2018 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining (ASONAM)

A Temporal Clustering Approach for Social
Recommender Systems
Sajad Ahmadian
Department of Computer Engineering
University of Zanjan
Zanjan, Iran
s.ahmadian@znu.ac.ir

Nima Joorabloo
School of Engineering
RMIT University
Melbourne, Australia
nima.joorabloo@student.rmit.edu.au

Mahdi Jalili
School of Engineering
RMIT University
Melbourne, Australia
mahdi.jalili@rmit.edu.au

Majid Meghdadi
Department of Computer Engineering
University of Zanjan
Zanjan, Iran
meghdadi@znu.ac.ir

Mohsen Afsharchi
Department of Computer Engineering
University of Zanjan
Zanjan, Iran
afsharchim@znu.ac.ir

Yongli Ren
School of Science
RMIT University
Melbourne, Australia
yongli.ren@rmit.edu.au

Abstract—Recommender systems aim to suggest relevant
items to users among a large number of available items. They have
been successfully applied in various industries, such as ecommerce, education and digital health. On the other hand,
clustering approaches can help the recommender systems to group
users into appropriate clusters, which are considered as
neighborhoods in prediction process. Although it is a fact that
preferences of users vary over time, traditional clustering
approaches fail to consider this important factor. To address this
problem, a social recommender system is proposed in this paper,
which is based on a temporal clustering approach. Specifically, the
temporal information of ratings provided by users on items and
also social information among the users are considered in the
proposed method. Experimental results on a benchmark dataset
show that the quality of recommendations based on the proposed
method is significantly higher than the state-of-the-art methods in
terms of both accuracy and coverage metrics.
Keywords—recommender system, clustering, temporal, social
information, graph

I. INTRODUCTION
In recent years, with significant growth of information on
the web, individual users can access diverse information
online every day. Therefore, the necessity of having an
intelligent system is vital to help the users to find their
relevant items. Recommender systems (RSs) lead users to
quickly find desirable items without being overwhelmed by
irrelevant information. RSs have been used in many areas,
including e-commerce, advertisement, news, and document
management, to improve the cross-selling, user loyalty and
fulfill customer requirements [1, 2].
RSs can be divided into three main categories including
collaborative filtering (CF), content-based and hybrid
methods [3]. CF methods collect preferences of similar users
to provide recommendations to a target user. These methods
often have several limitations such as data sparsity, cold
start, and scalability [4]. On the other hand, content-based
methods provide recommendations to a target user based on
the item description, the user’s history and their interests.
These methods suffer from lack of diversity in
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recommending items to the users [5]. Finally, hybrid
methods attempt to combine two or more recommender
methods to improve the performance and overcome the
drawbacks of any individual method [6].
Social recommender systems use additional information
such as friendship, trust, and distrust relations between the
users in the recommendation process [7, 8]. The main idea of
the systems is that a social relation between two users
indicates that they have similar interests. Therefore, the users
who have relations with the target user can be considered as
the neighbors set. Moreover, clustering approaches can be
used to group users into clusters based on social relations
between the users and then the clusters can be considered as
the neighbor sets of the users. It is an important issue that the
users’ preferences depend on time and might change in
different time periods [9]. Therefore, the time factor can play
important role in social recommender systems to provide
effective personalized recommendations and to increase the
accuracy of predictions. However, the temporal information
of the ratings is not considered in the traditional clustering
methods.
In this paper, a social recommender system is proposed
based on a temporal clustering approach. To this end, a
user’s network is constructed using the combination of the
similarity values and trust relations between the users. The
similarity values are calculated based on the temporal
information of the ratings provided by the users. Moreover, a
graph-based method is applied to find initial centers set of
the clusters. Therefore, the initial centers set and also the
number of initial clusters can be obtained automatically.
Then, the final clusters are obtained using an iterated
mechanism on the initial centers set. Finally, the identified
clusters are used as the neighbor sets of the users to make
recommendations. The proposed method is compared with
time-based and clustering-based methods and the
experiments results indicate that the proposed method can
obtain better performance than the others.
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II. RELATED WORKS
Social recommender systems are advanced techniques
which use social information to provide relevant
recommendations for the users. In these systems, two types
of the social relations can be used including explicit and
implicit relations. The explicit relations are explicitly
expressed by the users and can be represented as a social
relations matrix [10]. On the other hand, the implicit
relations can be implicitly obtained by using other
information such as interactions between the users [11].
Several methods have been proposed for social
recommender systems based on clustering approaches [1215]. In [12], a clustering framework is proposed based on the
combination of the trust networks and collaborative filtering
method. Moreover, a fuzzy clustering approach is proposed
to group the items into appropriate clusters. Guo et.al [13]
proposed a multi-view clustering method for recommender
systems which users are iteratively clustered from the views
of both rating patterns and also social trust information. In
[14], a recommender system is proposed which is based on a
graph clustering approach using the combination of the trust
information and users’ ratings. In [15], a social recommender
system is proposed based on an adaptive neighbor selection
mechanism. To this end, a clustering approach is applied to
group users into several clusters and then the identified
clusters are used as the users’ neighbors set in the
recommendation process.

To calculate the temporal similarity values, all of the ratings
provided by the users in the user-item matrix are transformed
into two groups including ‘liked’ and ‘disliked’. For this
purpose, we can use a threshold value for the ratings. For
example, in a system with 5 point views of ratings, the
transformation can be obtained by considering the ratings
higher than 3 as ‘liked’ and the remaining ratings as
‘disliked’. Then, the user-item matrix can be represented as
‘liked’ and ‘disliked’ time-weighted matrixes as follows:
)

×(

=

(1)
0
ℎ
where is the ‘liked’ time-weighted matrix, = 1, … , | |
and = 1, … , | | are respectively the indexes of the user
and item , is the timestamp of rating provided by user
for item ,
is the maximum value of timestamps in the
system, and is a parameter to control the effect of time
weights. On the other hand, the ‘disliked’ time-weighted
matrix can be represented as follows:
,

=

×(

)

(2)
0
ℎ
where
is the ‘disliked’ time-weighted matrix which is
constructed based on the ‘disliked’ ratings provided by the
users in the user-item matrix.
,

Time information for the ratings is useful criteria which
can be used to track changes in user preferences and
behavior over the time [16, 17]. Several studies have
attempted to use the temporal information to improve the
performance of the recommender systems [18-20]. In [18],
an adaptive collaborative filtering algorithm is proposed
which takes time into account when predicting users’
behavior. A user-based collaborative filtering algorithm is
proposed in [19] using temporal contextual information. To
this end, a weight function is considered which is based on
changes in the group user’s preferences over time to increase
prediction accuracy of collaborative filtering prediction
algorithm. In [20], a model-based method is proposed to
track the time changing behavior throughout the life span of
the data. To this end, two leading collaborative filtering
approaches are considered to exploit the relevant components
of all data instances, while discarding only what is modeled
as being irrelevant.
III. PROPOSED METHOD
In this section, a social recommender system is proposed
which is called Social Recommender based on Temporal
Clustering (in short SRTC). The proposed method consists of
three main steps including 1) network construction, 2)
temporal user clustering, and 3) recommendation. Fig. 1
shows the overview of the proposed method. In addition, the
details of the steps of the proposed method are discussed in
the following subsections.
A. Network Construction
In this step, a network is modeled for the users of the
system. To this end, two different views of information are
considered, including user-item rating matrix and trust
relations between the users. The user-item rating matrix is
used to define a temporal similarity function between the
users. Let and be the users and items sets, respectively.

Fig. 1. The overview of the proposed method.
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Moreover, the temporal similarity values between the
users can be calculated based on the ‘liked’ and ‘disliked’
time-weighted matrixes as follows:

( )=

| |

=

,

(3)

where , is the temporal similarity value between users
and , and is calculated as follows:
⎧
⎪

×
×
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On the other hand, the trust relations between the users
are used as the social information to construct the users’
network. To this end, the explicit trust relations are
considered which have been expressed by the users,
explicitly. A trust relation between two users indicates that
they have similar interests about the items. The trust values
can be calculated as follows [21]:
−

+1

,

,

=

,

+

×

,

Inputs: = ( , , ), > , > .
Output: Initial centers set ( ).
1: Set = and = ;
2: while ≠ ∅ do
3: Calculate the density of (i.e. ( )) using Eq. (8);
4: Set ( ) = ∅;
5: for all ∈ do
6:
Calculate the weighted degree of node (i.e.
( )) using Eq. (9);
7:
if
( ) ≥ ( + ) ∗ ( ) then
( ) = ( ) ∪ { };
8:
9:
end if
10: end for
11: Sort all ∈ ( ) descending based on their
( );
12: Set =
× ( );

(5)

,

,

⎨
⎪ ,
⎩0

,

>0

,

>0

,

≤0
>0

,

>0
≤0

,

,

13: Select
_ nodes from ( ) as ( );
14: Set = − ( );
15: if | | ≥ and ( ) < ( ) then
16:
= ;
17: end if
18: end while
19: return ;

(7)

ℎ

A network can be constructed based on the similarity
weights between the users. The network is represented as a
graph = ( , , ) which
is the set of users in the
system, is the edges between the users in the network, and
is the weights of the edges calculated by Eq. (7). The
constructed network will be used in the next step to apply a
clustering approach for the users.
B. Temporal User Clustering
In this step, a temporal clustering method is proposed to
cluster the users into appropriate groups. The method
consists of two phases. In the first phase, a graph-based
algorithm [23] is applied on the users’ network (i.e. graph )
to identify the initial centers set of the clustering method.

(9)

Algorithm 1. Finding initial centers set.

Finally, the similarity and trust values between the users
are combined to calculate the final similarity weights of the
users’ network as follows:
,

(8)

Then, the algorithm proceeds on the remaining nodes if
the resulted subgraph is non-empty. Moreover, it guarantees
that the final subgraph contains at least nodes which can be
considered as the initial centers set. The main idea behind
this algorithm is to find an initial centers set which its nodes
have maximum distances together. The pseudo code of the
algorithm for finding initial centers set is represented in
Algorithm 1.

where
and
are respectively the size and the average
degree of the trust networks in a social recommender system.

2×

| |

∈ ( )

where
, is the trust propagation distance between the
is the maximum allowable
users
and , and
propagation distance between the users which can be
calculated as follows [22]:
ln( )
=
(6)
ln( )

⎧
⎪

∈ ( )

where
( ) denotes the edges set of the subgraph and
∈
is the weight of edge . Then, the candidate nodes
( ) to remove from the graph are identified based on their
weighted degrees using a threshold value. The weighted
degree of node ∈ can be calculated as follows:

(4)

where and
are the time-weighted matrixes for ‘liked’
and ‘disliked’ ratings which are calculated using Eqs. (1)
and (2), respectively.

=

∑

()=

ℎ

,

The algorithm is based on calculating the graph density. The
density of a subgraph ⊆ is calculated as follows:

An iterative process is applied on the initial centers set to
find final clusters as the second phase of the temporal
clustering algorithm. To this end, each user is assigned to the
nearest cluster center based on the initial centers set (i.e. ).
Then, new center set is obtained by using an iterative process
based on lines 5-6 of Algorithm 2. Moreover, the clusters
whose associated members are less than a threshold value
(i.e. ) will be merged with the other clusters based on lines
7-11 of Algorithm 2. This merging process is necessary
because the clusters with a small number of users may lead
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to reduce the accuracy of rating prediction process. Finally,
the obtained clusters are used as final clusters of the users.
The pseudo code of the clustering algorithm is represented in
Algorithm 2.
Algorithm 2. Finding final clusters.
Inputs: = ( , , ), , and
Output: Users’ clusters ( ).
1: Set = ;

> .

2: Set
= ,∀ = ,…, ;
3: Let , ∀ = , … , be initial center corresponding to
-th cluster ;
4: Associate each non-selected user to nearest cluster;
5: Select new centers =
( ),
∈
= ,…,
=

6: if
=

( )=∑

, and

,∀ = ,…,
, ∀ = ,…,

,

( ,

);

then go to line 7, else
do

8: if
< then
9:
Merge the members of to other clusters;
10: end if
11: end for
12: for all users ∈ do
13: Let
be the cluster that user belong to;
14: end for
15: return ;

=

C. Recommendation
In this section, the users’ clusters are used to predict
unseen items for the users in the recommendation process.
To this end, the users who are in the target user’s cluster are
considered as the neighbors set. Therefore, the rating of
unseen item for the target user
can be calculated as
follows:
,

=

+

∑

∈

,

∑

∈

(
|

,
,

−
|

)

A. Dataset
In the experiments, Epinions1 dataset is used to verify the
effectiveness of the proposed method in comparison with the
other recommender methods. In this dataset, the opinions of
the users about existing items are used as numerical ratings
in the range of 1 (min) to 5 (max). This dataset contains
49,290 users and 139,738 items. Moreover, the trust relations
among the users are used as social information in Epinions
dataset which the values of them are 0 or 1. Each rating has a
timestamp which shows the time of providing the rating by a
user for a specific item. All of the ratings in this dataset are
transformed into two binary forms including ‘liked’ and
‘disliked’ ratings to perform the proposed method. To this
end, each rating higher than 3 is labeled as ‘liked’, otherwise
is labeled as ‘disliked’.
B. Evaluation measures
Three evaluation metrics including mean absolute error
(MAE), root mean squared error (RMSE) and catalog
coverage (CC) are used in the experiments to evaluate the
performance of the proposed method in comparison with the
other methods. MAE and RMSE are two accuracy-based
metrics to measure the quality of the predicted ratings by a
recommender system. To calculate these metrics, the
predicted ratings can be compared with the real ratings and
their differences taken into account as the prediction error.
Therefore, these metrics are calculated as follows:

and go to line 4;

, = ,…,

7: for all

∈

time-based methods. The details of the experiments are
presented in the following subsections.

(10)

where is the average of ratings provided by user ,
is
the cluster that the user
belongs to,
denotes
the
,
similarity weight between the users
and
which is
calculated using Eq. (7), and , is the rating of item
provided by user .

=

1

| −

|

( −

)

(12)

where is the real rating and
is the predicted rating for
item , and indicates the total number of ratings predicted
by using a recommender method. It should be noted that, the
lower values of MAE and RMSE metrics indicate the higher
performance for a method.
Catalog coverage (CC) is another metric which is used in
the experiments. This metric calculates the percentage of
distinct items in the top-N recommendation lists of users,
which is calculated as follows:
=

IV. EXPERIMENTAL RESULTS
In this section, the proposed method (i.e. SRTC) is
compared with the other recommender methods to evaluate
the quality of predictions based on evaluation metrics. To
this end, three clustering-based recommender methods
including K-means collaborative filtering (KMCF), trustaware clustering collaborative filtering (TRACCF) [12], and
multi-view K-medoids (MV) [13] are used in the performed
experiments. In addition, three time-based recommender
methods including collaborative filtering with temporal
contextual information (CFTCI) [19], adaptive time-based
collaborative filtering (ATCF) [18], and time-based singular
value decomposition (timeSVD++) [20] are used to evaluate
the effectiveness of the proposed method in comparison to

(11)

(13)

where
is the total number of distinct items in the
recommendations list of users.
C. Results
In this section, several experiments are performed to
evaluate the performance of the proposed method. To this
end, 80% of ratings per each user are randomly selected as
training set and the remaining data is used as test set.
Moreover, the values of parameters and in Algorithm 1
and also parameter in Algorithm 2 are set to = 5, = 1
and
= 40 as default values which give good results in
general. The experiments are performed based on two types
1
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of users including All users and Cold start users (the users
who have less than 5 ratings).
The results of experiments based on MAE, RMSE, and
CC metrics are reported in Tables 1 for All users view. As
you can see from these results, the proposed method
significantly outperforms other recommender methods based
on all of the used evaluation metrics. Therefore, it can be
concluded that, incorporating temporal information into
clustering-based methods leads to improve the performance
of the social recommender systems in terms of the accuracy
and coverage metrics. The experiments are repeated for the
Cold start users and the results are reported in Table 2. The
results indicate that the proposed method obtains better
performance than the other time-based and clustering-based
recommender methods based on all of the used evaluation
metrics. Therefore, the proposed method can alleviate cold
start problem for the social recommender systems in
comparison with the other methods.

process. Therefore, the value of parameter λ is set to λ=0.001
in the experiments.
CC

1
0.8
0.6
0.4
0.2
0
0.001 0.01

0.05

0.1

0.2

0.3

0.4

0.5

λ
Fig. 2. The effect of different values of parameter λ on MAE, RMSE and
CC metrics for All users.
MAE

1.4

RMSE

CC

1.2

Evaluation Measures

1

MAE

RMSE

CC

KMCF

0.952

1.295

0.318

0.8

TRACCF

0.931

1.202

0.385

0.6

MV

0.905

1.153

0.413

0.4

CFTCI

0.895

1.197

0.265

ATCF

0.927

1.234

0.284

timeSVD++

0.983

1.323

0.359

SRTC

0.751

0.986

0.458

0.2
0
0.001 0.01

RMSE

CC

1.115

1.412

0.264

TRACCF

1.024

1.311

0.312

MV

0.973

1.238

0.364

CFTCI

0.958

1.287

0.182

ATCF

0.996

1.374

0.197

timeSVD++

1.139

1.496

0.298

SRTC

0.867

1.112

0.395

0.2

0.3

0.4

0.5

V. CONCLUSION

Evaluation Measures

KMCF

0.1

Fig. 3. The effect of different values of parameter λ on MAE, RMSE and
CC metrics for Cold start users.

EXPERIMENT RESULTS ON EPINIONS DATASET BASED ON
COLD START USERS. THE TOP-PERFORMING ALGORITHM IS DENOTED BY
BOLD FONT.

MAE

0.05

λ

TABLE II.

Methods

RMSE

1.2

TABLE I.
EXPERIMENT RESULTS ON EPINIONS DATASET BASED ON
ALL USERS. THE TOP-PERFORMING ALGORITHM IS DENOTED BY BOLD FONT.
Methods

MAE

1.4

Parameter λ is used in Eqs. (1) and (2) to control the
effect of rating timestamp in calculating time-weighted
‘liked’ and ‘disliked’ matrixes. The effect of different values
of λ is evaluated on the performance of the proposed method
in terms of MAE, RMSE and CC metrics. Figs. 2 and 3 show
the effect of different values of λ based on these metrics for
All users and Cold start users, respectively. As it can be seen
from these results, increasing this parameter leads to increase
in the values of MAE and RMSE metrics. Moreover, the
values of CC metric decrease when the value of parameter λ
is increased for both of the All users and Cold start users.
Therefore, increasing the value of λ has a negative effect on
the accuracy and coverage metrics of the recommendation

In this paper, a social recommender system is proposed
based on a temporal clustering approach to incorporate the
effects of time of ratings provided by the users. For this
purpose, a temporal similarity measure is introduced, which
assigns higher weights to recent ratings than the old ones.
Moreover, a users’ network is constructed using the temporal
similarity values and social relations between the users.
Then, the users’ network is used to group users into
appropriate clusters by the temporal clustering approach. To
this end, a graph-based method is applied to find initial
centers set, automatically. Finally, an iterative process is
considered to find final clusters and use them as the
neighborhoods in the recommendation process. Experimental
results using a benchmark dataset show that the proposed
method outperforms other recommender methods in terms of
the accuracy and coverage metrics.
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