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Abstract

Trust-based recommender systems use trust relationships between users to improve the quality of recommendations. One of the most
important features of trust is context-dependency. Despite the importance of context-dependency, this feature has been largely neglected in
the current literature. In this paper, we propose a new approach that considers the semantic context of items to infer trust relationships
between users. In this approach, the level of trust between two users varies depending on different contexts. Therefore, the trustworthy
neighbors of an active user will be different for different target items, and these neighbors are determined according to the target context. The
focus on context-specific ratings instead of all ratings results in fewer online computations, thus increasing the efficiency of the system as
well as the accuracy of recommendations. Experimental results on a real-world data set show the higher accuracy and efficiency of the

proposed approach compared to its counterparts.
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1. Introduction

With the ongoing rapid growth of the Internet, people are
faced with more information than they can process and
understand. One solution to this information overload
problem is the use of Recommender Systems (RSs). These
systems aim to provide end users with suggestions about
information items, products or services that are likely to be
of their interest. In recent years, RSs have become
increasingly popular and have been applied to diverse
domains [1-4].

Collaborative Filtering (CF) 1is the most popular
recommendation technique [5]. The underlying assumption
of CF is that similar users share similar interests. In order to
provide relevant recommendations for an active user, CF first
identifies a set of users (neighbors) that are similar to the
active user. It then uses the opinions of these neighbors to
predict the unknown preferences of the active user. Despite
the popularity of CF, it suffers from two main problems: data
sparsity [6-8] and cold-start [9—12]. Data sparsity arises

when the number of observed ratings in the rating matrix is
insufficient to find similar users. The cold-start problem
refers to new users who have rated only a few or even no
items. A new user cannot receive any personalized
recommendations due to the lack of enough initial ratings. To
overcome these problems, trust-based RSs have been
proposed, which compensate for the lack of rating data with
trust information. The intuition behind trust-based systems is
that in real life users tend to prefer recommendations from
people they trust [13]. Previous researches have shown that
the incorporation of trust information into the traditional CF
method can resolve the above-mentioned problems and
improve the quality of recommendations [3,5-7,9,14-17].
Trust-based recommendation approaches can be divided
into explicit and implicit approaches [5]. In explicit
approaches, trust is directly specified by users themselves. In
implicit approaches, trust is inferred from user behavior (e.g.,
ratings). Although explicit approaches tend to be more
accurate than implicit ones, they require additional user
effort. Due to this fact, explicit trust statements may not
always be available [18]. Therefore, implicit approaches are
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more practical than explicit approaches [5]. In this work, we
focus on implicit trust.

According to the trust theory, one of the most important
features of trust is context-dependency [19]. This means that
users who are trustworthy in a specific context are not
necessarily trustworthy in another context. For example, a
user who provides good recommendations in the movie
domain may not be trustworthy in the context of music. The
context can refer to the type of rated items or the condition in
which ratings are issued, such as location and time. Despite
the importance of context-dependency, this feature has been
largely neglected in the current literature [19].

In this paper, we propose a new Context-Aware Trust-
based Recommendation Approach (CATRA), which
considers the semantic context of items to infer trust
relationships between users. The rationale behind this idea is
that the trust value between two users depends on the
semantic content of the existing items. For example, a user
who provides valuable recommendations of comedy movies
may not have sufficient expertise in recommending horror
movies. Thus, depending on the content of an item,
recommendations from a neighbor may or may not be
trustworthy. In our proposed approach, the level of trust
between two users varies depending on different semantic
contexts. Therefore, the trustworthy neighbors of an active
user will be different for different target items, and these
neighbors are determined according to the target context.

CATRA works in two phases: offline and online. In the
offline phase, items are clustered based on their semantic
similarities. In the online phase, CATRA predicts the
unknown rating of an active user for a target item. For this
purpose, a context-dependent trust network is generated
according to the semantic context of the target item. Then,
this network is used to identify the most trustworthy
neighbors of the active user in the target context. In the next
step, the unknown rating of the target item is predicted by
aggregating the ratings of the selected neighbors. Finally, the
top-N items with the highest predicted values are
recommended to the active user. We conduct several
experiments on the MovieLens data set to evaluate the
performance of CATRA. The results confirm that the
proposed approach achieves higher accuracy and efficiency
than its counterparts.

The rest of this paper is organized as follows. Section 2
provides a brief overview of related work. In Section 3, we
describe the proposed approach in detail. The experimental
results are presented and discussed in Section 4. Finally,
Section 5 presents the conclusions and outlines future
research directions.

2. Related work

CF is the most widely used approach in the current RSs [20].
CF-based approaches can be classified into memory-based
[21,22] and model-based [23-27] approaches. Memory-
based approaches use the entire rating matrix to find similar
users and generate a prediction. These approaches are simple,
robust and easily implementable [14]. However, they have a
major drawback of high computational complexity.
Therefore, these approaches suffer from serious scalability
problems when there are millions of users and items [28].

To avoid the scalability problem of memory-based CF,
model-based approaches learn a model from rating data.
Once the learning phase is completed, unseen ratings can be
quickly predicted using the learned model. Among the
widely used models are clustering models [23,29,30],
probabilistic models [31], matrix factorization [24] and latent
factor models [25,32]. Although model-based approaches are
highly scalable, they require an expensive model-building
process. In these approaches, new data cannot be
immediately incorporated into the model, since this incurs
significant update overhead.

CF-based approaches suffer from the data sparsity and
cold-start problems. These problems have a serious effect on
the accuracy of recommendations. To alleviate these issues,
various hybrid approaches have been proposed that improve
the performance of CF using additional sources of
information [3,15,33,34]. Recent studies have shown that
social information, (e.g., trust relationship between users) is a
rich source of side information [35]. In this regard, trust-
based RSs have emerged to provide users with personalized
recommendations based on their trust relationships [3,5—
7,9,14-17]. Trust information can be explicitly collected
from users or implicitly inferred from their ratings on items.
Until now, many successful explicit trust-based approaches
have been reported in the literature [14,26,35,36]. However,
since explicit trust statements are not always available,
implicit approaches are more practical [5].

Implicit trust-based recommendation approaches construct
an implicit trust network by analyzing rating patterns of
users. For example, in [37,38], the trustworthiness of user y
is measured as the percentage of correct predictions that y
has made in general or with respect to a particular item. In
[6,18], trust is calculated using the Pearson correlation
coefficient. In [39], trust is defined as the mean absolute
difference between the ratings of two users on co-rated items.
In [40], the degree of trust between a trustor and a trustee is
calculated by averaging the prediction error on co-rated
items.

In some other works [5,15,41], trust is defined as a
combination of two metrics: (1) Mean Squared Differences
(MSD), which is related to the prediction accuracy, and (2)
Jaccard metric, which calculates the ratio of the number of
items co-rated by two users to the total number of items rated
by both users. In [35], the authors adopt and revise a Beta
trust model to calculate the trust value between two users.
This trust model evaluates whether a trustee shares consistent
preferences with a trustor across different items. Depending
on whether trustee y ’s preference on an item is close to or
far away from trustor x’s preference, it is considered that y
has displayed either a “good behavior” (i.e., consistent
preference) or a “bad behavior” (i.e., inconsistent
preference). This trust model also incorporates a time factor
to capture users’ preference changes.

None of the aforementioned studies take the semantic
context of items into account when constructing the trust
network. In this paper, we propose a new approach that
incorporates semantic information of items into a trust
model. The aim of this approach is to improve the
effectiveness and efficiency of the neighborhood selection
process.
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Fig. 1: The framework of the proposed approach

3. Proposed approach

In this section, we propose a new context-aware trust-based
recommendation approach, called CATRA. Fig. 1 shows the
framework of the proposed approach. As shown in Fig. 1,
CATRA consists of an offline and an online phase. The aim
of the offline phase is to cluster items based on their
semantic similarities. The online phase consists of four steps.
First, CATRA derives trust values between users in the target
context (i.e., context-dependent trust computation step). In
the second step, the most trustworthy neighbors of an active
user are determined according to the target context (i.e.,
context-dependent neighborhood formation step). In the next
step, the unknown ratings of the active user are predicted
based on the opinions of his neighbors in the target context
(i.e., rating prediction step). Finally, a recommendation list is
generated for the active user (i.e., recommendation list
generation step). The pseudo-code of CATRA is shown in
Algorithm 1.

3.1. Offline phase: Item clustering

As mentioned before, in CATRA, items are -clustered
according to their semantic descriptions. For this purpose,
item characteristics should be represented by an ontology.
The domain ontology used in this study is Movie Ontology’
(MO), which has been developed according to the Ontology
Web Language (OWL) standard by the University of Zurich.
We chose the movie domain because it is a well-known
application domain of RSs. Also, there are a large number of
concepts and relationships in this domain (such as movies,
genres, actors, directors, writers, etc.). However, the

! http://www.movieontology.org/

proposed approach can potentially be used for other domains
with different ontologies.

MO provides a controlled vocabulary to semantically
describe concepts and their associated individuals. The main
class of this ontology is “Movie”. All the movies are
instances of this class. To instantiate MO, we use the Internet
Movie Database” and gather required data by a web crawler.
The semantic similarity between two items 4 and B based on
their semantic descriptions is defined as [42]:

SemSim(A,B) = z common( 4, B, P[i])
max(deg(4, P[i]),deg(B, P[i]))

X Welght(P[z])

(1

where P is a vector that contains a set of properties of the
Movie class; deg(4, p) represents the number of instances

associated with 4 by property p; common(4, B, p) denotes

the number of common instances associated with 4 and B by
property p; and Weight(p) indicates the importance of

property p. The weight of a property is subjectively
determined according to the given domain. For example, in
the movie domain, the genre of a movie is more important
than its filming locations.

We now give an example to illustrate Eq. (1). Suppose
that the property set is as follows:

= [belongsToGenre, hasFilmLocation]
where belongsToGenre represents the genre(s) of a movie

and hasFilmLocation denotes its filming locations.
Associated instances with 4 and B are:

2 hitp://www.imdb.com/
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A belongsToGenre = [Drama, Horror]

A.hasFilmLocation = [USA]

Algorithm 1: The pseudo-code of CATRA

Input: U = {u € N|1 < u < n}, asetof nusers; I = {i € N|1 < i < m]}, a set of m items; R € R"™,
the user-item rating matrix; 6, the threshold to select trusted neighbors; k., the number of clusters;
MTPD, the maximum trust propagation distance; u, the active user; i, the target item.

Output: p,, ;. the predicted rating of the active user u for the target item i.

Begin algorithm
Off-line phase: Item clustering

1: Generate k item clusters, C = {cy, ¢3, ..., €}, using the k-mediods algorithm

On-line phase: Recommendation generation

Step 1: Context-dependent trust computation

2: ¢ = argmaxgec SemSim(i,c) // The target context
3: Construct a context-specific rating submatrix R C R
4: for each user v € U do
5: Compute IT;,, using Eq. (2) or Eq. (4) // The degree of trust from user u to user v in context ¢
6: end for
Step 2: Context-dependent neighborhood formation
7: TN = The set of trustworthy neighbors of active user u in context ¢
8: for each user v € U do
9: if IT, = 6 then
10: TNS = {v}UTN;
11: end if
12: end for
Step 3: Rating prediction
13: Predict p,; using Eq. (6)

end algorithm

B.belongsToGenre = [Romance, Drama, Sci-fi]
B.hasFilmLocation = [Italy]

Therefore:

deg(A, belongsToGenre) = 2
deg(A, hasFilmLocation) = 1
deg(B, belongsToGenre) = 3
deg(B, hasFilmLocation) = 1
common(A, B, belongsToGenre) = 1
common(A, B, hasFilmLocation) = 0

Suppose that the weights of belongsToGenre and
hasFilmLocation are 0.8 and 0.2, respectively. Then:

SemSim(4,B8) = (1/3) x 0.8 + (0/1) x 0.2 = 0.266

After calculating the semantic similarity between each pair
of movies, the clustering process is performed. For this
purpose, we adopt the k-medoids algorithm [43] due to its
simplicity and high accuracy. K-medoids is a partition based
clustering algorithm similar to k-means [44], but it selects
objects as centers (medoids) instead of taking the mean value
of the object. K-medoids is more robust to the noise and
outliers than k-means, because it minimizes the sum of
pairwise distances in a cluster. Also, it is not generally
influenced by the order of presentation of the objects.

The k-medoids algorithm works as follows: First, £ items
are randomly selected as the initial medoids. Then, the
algorithm proceeds by alternating between two steps. In the
first step, each item is assigned to the cluster with the nearest
medoid. In this study, the semantic similarity is used as the

distance metric to measure the closeness of two items. The
distance between two items 4 and B is calculated as
1—Semsim(A,B) . In the second step, for each cluster, k-

medoids swaps each non-medoid item with the medoid of
that cluster. If the sum of within-cluster distances decreases,
that item is chosen as a new medoid. These steps are repeated
until the medoids become fixed. Therefore, a set of k item
clusters, C = {cy, ¢, ..., ck}, is generated.

3.2. Online phase: Recommendation generation

The online phase aims to generate a list of recommendations
for an active user. For this purpose, CATRA predicts ratings
of unseen items for the active user. According to the
predicted ratings, the items are ranked, and those with the
highest ranking are recommended to the user. To predict the
rating of user u on target item i, the following steps are
taken:

3.2.1. Context-dependent trust computation

In our proposed approach, trust relationships depend on the
context. In particular, CATRA considers the semantic
context of items to infer trust relationships between users.
Therefore, the level of trust between two users varies
depending on different contexts. For example, suppose that
the trust value from user u to user v is 0.9 in context c¢;, while
this value is 0.1 in context c¢,. This indicates that v is a
trustworthy neighbor of u in context ¢; but is not trustworthy
in context c;. Context-specific trust values are calculated as
follows:
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Let U be a set of n users and / be a set of m items. The
rating data are stored in an nxm user-item rating matrix,
denoted by R. To predict the rating of active user « on target
item i, CATRA first determines the semantic context of the
target item (line 2 of Algorithm 1). For this purpose, the
semantic similarity between the target item and each cluster
center is calculated. The most similar cluster is considered as
the target context and is denoted by c.

According to the target context ¢, a context-specific rating
submatrix, denoted by R°, is constructed (line 3). This nx|c|
submatrix contains user ratings for items in cluster c. Using
R°, the implicit trust values between the active user u and
other users are calculated in the target context ¢ (lines 4-5).
In this study, we adopt the implicit trust metric proposed in
[26] and modify it to incorporate contextual information. Let

IS be the set of items in context ¢ rated by user u. According

to RS, if two users u and v have rated at least one common
item in context ¢, the implicit trust value is directly computed
as follows:

2

D e D)
ITuc,v: - le],frﬂ? ”jl “i N
IS NI

SIS

2)

IS+ 15| -

IEnIS

where [Tucv is the implicit trust of user u to user v in context
¢; I NI is the set of items in context c that both users have

. . . .. %
rated; 7, ; represents the rating of user u on item 7; and p,, ;

is the predicted rating of item i for user u based on the
opinion of v:

Pui =Ty + (1 =1) 3)

where 7, is the mean rating of user u in the matrix R.

7

If there is no co-rated item between u and v in context c,
trust propagation is used to establish an indirect trust
relationship between them [26]:

c c
zseDN(u)I];l’S % (I];’V % 'B)

c
ZseDN(u) IT”’S

where DN(u) denotes the set of direct neighbors of user u;

IT;, =1- “4)

and g is a parameter to ensure that trust decreases along the
propagation direction:

B =(MTPD—d +1)/ MTPD (5)

where MTPD is a tunable parameter that controls the
maximum trust propagation distance; and d is the distance
between the trustor and the trustee. With increasing d, the
parameter S decreases, resulting in a lower trust value.

3.2.2. Context-dependent neighborhood

formation

In this step, CATRA selects the most trustworthy neighbors
of the active user u. The decision on whether to select a user
as a neighbor of u depends on the target context. Thus, the
trustworthy neighbors of the active user are different for

different contexts. Let 7N, be the set of trustworthy

neighbors of user u in context ¢ (line 7 of Algorithm 1). As
shown in Algorithm 1, user v is a trustworthy neighbor of u

in context ¢ if [Tucv is greater than or equal to a specified
threshold 8 (lines 8—12).

3.2.3. Rating prediction

In the last step, the unknown rating of the active user for the
target item is predicted (line 13). Let p, ; be the predicted

rating of active user u on target item i. The prediction p,, ; is

calculated as the weighted average of the ratings given by
neighbors to item i:

_ zveTNc (rv,i _F\))X[Tuc,v
Pui=ny+ S (6)

IT;
ZveTNf U,y

3.3. Computational complexity analysis

In this section, we analyze the computational complexity of
the offline and online phases of CATRA. In the offline
phase, O(k(m-k)) is required for clustering m items using the
k-medoids algorithm. In general, offline computations have
no effect on the online performance of an RS. In other words,
the efficiency of an RS depends on the amount of online
computations. In the online phase, CATRA requires
O((nxm)"™P) time to construct the implicit trust network.
Then, O(n) is required for the neighborhood formation
process. Finally, it takes O(m) time to predict the unknown
ratings of the active user. Therefore, the online time
complexity of CATRA is of O((nXm)MTPD) + O(n) + O(m)
~O((nxm)"™P),

The network construction process is the most time-
consuming step in a trust-based RS. Due to this fact, in some
systems, this process is performed offline to improve the
efficiency of the system. However, the offline computation
of trust has a negative effect on the accuracy of
recommendations, because new ratings cannot be
immediately incorporated into the recommendation process.
To avoid this problem, CATRA performs the network
construction process online. In our proposed approach, the
use of context-specific ratings instead of all ratings speeds up
the computations. In other words, due to a significant
decrease in m, CATRA is more efficient than those that take
all items into account when constructing the trust network.

4. Experiments
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In this section, we conduct a number of experiments to
evaluate the performance of the proposed approach and
compare it with other competing approaches. We compare
CATRA with the following approaches:

e TACF [40]: The basic trust-aware CF approach, which
calculates implicit trust values based on the prediction
error of co-rated items.

o TARS [45]: A trust-based ant recommender system that
uses the concept of dynamic trust to provide
recommendations. It continuously updates the implicit
trust network and selects the best neighborhood using
ant colony optimization.

e TSF [26]: A trust-semantic fusion-based approach that
combines a user-based trust-enhanced CF method with
an item-based semantic-enhanced CF method. TSF
obtains trust values from an implicit trust network.

e HUIT [5]: A hybrid wuser-item trust-based
recommendation approach that combines the users’ and
items’ implicit trust information to extend the
neighborhood of a user or an item.

e MVCCF [46]: A model-based CF approach that uses a
multi-view clustering method to cluster users and items
from multiple modalities. In this approach, users
(items) belonging to the same cluster are considered as
neighbors and involved in the prediction process.

e UPUC-CF [47]: A CF approach based on user
preference clustering that aims to reduce the impact of
data sparsity. In this approach, users are clustered into
different user groups (i.e., optimistic, pessimistic and
neutral) to distinguish users with different preferences.

e TBRSK [48]: It is a trust-based RS using k-means
clustering. TBRSK uses the k-means algorithm to
cluster users based on their implicit trust relationships.
This approach uses the ant colony to find trustworthy
neighbors of a user.

e TMFSF [38]: A CF approach that is based on an
implicit trust model with fused similarity factor.
TMFSF uses a new factor to revise the similarity. The
adjusted similarity is combined with the trust model to
derive harmonic weights.

e TTLCF [35]: A dynamic implicit trust-based approach
that uses a novel two-layer neighbor selection scheme.
This scheme selects the most capable and trustworthy
neighbors of a user. It also considers time factors to
address users’ preference changes. For the sake of
fairness, we do not consider time factors in our
experiments.

4.1. Experimental design

We conduct experiments on the MovieLens 1M data set
(http://grouplens.org/datasets/movielens/1m/). This data set
consists of 1,000,209 ratings from 6040 users on 3952
movies. Ratings are discrete values from 1 to 5. We use 5-
fold-cross-validation to evaluate the performance of an RS
over multiple runs. We randomly split the data set into a
training set (80% of users) and a test set (20% of users). For
each test user, n (i.e., 5, 10, 15 and 25) ratings are randomly
selected and put into the training set. The remaining ratings
are used to test the system.

The performance is measured in terms of predictive

accuracy. For this purpose, we use two popular metrics:
Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE). Both metrics measure the closeness of predicted
ratings to the true ratings, with the difference that RMSE
gives more weight to large errors:

1

MAE=27s Z(u,z’)eTsm”' ~ Pui

(7

1 2
RMSE = TS z(u,i)e]—s(ru,i — Pui ) ®)

where TS denotes the test set and #TS is the cardinality of
TS.

All approaches are implemented in Matlab R2016b. The
parameters of each approach are tuned to obtain the best
results. To interact with the ontology, we use OWL API [49],
a high-level Application Programming Interface (API) for
working with OWL ontologies. OWL API has been
implemented in Java. It is available as open source under an
LGPL license.

The experiments are performed on a 2.53 GHz Intel Core
i5 processor, with 4.00 GB RAM, and Windows 7 operating
system.

4.2. Parameter setup

To achieve the best performance, it is important to fine-tune
the input parameters of CATRA. These parameters include
the number of clusters (k), maximum trust propagation
distance (MTPD) and the neighbor selection threshold (6).
The optimal values of these parameters are selected based on
a sensitivity analysis. We examine the parameters
individually. For a given parameter x, we change its value,
while keeping the other parameters constant. The appropriate
value of x is determined. This optimal value is assigned to x
and the procedure is repeated for the next parameter. Table 1
shows the parameter setting of the proposed approach.

4.3. Experimental results and discussions

In the first experiment, we compare the predictive
performance of CATRA with the other approaches. The
MAE and RMSE results for different values of n (i.e., the
number of observed ratings for a test user) are shown in Figs.
2 and 3, respectively. As expected, with increasing n, the
prediction accuracy tends to improve. According to the
results, the trust-based approaches often perform better than
MVCCF and UPUC-CF. The reason is that MVCCF and
UPUC-CF consider only the rating information in the
recommendation process. The use of trust as an additional
source of information alleviates the sparsity and cold-start
issues, resulting in higher accuracy for trust-based
approaches. As it can be seen in Figs. 2 and 3, CATRA
outperforms all the other approaches in terms of both MAE
and RMSE.
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Table 1: CATRA parameter settings

Parameter k 0 MTPD
Value 15 0.75 3

1.05

B TACF
H TARS

m TSF

B HUIT

u MVCCF

m UPUCCF
TBRSK
TMFSF
TTLCF
CATRA

5 10 15 25
Number of ratings (n)

Fig. 2: Comparison of different approaches in
terms of MAE

1.55

u TACF
1.5

B TARS
m TSF
m HUIT

1.45

u MVCCF
m UPUGCF
TBRSK
TMFSF
TTLCF
CATRA

5 10 15 25
Number of ratings (n)

Fig. 3: Comparison of different approaches in
terms of RMSE

In our proposed approach, the incorporation of contextual
information into the trust computation improves the accuracy
of trust values, which in turn increases the quality of the user
neighborhood. None of the examined approaches (i.e.,
TACF, TARS, TSF, HUIT, TBRSK, TMFSF and TTLCF)
consider the semantic context of items for computing implicit
trust values. Thus, the neighborhood set of a user is the same
across different items, regardless of their semantic content.
This has a negative effect on the accuracy of
recommendations. This experiment proves that the
incorporation of semantic information into the trust model is
effective in improving the predictive performance of trust-
based RSs.

In the second experiment, we compare the efficiency of
CATRA with the other approaches. For this purpose, we
measure the amount of time required for the online phase of
each approach. For the trust-based approaches, the maximum
trust propagation distance (MTPD) is set to 2. Fig. 4 shows
the execution time (in milliseconds) of each approach.

As shown in Fig. 4, MVCCF, UPUC-CF and TBRSK are
more efficient than the other approaches. The reason is that,
in these model-based approaches, users (or items) are
clustered based on their ratings. Thus, the time-consuming
process of calculating similarity (or trust) values is
performed offline. This will reduce the time required for the

online phase. However, as shown in the previous experiment,
these approaches do not perform well in terms of prediction
accuracy. Moreover, they reduce the ability of the system to
adapt to changes in users’ preferences. In real-world
applications, new ratings arrive continuously at a high rate.
However, these new data cannot be immediately
incorporated into the clustering model, since this incurs
significant update overhead. Therefore, due to the dynamic
nature of the rating matrix, the use of rating information for
clustering purposes reduces the adaptability of the system.

The results show that CATRA has a shorter execution
time than TACF, TARS, TSF, HUIT, TMFSF and TTLCF.
To better understand the efficiency of the proposed approach,
we also measure the execution time for different values of
MTPD. Fig. 5 shows the results for different approaches. As
it can be seen from Fig. 5, CATRA has the best performance
at different propagation distances. The superiority of
CATRA becomes more evident as MTPD increases. As
mentioned in Section 3.3, the most time-consuming part of a
trust-based RS is the network construction process. The more
ratings users provide, the slower the network construction
process. In TACF, TARS, TSF, HUIT, TMFSF and TTLCF,
the trust computation is performed based on all available
ratings. Thus, they require a long execution time, which
increases with increasing MTPD. In contrast, CATRA
focuses on context-specific ratings instead of all ratings,
which results in fewer online computations and thus higher
efficiency.

According to the results of these experiments, the
incorporation of contextual information into the trust
computation improves not only the prediction accuracy but
also the efficiency of the system.

5. Conclusions and future work

In this paper, we proposed a new trust-based
recommendation approach, called CATRA, which considers
the semantic context of items to infer trust relationships
between users. It consists of an offline and an online phase.
The offline phase aims to cluster items based their semantic
content. The online phase is responsible for generating
recommendations. For this purpose, it first constructs a
context-dependent trust network. Then, the most trustworthy
neighbors of a user are identified in the target context.
Finally, a list of recommendations is generated for the user
based on the preferences of selected neighbors. The
experimental results on the MovieLens data set showed that
CATRA outperforms the benchmark methods in terms of
both prediction accuracy and efficiency. For future research,
we plan to further improve the accuracy of CATRA by
incorporating different types of contextual information such
as the user’s current mood, time or location.
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