                                                            (5) 

In the equation, we denote m × m matrix A equals 
1( )λ −+ −I I T , As νi is a vector with only vi,i being nonzero, the 

value of vi,i could be calculated by equation (6): 
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Fig. 2.  Trust relationship among users 

Thus, a user influence matrix f can be obtained. Fig. 2 
depicts an example graph with five users, edges represent the 
trust relationship among users, if u2 trusts u1, then u1 will 
generate an influence on u2. Then the influence from u1 on u5 
can be calculated as: 
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III. MATRIX FACTORIZATION FUSING USER 
RELIABILITY AND IMPLICIT INTERACTIONS 

A. Matrix Factorization of the User Reliability 

We map each user i as two distinct latent feature vectors, 
depicted by multi-affect specific feature vector Qi and multi-
affected specific feature vector Ui. Qi and Ui characterize the 
behaviors of ‘to affect others’ and ‘to be affected by others’, 
respectively. Qi and Ui depict ‘what types of items user i 
recommends’ and ‘what types of items user i prefers’ in terms 
of the same d latent features, respectively. Given such vectors, 
one can model the reliability value Sik as the inner product of Qi 
and Uk. 

1) Multi-affect Regularization: In this subsection, we 
model the implicit interactions between two users by in-
corporating out-links structure of the user influence matrix as a 
regularization term to constrain the objective function. Two 
users are similar if they affect many same users. Therefore, in 
order to capture the similarity between them based on the 
structure of out-links in matrix f, we adopt the following metric: 
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The superscribe Q indicates the similarity between two 
“multi-affect” users. With the similarity between them, multi-
affect regularization is to minimize the following term: 
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A large value of Q
ijC  indicates that user i and j share many 

out-links, and thus we force their preference vectors should be 
as close as possible. A small value of Q

ijC tells that the distance 
between two preference vectors should be large. By introducing 
the structure-based similarity, multi-affect specific preference 
vectors are constrained in the learning process. 

2) Multi-affected Regularization: Two users are similar if 
they are affected by many same users. The similarity between 
them can be captured by exploiting the structure of in-links as 
follows: 
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Similar to multi-affect regularization, we propose a multi-
affected regularization term to model the assumption as follows: 
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B. The Multi-affect(ed) model 

The ratings of users will be affected by others who have 
influence on them and vise versa. Here we first propose a multi-
affect model to characterize the first aspect, that is, how a user 
i affect others to rate item j by means of  T

jiQ V , which is the 
approximation of real score Rij as well. 

 

 

 

 

 

 

 

 

 

Fig. 3.  Multi-affect model 5 4
TQ V : How user u5 affect others rating on item i4 

1) Multi-affect Model: Note that the m users involved in 
rating matrix R and reliability matrix S are the same. So, we can 
associate R and S into one matrix factorization process by 
sharing a common user-specific latent space. Fig. 3 shows the 
proposed affect model that is able to characterize how user u5 
to rate item i4 by means of 5 4

TQ V . 
In this model, we choose the multi-affect specific feature 

matrix Q as the latent space commonly shared by R and S. the 
vector Qi simultaneously characterizes twofold meanings: How  

a user i affects others and how the same user rates items. The 
item-specific latent feature vector Vj depicts how an item j is 
rated by users. Putting together, the T

ji VQ  indicates how user i 
affects others to rate item j, which is the approximation of real 
score Rij.  

Since the reliability value Sik is between 0 and 1, in order to 
learn the parameters in a more convenient way, we map the 
original rating Rij into an interval [0, 1] by employing the 
function f(x) = x/Rmax and adopt a logistic function g(x) = 
1/(1+exp(-x)) suggested by[15] to bound the inner product of 
latent feature vectors into the interval [0, 1]. One can get the 
prediction by max( ).T

jig V RQ after training the model. Therefore, 
we can learn the feature matrices Q, V, and U simultaneously 
by minimizing the following objective function: 
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The parameter αu is introduced to control the proportion of 
effect between rating preference and influence relation when 
training model. 

2

F
• denote the Frobenius norm, and αr is a 

parameter which controls the model complexity to avoid over-
fitting, where mqi and nqi denote the number of users who believe 
user i is reliable and ratings given by user i, respectively, nvj 
denotes the numbers of ratings given to item j, nuk denotes the 
number of items user k likes. One can minimize the above 
objective function by performing the following gradient 
descents on Qi, Vj and Uk for all users and items. 
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Where R(i) denotes the set of items which user i has rated, 
R+(j) denotes the set of users who have rated item j, S(i) denotes 
the set of users who believe user i is reliable, S+(k) denotes the 
set of users that user k considers to be reliable. 

2))exp(1/()exp()( xxxg −+−=′  is the derivative of logistic 
function g(x). 

As the model in Equation (11) uses multi-affect specific  
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feature matrix Q as the commonly shared user latent space, we 
refer to the learning algorithm as Multi-affect MF, and its 
pseudocode is given in Algorithm1. 

Algorithm1 Multi-affect MF 

Input: R, S, f, αu, αr, α (learning rate) 

1. Initialize Q, V, U with small random numbers 

2.  while L has not converged: 

3.        . 1,...,j j
j

L
V V j n

V
α ∂← − =

∂
，  

4.        . 1,...,i i
i

L
Q Q i m

Q
α ∂← − =

∂
，  

5.        . 1,...,k k
k

L
U U k m

U
α ∂← − =

∂
，  

6.  end while 

Output the predicted rating: max( ).T
i jijP g Q V R←  

 
2) Multi-affected Model: Fig. 4 shows the proposed multi-

affected model that is able to characterize how a user u5 is 
affected by the decisions of others by means of 5 4

TU V . Different 
from the multi-affect model, this time we choose the multi-
affected specific feature matrix U as the latent space commonly 
shared by R and S. In the multi-affected model, the vector Ui 
simultaneously characterizes twofold meanings: how a user A 

is affected by others and how the same user rates items. Again, 
the item-specific latent feature vector Vj depicts how an item j 
is rated by users. Putting together, the T

i jU V  indicates how user 
i is affected by others to rate item j, which is the approximation 
of real score Rij as well. Similarly, one can learn the feature 
matrices U, V, and Q simultaneously by minimizing the 
following objective.  
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Where mui and nui denote the number of users who user i 
considers to be reliable and the ratings given by user i, 
respectively. nvj denotes the number of ratings given to item j, 
mqk denotes the number of users who believe user k is reliable. 

C. Synthetic Influence of Multi-affect and Multi-affected 
Model 

Individuals will affect each other during the process of 
rating. That is to say, your decision on whether or not to rate 
something and how to rate them will be influenced by others in 
social networks. Meanwhile, your decisions will inevitably 
influence the choices of others. Comprehensively, it is 
suggested that the observed ratings are actually generated

 according to the propagation of such twofold influence 
among users. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.  Multi-affected model: How others affect u5’s rating on item i4 

After independently training multi-affect model and multi-
affected model, one can obtain two sets of feature matrices. Let 

t
iQ  and t

jV  be the multi-affect specific vector and item-specific 

vector learned by algorithm multi-affect MF. Let d
iU  and d

jV  

be the multi-affected specific vector and item-specific vector 
learned by algorithm multi-affected MF. We suggest the 
following synthetic strategy to generate the approximation of 
real rating scores. 

maxˆ ( ) ( )
2 2

t dt d
j jTi i

ij
V VQ U

R g R
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            (16) 

IV. EXPERIMENTS AND VALIDATION 

A. Description of the Data set 

The data sets used in our experiments are FilmTrust and 
Epinions. Users in FilmTrust1 and Epinions2 can rate products 
with scores from 1 to 5 and they can also establish social 
relations (i.e., trust relations) with others [16]. Some statistics 
of these two datasets are presented in Table I. The rating data is 
very sparse for both FilmTrust and Epinions. 

TABLE I.  STATISTICS OF EXPERIMENTAL DATASETS 

Data Set FilmTrust Epinions 

# of Users 1641 49 290 

# of Items 2 071 139 738 

# of Ratings 35 497 664 824 

Rating Density(%) 1.044 0.010 

# of Social Relations 1 853 487 183 

Social Relation
Density(%) 0.069 0.020 1 
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B. Experimental Setup 

We use the 5-fold cross-validation for learning and testing. 

In each time we randomly select 80% of data as training set and 
the rest of 20% for test. For each experiment discussed below, 
we conduct five times and take the mean as the final result. 

1) Evaluate metrics: We adopt two well-known metrics to 
evaluate predictive accuracy, namely mean absolute error 
(MAE) and root mean square error (RMSE)[17], defined by: 
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Where Rij is the rating in the test set, ˆ ijR  is the predicted 
rating, and N is the number of ratings in the test set. Smaller 
values of MAE and RMSE indicate better predictive accuracy. 

2) Comparison methods: To comparatively evaluate the 
performance of our proposed methods, we select six 
representative CF methods based on user feature space as 
competitors. 

a) we select probabilistic matrix factorization model 
PMF without using social information to verify the impact of 
user implicit interaction in social networks on recommendation 
performance of our proposed model. 

b) SoRec, TrustMF and LOCABAL are three social 
recommendation methods based on user feature matrix 
representation, SoDimRec and MFC are lastest 
recommendation methods using indirect social information. 

For all comparison methods to be validated, we set 
respective optimal parameters according to corresponding 
references. The main parameters of respective methods are 
given in Table II. Without useful prior knowledge, we could fix 
αi to be the same (e.g.,1) for each user i, we set the damping 
coefficient λ is 0.176 according to reference[14]. For all matrix 
factorization based methods, we set the dimensionality of latent 
space as 10 and the learning rate α as 0.001, and adopt the same 
initialization strategy, which randomly initialize all involved 
feature matrices with a uniform distribution within the interval 
[0,1]. 

C. Experimental Result 

1) Validation on FilmTrust and Epinions: We now validate 
the performance of the proposed model and compare it with its 
competitors on two data sets. Table III shows that our method 
performs the best of all. It implies that our proposed multi-
affect, multi-affected and synthetic models properly and 
effectively catch on the users’ multisource information on the 
generation of observed ratings, and hence get a better 
promotion on the quality of recommendations. 

 

 

TABLE II.   PARAMETER SETTINGS OF DIFFERENT SOCIAL RECOMMENDATION 
METHODS 

Methods  Optimal Parameters 

PMF αr=0.001 

SoRec αr=0.001,αu=1 

TrustMF αr=0.001,αu=1 

LOCABAL αr=0.001,αu=0.5 

SoDimRec [18] αr=0.001,αu=10, αW=100 

MFC [19] αr=0.001,αu=0.001 

Our Method αr=0.001,αu=1 

2) Validation on cold start users: As mentioned in the 
introduction section, cold start is one big challenge faced by CF 
methods. We now evaluate the capabilities of addressing cold 
start users by respective competitors. Conventionally, those 
who have rated five or fewer ratings are seemed as cold start 
users [20]. 5-fold cross-validation is still used in the test but we 
only care about the accuracy of prediction for cold start users. 
Table IV shows that our model performs the best once again 
with respect to addressing cold start users, especially in 
comparison with PMF. It is shown that the objective function 
of the implicit interaction between users in the social networks 
designed in this paper can alleviate the cold start problem to 
some extent. 

3) Validation on Users with Different Social Degrees: 
Another series of experiments are conducted to investigate the 
performance on users with different social degrees. The social 
degrees refer to the summation of the number of trusted 
neighbors specified by a user (i.e., out degree) and the number 
of trusting neighbors who trust the user (i.e., in degree). Distinct 
from previous validations focusing on comparing global quality 
of recommendations in terms of the average accuracy over all 
users, here we are particularly interested in testing the 
performance of respective social CF methods in regard to 
different categories of users. We split the social degrees into 
seven categories: 1-5, 6-10, 11-20, 21-40, 41-100, 101-500, 
>500. The results are illustrated as Fig. 5 and Fig. 6. 

D. Summary 

Major points of the experimental study are summarized as 
follows. 

• The exploitation of improved user reliability according to 
rating information and implicit correlation between users in 
social networks are crucial for capturing users’ preference. All 
these factors jointly lead to the superior performance of our 
model is in the experiments. 

• It is more credible to perform matrix factorization based 
on user reliability (a number of 0 to 1) rather than trust value 
(either 0 or 1) as most existing methods do, such as TrustMF, 
Therefore, the rationality of our model is finally proved. 

 



TABLE III.   PERFORMANCE COMPARISONS OF DIFFERENT SOCIAL METHODS ON ALL USERS 

Data Sets Metrics PMF SoRec TrustMF LOCABAL SoDimRec MFC Our Method 

FilmTrust 
MAE 0.735 0.638 0.637 0.641 0.635 0.637 0.623 

RMSE 0.968 0.831 0.818 0.829 0.816 0.819 0.805 

Epinions 
MAE 0.838 0.915 0.819 0.817 0.813 0.815 0.802 

RMSE 1.115 1.167 1.105 1.094 1.092 1.095 1.085 

 

TABLE IV. PERFORMANCE COMPARISONS OF DIFFERENT SOCIAL METHODS ON COLD START USERS 

Data Sets Metrics PMF SoRec TrustMF LOCABAL SoDimRec MFC Our Method 

FilmTrust 

MAE 0.813  0.672 0.664 0.659  0.651 0.660 0.644  

RMSE 1.011 0.901 0.892 0.884 0.852 0.895 0.830 

Epinions 

MAE 1.149 0.961 0.849 0.839 0.852 0.857 0.827 

RMSE 1.427 1.179 1.177  1.175 1.174 1.179 1.166 

 

 

 

 

 

  

 

 

 

 

 

 

Fig.5.  The predict error on users in FilmTrust dataset with different social degrees 

 

 

 

 

 

 

 

 

 

 Fig. 6.  The predict error on users in Epinions dataset with different social degrees 
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V. CONCLUSIONS 

Collaborative filtering methods are facing the difficulty 
of data sparsity and cold start. Aiming at addressing them by 
utilizing additional social data more effectively, we have 
proposed a novel social CF method, which is motivated by 
the heuristic that individuals will affect each other in various 
aspects during the process of interacting. In properly catching 
on a twofold user influence on the generation of observed 
opinions, a multi-affect model and a multi-affected model 
have been proposed to map users into the same latent feature 
spaces but with different implications that can explicitly 
describe the feedback how users affect or be affected by 
others. Moreover, the two models are naturally synthesized 
to one fusing model simultaneously fitting available ratings 
and social relations. As has been verified that the proposed 
model performs better than its competitors. 

ACKNOWLEDGMENT  

This research was supported by National Natural Science 
Foundation of China (61762078, 61363058, 61966009, 
61762079, U1711263, U1811264), Guangxi Key Laboratory 
of Trusted Software (kx202003) and Major project of young 
teachers' scientific research ability promotion plan (NWNU-
LKQN2019-2). 

REFERENCES 

[1] G. W. Zhao, H.F. Ma, Z.X. Li, X. Ao, N. Li, “SBRNE: An Improved 
Unified Framework for Social and Behavior Recommendations with 
Network Embedding,” DASFAA, 2019, pp. 555–571.  

[2] Z. Li, H. Zhao, Q. Liu, Z. Y. Huang, T. Mei, E. H, Chen, “Learning 
from History and Present: Next-item Recommendation via 
Discriminatively Exploiting User Behaviors,” KDD, 2018, pp. 1734–
1743. 

[3] Q.T. Wu, L. Jiang, X. F. Gao, X. C. Yang, G. H. Chen, “Feature 
Evolution Based Multi-Task Learning for Collaborative Filtering with 
Social Trust,”  IJCAI, 2019, pp. 3877–3883. 

[4] Y. K. Gao, X. H. Wang, L. Guo, Z. M. Chen, “Learning to recommend 
with collaborative matrix factorization for new users. Journal of 
Computer Research and Development,” 2017, 54(8), pp. 1813–1823. 

[5] J. Chen, D. F. Lian, K. Zheng, “Improving One-Class Collaborative 
Filtering via Ranking-Based Implicit Regularizer,” AAAI, 2019, pp. 
37–44. 

[6] S. Sedhain, A. K. Menon, S. Sanner, L. Xie, D. Braziunas, “Low-Rank 
linear cold-start recommendation from social data,” In: Proceedings of 
the 31th AAAI Conference on Artificial Intelligence, 2017, pp. 1502–
1508.  

[7] A. J. B. Chaney, D. M. Blei, T. Eliassi-Rad, “A probabilistic model for 
using social networks in personalized item recommendation,” In: 
Proceedings of the 9th ACM Conference on Recommender Systems, 
New York: ACM Press, 2015. pp. 43–50. 

[8] G. Guo , J. Zhang, N. Yorke-Smith, “TrustSVD: Collaborative filtering 
with both the explicit and implicit influence of user trust and of item 
ratings,” In: Proc. of the 29th AAAI Conf. on Artificial Intelligence. 
AAAI Press, 2015, pp. 123–129. 

[9] H. F. Liu, L. P. Jing, J. Yu, “Survey of matrix factorization based 
recommendation methods by integrating social information,” Journal 
of Software, 2018, 29(2), pp. 340-362. 

[10] H. Ma, H . Yang, M. R. Lyu, I. King, “SoRec, Social recommendation 
using probabilistic matrix factorization,” In: Proceedings of the 17th 
ACM Conference on Information and Knowledge Management, 2008, 
pp. 931–940. 

[11] B. Yang, Y. Lei, D. Y. Liu, J. M. Liu, “Social collaborative filtering by 
trust,” IEEE Transactions on Pattern Analysis and Machine 
Intelligence, 2017, 39(8), pp. 1633–1647. 

[12] J. L. Tang, X. Hu, H. J. Gao, H. Liu, “Exploiting local and global social 
context for recommendation,” In: Proceedings of the 23rd International 
Joint Conference on Artificial Intelligence, 2013, pp. 2712–2718.  

[13] R. Q. Wang, Y. L. Jiang, Y. X. Li,  J. G. Lou, “A Collaborative Filtering 
Recommendation Algorithm Based on Multiple Social Trusts,” Journal 
of Computer Research and Development, 2016, 53(6), pp. 1389–1399.   

[14] Q. Liu, B. Xiang , N. J. Yuan, E. H. Chen, H. Xiong, Y. Zheng, et al. 
“An Influence Propagation View of PageRank,” ACM Transactions on 
Knowledge Discovery from Data, 2017, 11(3), pp. 1–30. 

[15] Y. Yang, E. Chen, Q. Liu, B. Xiang, T. Xu, S. Shad, “On approximation 
of real-world influence spread,” In proceedings of European 
Conference on Machine Learning and Knowledge Discovery in 
Databases, 2012, pp. 548–564. 

[16] G. Guo, J. Zhang, N. Yorke-Smith, “A novel Bayesian similarity 
measure for recommender systems,” In: Proceedings of the 23rd 
International Joint Conference on Artificial Intelligence. AAAI Press, 
2013, pp. 2619–2625. 

[17] T. T. Pan, F. Wen, Q. R. Liu, “Collaborative filtering recommendation 
algorithm based on rating matrix filling and item predictability,” Acta 
Automatica Sinica, 2017, 43(9), pp. 1597–1606. 

[18] J. L. Tang, S. H. Wang, X. Hu, D. W. Yin, Y. Z. Bi, Y. Chang, et al., 
“Recommendation with social dimensions,” In: Proceedings of the 
30th AAAI Conference on Artificial Intelligence, 2016, pp. 251–257. 

[19] H. Li, D. M. Wu, W. B. Tang, N. Mamoulis, “Overlapping community 
regularization for rating prediction in social recommender systems,” 
In: Proceedings of the 9th ACM Conference on Recommender 
Systems. New York: ACM Press, 2015, pp. 27–34. 

[20] M. Jamali, M. Ester, “A matrix factorization technique with trust 
propagation for recommendation in social networks,” In Proceedings 
of the Fourth ACM Conference on Recommender Systems, pp. 135–
142, Barcelona, Spain, September 2010. Association for Computing 
Machinery. 

[21] H. Fang, Y. Bao , J. Zhang, “Leveraging decomposed trust in 
probabilistic matrix factorization for effective recommendation,” In 
Proceedings of the 28th AAAI Conference on Artificial Intelligence, 
2017, pp. 30–36.  

 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




