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start. Additional information from other sources have been
studied and incorporated into CF including friendship [1],
membership [2] and social trust [3] in order to solve these
deficiencies and model user preferences more accurately.
In this paper, trust is defined as one’s belief toward others
in providing accurate ratings relative to the preferences of
the active user [4]. Both implicit trust (e.g., [5, 6]) and
explicit trust (e.g., [7-10]) have been investigated in the
literature. The former trust is inferred from user behaviors
such as ratings whereas the latter is directly specified by
users. By definition, the explicit trust tends to be more
accurate and reliable than the implicit one. We focus on
the explicit trust in this paper.

Abstract—Collaborative filtering (CF) is the most popular
approach to build recommender systems and has been
successfully employed in many applications. However, it
suffers from several inherent deficiencies such as data
sparsity and cold start. To better show user preferences for
the cold users additional information (e.g., trust) is often
applied. We describe the stages based on which the ratings of
an active user’s trusted neighbors are incorporated to
complement and represent the preferences of the active user.
First, by discriminating between different users, we calculate
the significance of each user to make recommendations.
Then the trusted neighbors of the active user are identified
and aggregated. Hence, a new rating profile can be formed
to represent the preferences of the active user. In the next
stage, similar users probed based on the new rating profile.
Finally, recommendations are generated in the same way as
the conventional CF with the difference that if a similar
neighbor had not rated the target item, we will predict the
value of the target item for this similar neighbor by using the
ratings of her directly trusted neighbors and applying
MoleTrust algorithm, so as to incorporate more similar users
to generate prediction for this target item. Experimental
results demonstrate that our method outperforms other
counterparts both in terms of accuracy and coverage.

In this paper, we propose a novel trust-based approach
called ‘‘Combine’’ by incorporating the trusted neighbors
that are explicitly specified by the active users in the
systems, aiming to improve the overall performance of
recommendations and to mitigate the data sparsity and
cold-start problems of CF. Specifically, we calculate the
significance of each user to make recommendations. Then,
by averaging the ratings on the commonly rated items
according to the extent to which the trusted neighbors are
similar to the active user and also according to the extent
to which the trusted neighbors are significant to make
recommendations, we incorporate the ratings of trusted
neighbors of an active user. The set of new ratings is then
used to represent the active user’s preferences and to find
similar users based on user similarity. Finally,
recommendations are generated in the same way as the
conventional CF with the difference that if a similar
neighbor had not rated the target item, we will predict the
value of the target item for this similar neighbor by using
the ratings of her directly trusted neighbors and applying
MoleTrust algorithm, so as to incorporate more similar
users to generate prediction for this target item.

Keywords-recommender systems; collaborative filtering;
cold start; data sparsity; trusted neighbors

I.

INTRODUCTION

One of the key innovations in on-line marketing is the
creation of recommender systems for suggesting new
interesting items to users (or buyers). In essence a
recommender system (RS) tries to predict the ratings that
users would give to different items, e.g. there are popular
recommenders for movies1, books2, music3, etc.
Collaborative filtering is the most popular approach to
create recommender systems and has been successfully
employed in many applications. However, it suffers from
several inherent deficiencies such as data sparsity and cold

The rest of this paper is organized as follows. Section
II gives a brief overview of related research on trust-based
CF from which the research gap is identified and
motivating our present work. The proposed approach is
then elaborated in Section III where we also highlight the
advantages of our method in principle. Experiments on
Flixster data set are conducted in Section IV to verify the

1

http://www.netflix.com.
http://www.amazon.com.
3
http://www.last.fm.
2

,(((



effectiveness of our method in predicting items’ ratings,
especially for the cold users. Finally, Section V concludes
our work and outlines potential future research.
II.

and ܴǡ respectively. We keep the symbols ݑǡ  ݒfor the
users and ݅ǡ ݆ for the items. Then ݎ௨ǡ represents a rating
given by user  ݑon item ݅ǡ and takes a value in a certain
rating scope, predefined by a recommender system. The
predicted rating is denoted as ݎƸ௨ǡ Ǥ In a trust-aware
recommender system, the active user  ݑmay have
identified a set of trusted neighbors ܶܰ௨ . For each trusted
neighbor ܰܶ א ݒ௨ ǡ user  ݑalso specifies a trust value
ݐ௨ǡ௩  אሾͲǡ ͳሿ indicating the extent to which user  ݑbelieves
in user ݒǯ ability in giving accurate ratings. For simplicity,
the set of items rated by user  ݑis denoted by
ܫ௨ ൌ ሼ݅ȁݎ௨ǡ ܴ אǡ ݅ ܫ אሽ and the set of users who rated item
݅ is denoted by ܷ ൌ ൛ݑหݎ௨ǡ ܴ אǡ ܷ א ݑൟǤ Hence, the
recommendation problem can be re-described as: given a
set of user ratings ሺݑǡ ݅ǡ ݎ௨ǡ ሻ and a set of user trust
ሺݑǡ ݒǡ ݐ௨ǡ௩ ሻ, predict a best prediction ሺݑǡ ݆ǡ ݑො ሻfor an active
user  ݑon a target item ݆Ǥ

RELATED WORK

Many CF approaches have been proposed in the
literature to solve the data sparsity and cold start problems.
Generally, they can be classified into two categories:
memory-based and model-based. The most well-known
model is matrix factorization (MF) based approaches, such
as SVD [11], NNMF [12] and tensor factorization [13].
Model-based approaches usually can achieve better
accuracy and coverage than memory-based approaches.
This is because the former ones will train a prediction
model using global rating data whereas the latter
concentrate on local rating information. However, modelbased approaches cannot properly explain how the
recommendations are generated and effectively adopt new
ratings due to trained static models.

1) Calculating the Significance of Each User
Reference [15] has shown that some users are more
significant than other users to make recommendations.
Suppose ܹ ൌ ሼͳǡ ǥ ǡ ͷሽ be the set of possible values for
ratings. Let ܸ ൌ ሼͶǡ ͷሽ be the subset of ܹ with elements
that are regarded as relevant ratings. Let ܸ  ൌ ሼͳǡ ʹǡ ͵ሽ be
the subset of ܹ with elements that are regarded as nonrelevant ratings. Let ܦ௨ ൌ ሼ݅ ܫ אȁݎ௨ǡ ܸ אሽ be the set of
items that user  ݑhas rated with a relevant value. Let
ܧ௨ ൌ ሼ݅ ܫ אȁݎ௨ǡ  ܸ א ሽ be the set of items that user  ݑhas
rated with a non-relevant value. To weight the importance
of a rating, we use the following factors:

The closest approaches to ours are as follows.
Reference [9] analyzes the drawbacks of conventional CFbased recommender systems, and elaborates the rationale
why incorporating trust can mitigate those problems. They
propose the MoleTrust algorithm, which performs depthfirst search, to propagate and infer trust in the trust
networks. Empirical results show that the coverage is
significantly widened but the accuracy remains comparable
when propagating trust. Similarly, [8] propose a breadthfirst search method called TidalTrust to infer and compute
trust value. Both approaches substitute similarity with trust
to predict item ratings, and the performance of the two
algorithms is close [14]. Hence, we will only compare our
method with one of them, namely MoleTrust in this paper.
In addition, [7] propose to enhance CF by predicting the
ratings of similar users who did not rate the target items
according to the ratings of their trusted neighbors, so as to
incorporate more similar users for recommendation.
However, it performs badly in cold conditions where only
few ratings are available, which is the main concern of the
present work. Another recent work using the explicit trust
network is proposed by [10]. They improve the prediction
accuracy by reconstructing the trust networks. More
specifically, the trust links between two users will be
removed if their similarity is lower than a threshold.
Empirical results show that good performance is achieved
at the cost of poor coverage, and it fails to function in cold
conditions where user similarity may not be computable.

݂ଵ ൌ ͳ െ

݂ଶ ൌ

͓ೠ
͓ೠ ା͓ாೠ

͓ೠ ା͓ாೠ
͓ூೠ



ǡ




Ǥ

According to the factor ݂ଵ ǡ the lower the number of
relevant ratings made by user ݑǡ the higher the significance
of this user’s  ݑrelevant ratings. According to the factor ݂ଶ ǡ
the higher the number of ratings made by user ݑǡ the higher
the significance of user  ݑto make recommendations.
Finally, we define the significance of a user to make
recommendations as:
ݏ௨ ൌ ቀͳ െ

The purpose of our work is to take a step further in
addressing the cold start and sparsity problems by
proposing a novel approach to incorporate trusted
neighbors in CF.

͓ೠ
͓ೠ ା͓ாೠ

ቁቀ

͓ೠ ା͓ாೠ
͓ூೠ

ቁǡ



where ݏ௨  אሾͲǡ ͳሿ is the significance of user  ݑto make
recommendations.
2) Aggregating Trusted Neighbors
The cold users are generally defined as the users who
have rated less than five items [9]. Since cold users usually
are less active in the systems, they may not have a large
number of trusted neighbors. We conduct experiments to
show the statistics for cold users in Flixster data set, the
specifications of which will be presented in Section IV.A.
Fig. 1 shows the distribution of trusted neighbors for the
cold users in Flixster data set. Specifically, most cold users
have only few trusted neighbors and only few cold users
have identified many trusted neighbors.

III. THE COMBINE METHOD
In this section, we will present the proposed Combine
method the basic principle of which is to incorporate the
ratings of trusted neighbors to complement and represent
the preferences of active users.
A. Combining Process
For clarity, we introduce a number of notations to
model the recommendation problem. Specifically, we
denote the sets of all users, all items and all ratings as ܷ; ܫ



That is, ܫሚ௨ consists of items that have been rated by at least
one trusted neighbor from the trust neighborhood. Then all
the ratings of trusted neighbors on each item ݆ ܫ אሚ௨ will be
incorporate into a single rating based on the weights of
trusted neighbors:

# of cold-start users
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ǡ

where ݎǁ௨ǡ is the incorporated value for user  ݑon item
݆ ܫ אሚ௨ based on the ratings of all the trusted neighbors, and
ݓ௨ǡ௩ denotes the importance weight of user ݒǯ ratings
relative to the active user ݑǤ We claim that the importance
weight ݓ௨ǡ௩ is composed of four parts: significance value
ݏ௩ ǡ trust value ݐ௨ǡ௩ ǡ rating similarity ݉݅ݏ௨ǡ௩ and social
similarity ݆௨ǡ௩ Ǥ Hence, ݓ௨ǡ௩ is computed as a linear
combination of the four parts:

10

1

σೡאಿೠ ௪ೠǡೡ ೡǡೕ

1000

# of trusted neighbors
Figure 1. The distributions of trusted neighbors for the cold users on
Flixster data set

ݓ௨ǡ௩ ൌ ߙ݉݅ݏ௨ǡ௩  ߚݐ௨ǡ௩  ߛݏ௩  ሺͳ െ ߙ െ ߚ െ ߛሻ݆௨ǡ௩ ǡ  
Fortunately, trust can be propagated along with the web
-of-trust. MoleTrust [9] and TidalTrust [8] are two typical
algorithms to infer trust value. In this work, we adopt the
MoleTrust to infer the trust value of indirectly connected
users. Note that the trust value in the data set is binary, i.e.,
0 or 1, where 0 means no direct trust connections whereas
1 indicates that a user directly connects with and trusts
another user. As a result, the inferred trust value by the
MoleTrust will be also binary, and thus we cannot
distinguish trusted neighbors in a shorter distance with
those in a longer distance. Hence, like [4] we adopt a
weighting factor to devalue trust in a long distance:
ଵ

ᇱ
ǡ
ݐ௨ǡ௩ ൌ ݐ כ௨ǡ௩
ௗ

where parameters ߙǡ ߚ and ߛ indicate the extent to which
the combination relies on rating similarity, trust value and
significance value, respectively. The rationale behind this
computation, i.e., incorporating four parts rather than trust
value only, is that people trusting each other may not share
similar preferences [16]. Specifically, it is possible that
trusted neighbors have low similarity. In addition, all users
do not have equal significance to make recommendations
[15]. Reference [15] also noted that making
recommendations based on more significant users will
result in good accuracy and good coverage. Therefore, it is
necessary to consider significance value, rating similarity
and trust value.



Pearson correlation coefficient is often used to compute
user similarity based on ratings:

ᇱ
ݐ௨ǡ௩

denotes the inferred trust value by the
where
MoleTrust algorithm, ݀ is the shortest distance between
users  ݑand  ݒdetermined by a breath first search
algorithm, and ݐ௨ǡ௩  אሾͲǡͳሿ is the trust value that user  ݑhas
towards another user ݒǤ In this work, we restrict ݀  ͵ to
prevent meaningless searching and save computational
cost for large-scale data sets.

݉݅ݏ௨ǡ௩ ൌ



where ߠ௧ is the trust threshold. Since the distance is
restricted by ݀  ͵ǡ we presume that the all connected
trusted neighbors are useful and hence set ߠ௧ ൌ Ͳ for
simplicity. In addition, we presume that user  ݑwill always
believe in her own ratings as they are accurately reflecting
her real preferences.

మ





The fourth component is the ratio of commonly trusted
neighbors between two users  ݑand ݒǤ The intuition is that
two users are socially close if they share a number of
trusted neighbors. The social similarity is defined as the
ratio of shared trusted neighbors over all the trusted
neighbors, and computed by the Jaccard Index:

3) Incorporating the Ratings of Trusted Neighbors
After determining the trust neighborhood, a set of items
can be identified as the candidate items for the combining
process:
ܫሚ௨ ൌ ൛݆หݎ௩ǡ ܴ אǡ ܰܶ א ݒ௨ ǡ ݆ ܫ אൟǤ

మ

ටσאೠǡೡ ൫ೠǡ ିҧೠ ൯ ටσאೠǡೡ ൫ೡǡ ିҧೡ ൯

where ݉݅ݏ௨ǡ௩  אሾͲǡͳሿ is the similarity between two users ݑ
and ݒǡ and ܫ௨ǡ௩ ൌ ܫ௨ ܫ ת௩ denotes the set of items rated by
both users  ݑand ݒǤ Considering the cases with positive
trust, significance and social similarity but negative
similarity may not make sense or be expected. Hence, we
only consider the positively correlated users in this regard,
i.e., ݉݅ݏ௨ǡ௩  ͲǤ Another reason is to be consistent with
the value range of significance, trust and social similarity
in (3), (4) and (10).

Hence, a set of users can be identified as trusted
neighborhood for user  ݑif the trust value of a user  ݒis
greater than a trust threshold:
ܶܰ௨ ൌ ൛ݒหݐ௨ǡ௩  ߠ௧ ǡ ܷ א ݒൟǡ

σאೠǡೡ ൫ೠǡ ିҧೠ ൯൫ೡǡ ିҧೡ ൯

݆௨ǡ௩ ൌ
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where ݆௨ǡ௩  אሾͲǡ ͳሿ indicates the social similarity of two
users  ݑand  ݒbased on their trusted neighbors. Hence, the





importance weight ݓ௨ǡ௩ can be computed using (8) since
the four components are derived by (3), (4), (9) and (10),
respectively. In this way, all the ratings of trusted
neighbors on a certain item can be incorporated into a
single value by (7).

IV. EVALUATION
In order to verify the effectiveness of the Combine
method, we conduct experiments on one real-world data
set.
A. Data Acquisition
One real-world data set is used in our experiments,
namely Flixster that contains both the data of explicit trust
statements and user-item ratings. The specifications of this
data set are summarized in Table I.

To put it simply, the active user will keep all her own
ratings, and the ratings of trusted neighbors will be used to
complement her own preferences so that a new more
complete and accurate rating profile can be formed and
used to represent the preferences of the active user.

We sample a subset by randomly choosing 2108 users
who issued 50044 item ratings and 415883 trust ratings.
The rating sparsity is computed by:

B. Incorporating with Collaborative Filtering
Given the new rating profile on the item set ܫሚ௨ after the
combining process in Section III.A, we then apply a
conventional CF technique to predict the rating of a target
item ݆ that has not been rated by user ݑǤ More specifically,
we first probe a set ܰܰ௨ of similar users (i.e., nearest
neighbors) for user  ݑbased on the similarity between user
 ݑand other users who either have rated item ݆ or if They
have not rated the target item ݆ we can predict the rating of
the target item ݆ for them by using the ratings of their
directly trusted neighbors and applying MoleTrust
algorithm, so as to incorporate more similar users to
generate prediction for this target item ݆Ǥ

ܵ ݕݐ݅ݏݎܽൌ ቀͳ െ

σאೠǡೡ ൫ǁ ೠǡ ିҧೠ ൯൫ೡǡ ିҧೡ ൯
మ

మ

TABLE I. 
Dataset

# Users

# Items

# Rates

# Trust

Sparsity

Flixster

2108

6356

50044

415883

99.63%

  

x

CF computes user similarity using the PCC
measure, selects the users whose similarity is
above the predefined similarity thresholds for (12),
and uses their ratings to generate item predictions
by (13). In this work, the threshold ߠௌ is set 0 for
all methods.

x

MTx(x = 1, 2, 3) is the implementation of the
MoleTrust algorithm [9] in which trust is
propagated in the trust network with the length x.
Only trusted neighbors are used to predict item
ratings.

x

RN denotes the approach proposed by [10] that
predicts item ratings by reconstructing the trust
networks. We adopt their best performance
settings where the correlation threshold is 0.5,
propagation length is 1, and the top 5 users with
highest correlations are selected for rating
predictions.

x

TCFx(x = 1, 2) denotes the approach proposed by
[7] that enhances CF by predicting the ratings of
the similar users who did not rate the items
according to the ratings of the similar users’
trusted neighbors, so as to incorporate more users
for recommendation. The best performance that
they report is achieved when the prediction
iteration x over trust network is 2. We adopt the
same settings in our experiments.

x

Combinex(x = 1, 2, 3) is our method with the trust
propagation length x, aiming to investigate the

where ܫ௨ǡ௩ ൌ ܫሚ௨ ܫ ת௩ denotes the set of items rated by both
users  ݑand  ݒafter combining process, ݎҧ௨ and ݎҧ௩ are the
average ratings for users  ݑand  ݒrespectively.
After computing user similarity, a group of similar
users are then selected into the nearest neighborhood ܰܰ௨
of the active user ݑǤ Herein we use the thresholding
method, i.e., adopting the users whose similarity with the
active user  ݑis greater than a predefined threshold:
 

where ߠ௦ is a predefined similarity threshold.
Finally, all the ratings of nearest neighbors are
aggregated to produce a prediction on a target item ݆ that
the active user  ݑhas not rated. We use the simple weighted
average method, i.e., to compute the average value of all
ratings provided by the nearest neighbors  ݒweighted by
ᇱ
their similarity ݉݅ݏ௨ǡ௩
with the active user ݑǤ Formally, the
prediction is computed by:
ݎƸ௨ǡ ൌ

ᇲ 
σೡאಿಿೠ ௦ೠǡೡ
ೡǡೕ
ᇲ ȁ
σೡאಿಿೠ ȁ௦ೠǡೡ



THE SPECIFICATIONS OF FLIXSTER DATA SET

B. Experimental Settings
In the experiments, we compare the performance of our
method Combine with a number of trust-based state-ofthe-art methods as well as a conventional user-based CF
method.

ටσאೠǡೡ ൫ǁ ೠǡ ିҧೠ ൯ ටσאೠǡೡ ൫ೡǡ ିҧೡ ൯

ᇱ
ܰܰ௨ ൌ ൛ݒห݉݅ݏ௨ǡ௩
 ߠ௦ ǡ ܷ א ݒൟǡ

ቁ ൈ ͳͲͲΨ  

It is noted that the selected data set is highly sparse.

In general, Pearson correlation coefficient (PCC) is
often adopted to measure the similarity between two users
ᇱ
 ݑand  ݒas ݉݅ݏ௨ǡ௩
according to their ratings on the items
that they commonly rated (see (9)):
ᇱ
ൌ
݉݅ݏ௨ǡ௩

͓ோ௧௦
͓௦௦ൈ͓ூ௧௦

 

where ݎƸ௨ǡ represents the predicted value on item ݆Ǥ We
adopt the weighted average because the two most related
works [9, 10] also take the same equation.



impact of trust propagation on the Combine
method.

1) Importance Weights with Parameters ߙ,ߚand ߛ
An important step for the Combine method is to
compute the importance weights of trusted neighbors
which is a linear combination of rating similarity, trust
value, significance value and social similarity with
parameters ߙ , ߚ and ߛ (see (8)). The experiments show
that the settings of (ߙ, ߚ, ߛ) are (0.4, 0.3, 0.2) on Flixster.

In addition, we split each data set into two different
views as defined in [9]: the view of All Users represents
that all users and their ratings will be tested whereas the
view of Cold Users denotes that only the cold users who
have rated less than five items, and their ratings will be
tested in the experiments.

2) Trust Propagation in Different Lengths
We investigate the influence of trust propagation on the
performance of the Combine method. Compared with
Combine1, Combine2 and Combine3 have a better
accuracy and coverage. Our work does not improve the
accuracy for ݀  ͵, hence we can conclude the optimum
value for d is 3.

C. Evaluation Metrics
In each data view, users’ ratings are hidden one by one
in each iteration and then their values will be predicted by
applying a certain method until all the testing ratings are
covered. The errors between the predicated ratings and the
ground truth are accumulated. The evaluation metrics are
described as follows.
x

3) Comparsion with Other Methods
For other methods, we obtain different results on
Flixster as shown in Table II. More specifically, CF
cannot achieve large portion of predictable items. It
confirms that CF suffers from cold start severely. Unlike
our imagination the RN method accomplishes bad
accuracy, and also covers the smallest portion of items,
since only the ratings of the users who have a large number
of trusted neighbors and high rating correlations are
possible to be predicted. Comparing with CF, all other
methods except of MT1 and MT2 achieve better
performance for cold users. When only direct trusted
neighbors are used (MT1, Combine1), our method
achieves better accuracy and coverage. When trust is
propagated in longer length, both accuracy and coverage
are increased. Nevertheless, our method outperforms MTx
in all propagation lengths. TCF methods generally obtain
better coverage in the view of All Users. However, for cold
users, TCF functions badly due to the limitation that it
relies on CF to find similar users before it can apply trust
information on them. We further compute the percentage
of improvements that each method obtains comparing with
the CF in terms of F1. Formally, it is computed by4:

Mean Absolute Error, or MAE, measures the
degree to which a prediction is close to the ground
truth:
 ܧܣܯൌ

σೠ σหƸ ೠǡ ିೠǡ ห
ே

ǡ

 

where ܰ is the number of testing ratings. Inspired by [17]
who define a measure precision based on root mean square
error (RMSE), we define the inverse MAE, or iMAE as the
predictive accuracy normalized by the range of rating
scales:
݅ ܧܣܯൌ ͳ െ

ொ
ೌೣ ି

ǡ

 

where ௫ and ݎ are the maximum and minimum
rating scale defined by a recommender systems,
respectively.
x

Ratings Coverage, or RC, measures the degree to
which the testing ratings can be predicted and
covered relative to the whole testing ratings:
ெ

ܴ ܥൌ 

 ݐ݊݁݉ݒݎ݉ܫൌ

 

ே

F-measure, or F1, measures the overall
performance in considering both rating accuracy
and coverage. According to [17], the F-measure is
computed by:
 ͳܨൌ

ଶǤொǤோ
ொାோ

Ǥ

ிǤிଵ

ൈ ͳͲͲΨ  

where Method refers to any one of the methods tested in
our experiments except the CF approach, whose F1
performance is regarded as a reference. The results are
shown in Table III both in the view of All Users and in
the view of Cold Users. A conclusion that can be drawn
from the results in Table III is that our method
consistently outperforms the others, and significantly
improves the performance of traditional collaborative
filtering.

where  ܯand ܰ are the number of predictable and all the
testing ratings, respectively.
x

ெ௧ௗǤிଵିிǤிଵ

 

V.

Hence the F-measure reflects the balance between
accuracy and coverage.

CONCLUSION AND FUTURE WORK

This paper proposed a novel method to incorporate
trusted neighbors into traditional collaborative filtering
techniques, aiming to resolve the data sparsity and cold
start problems from which traditional recommender
systems suffer. Specifically, the ratings of trusted
neighbors were incorporated to complement and represent
the preferences of the active users, based on which similar

D. Results and Analysis
In this section, we conduct a series of experiments on
one real-world data set to demonstrate the effectiveness of
our approach relative to others. Both data set views,
namely All Users and Cold Users are tested. The results
are presented in Tables II corresponding to the predictive
performance on the Flixster.

4

The formula can be referred to as the relative change defined in
http://en.wikipedia.org/wiki/Relative_change_and_difference.



TABLE II. 

THE PREDICTIVE PERFORMANCE ON THE FLIXSTER DATA SET
Approaches Measured by MAE, RC and F1

Views
CF

MT1

MT2

MT3

RN

TCF1

TCF2

Combine1

Combine2

Combine3

All

0.786

1.079

1.008

0.940

0.820

0.795

0.781

0.744

0.735

0.711

Users

35.53%

2.77%

20.54%

48.71%

0.30%

51.29%

62.59%

56.35%

64.84%

69.60%

0.4967

0.0535

0.3284

0.6029

0.0061

0.6321

0.7122

0.6728

0.7266

0.7621

Cold

0.813

1.162

0.998

0.964

0.890

0.822

0.829

0.815

0.813

0.808

Users

19.25%

2.29%

18.70%

46.59%

0.13%

29.08%

39.99%

33.67%

40.97%

47.63%

0.3117

0.0445

0.3016

0.5850

0.0027

0.4290

0.5367

0.4772

0.5462

0.6027

TABLE III. 

THE IMPROVEMENTS OF ALL METHODS COMPARING WITH CF IN F1

Dataset

Views

MTx (%)

RN (%)

TCFx (%)

Combinex (%)

Flixster

All Users

21.38

-98.77

43.39

53.43

Cold Users

87.68

-99.13

72.18

93.36

users can be identified and recommendations are
generated. The prediction of a given item is generated by
averaging the ratings of similar users weighted by their
importance. Experiments on one real-world data set were
conducted and the results showed that significant
improvements against other methods were obtained both in
accuracy and coverage as well as the overall performance.
Further, by propagating trust in the trust networks, even
better predictive performance can be achieved. In
conclusion, we proposed a new way to better apply trust,
similarity and significance to improve the performance of
collaborative filtering.

[7]

[8]
[9]

[10]

The present work depends on the explicit trust during
the combining process. For future work, we intend to infer
implicit trust from user behaviors, and enhance the
generality of the Combine method.

[11]

[12]
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