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Abstract

Sometimes, depending on the type of system, it is not possible to offer a list of items for each user individually and the number of items in the
recommended lists should be limited, therefore group recommender systems will be used. So far, various group recommender systems have
been presented. Most of them have been investigated from the standpoint of user preferences (rating matrix). In this paper, the proposed
Multi-View Group Recommender System (MVGRS), investigates from two points of view, i.e., user preferences and social connections
(trust). This system, with multi-view, first offers the individual recommendations, then generates the group recommendation by aggregating
individual recommendations. The system has been tested with the different numbers of rating clusters and trust clusters. Finally, the error of
the MVGRS is compared with the error of the similar single-view group recommender system. The results show that the MVGRS

outperforms the single-view group recommender system.
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1. Introduction

The root of research about recommender systems is
traced back to the 1990s. Various types of recommender
software for different domains have been produced in
recent years. Today, the use of recommender systems has
become a necessity and many internet sites use
recommender systems to provide suitable services to
their customers [1].

Recommended systems are divided into two general
types based on the user's feedback [2]:

Collaborative  Filtering:  Collaborative filtering
algorithms are based on the similarity of the users who
have the same preferences as the target user. These types
of algorithms have two main categories:

User-Based Collaborative Filtering (UBCF): TheUBCF
systems use neighbors of the target user to predict non-
rated items. The neighbors of the target user are the users
who have similar interests in items [3].

Item-Based Collaborative Filtering (IBCF): In this case,
neighbors are defined as similar items to items that the
target wuser rated before. The IBCF systems

use neighbors of the target user to predict non-rated items

[3].

Content-based  Filtering: Content-based filtering
systems concentrate on the attributes of items. The
system recommends a list of items based on the recordsof
the needs and tastes of the user (such as purchased items)
that were previously saved in the user's profile. The
assessment of the similarity between the items selected in
the past by the user and the new items is based on the
relationship between the attributes and characteristics of
the two items which are compared [4].

Other approaches for designing recommender systems
are Demographic-based, Knowledge-based and Utility-
based, but these methods are not used as common as
previous methods, and wusually are combined with
collaborative filtering and content-based filtering
methods [5].

1.1. Basic concepts in recommender systems

In the following, the basic concepts in recommender
systems are briefly introduced.

Items are objects that are offered to the user. If an item
is effective in the recommending process, it will have a
positive role; otherwise, it will have a neutral/negative
role [6].
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A target user is a person who the system generates an
appropriate recommendation to him [7].

Rating Matrix is a matrix, in which each row of it is a
token of a user, and each column represents an item.
Each matrix entry represents the user's vote to the
corresponding item [8, 9].

In most of the current research, the definition of trust
relates to the various categories to which it relates, and
there is no clear definition for it in many cases. But in
this research, trusthas been taken explicitly by the user.
In this way, each user specifies his trust in other users in
the existing dataset [10, 11]. Recommender systems have
been generated for recommending to individual users in
order to help them to find their relevant and appropriate
information. Various recommender systems have been
proposed during recent years. In some situations,
recommending to individual users is tough or the system
may face some limitations for the individual
recommendations. For example, it is not possible to offer
a list of recommendations to each user; to overwhelm
these kinds of obstacles group recommender systems
have been proposed.

For instance, a group recommender system may
recommend television programs for a group of people to
view, based on models of all group members'
preferences. In some circumstances, the group
recommender system should recommend in a multi-view.
Consider the following example: a recommender system
may offer some roommates for a group of students in a
dormitory. It is so important for the students to live with
a person who they trust. To solve this issue, a group
recommender system should recommend in a multi-view
of student preferences and student trusts simultaneously.
Many group recommender systems have been proposed
in recent years but most of them have been investigated
from a single view of rating.

In this paper, a Multi-view group recommender system
has been proposed which investigates from two
standpoints of user preferences (ratings) and social
connection (trust).

The rest of this paper is organized as follows: Section 2,
discusses previous related works on group recommender
systems. Section 3 introduces the overall MVGRS
framework and describes it in detail. Section 4, applies
the MVGRS for a dataset to evaluate and analyze its
performance comparison with the competing method.
Finally, section 5, provides the conclusion and some
future research directions.

2. Related works

Different group recommender systems designed in the
past few years. Group recommender systems are ones
where more than one person is considered in
recommending process [12- 14]. Group recommender
systems are used when there are some limitations for
recommending to individuals (for example, it is not
possible to recommend a list of items to each user). Some
of the group recommender systems are introduced, in the
following. The system that has been proposed in [15], is a
system for recommending a restaurant to a group of

people whowant to eat together, and users vote for their
favorite items by filling out a form. Depending on user
rating, the preferences of each user are predicted. Then,
by aggregation of individual predictions, it is
recommended to the group.

In the system that has been introduced in [16], the
authors believe that social interaction within group
members is the important thing in group recommender
systems. For this reason, they presented coFeel [16] as an
interface for using emotions to raise social interaction in
group recommender systems. In the article [17], the
authors propose a new group recommender system that
can deal with technological constraints like bandwidth
limitations.

Rating prediction in group recommender systems can be
done with one of the following three approaches [18]:

1. Creation of group preferences models and
prediction of non-rated items for each group using
the model.

2. Prediction of ratings for items that have not been
rated by the wusers and merging individual
recommendations generated for members of a

group.

3. Aggregating of predictions generated for each user
to recommend to a group.

The architecture of the system changes according to the
chosen method for predicting the ratings. In fact, based on
the approach used, the predictive process takes a different
input and produces a completely different output [18].

The system that has been proposed in [19] is a system
that leverages similarity, knowledge factors, and trust to
increase the quality of the group recommender system.
This system used the MovieLens dataset [20] that does
not have any trust factor. Due to the absence of trust
factors in the dataset, the authors wused fuzzy
computational models [21] to compute the trust factor. At
first, they classified each item into the groups of liked,
unliked, or neutral. After the classification of each item, a
trust factor was defined. Then a similarity-based trust was
calculated and the similarity-based recommendation for
the entire group was generated by employing the group
recommendation the least-misery [22] strategy.

In this stage, the effectiveness of the group
recommendation was reduced. To solve this problem, the
authors used some other factors that affect the
computation of trust between users. So, knowledge-based
trusted user-item ratings have been computed. In the end,
to generate the knowledge-based recommendation, the
least-misery strategy was applied. The approach applied
to 20 users randomly selected from the dataset and
compared to the least-misery strategy reference [23]. The
results showed the efficiency of the proposed method
[19] in comparison to reference [23].

3. Proposed method

In this section, the proposed method and the
implementation phases are described in details
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3.1. Multi-View Group Recommender
System (MVGRS)

In the MVGRS method, the group recommender
system is investigated from two points of view of user
preferences (rating matrix) and social connection (trust).
Two types of information are extracted from users in the

system:
Type 1: The interest scores of users to items are
specified by rating.

Type 2: The trust of users in other users that are
connected to them, and it is a part of the dataset.

According to the user preferences that are shown in the
form of rating for items, group priorities can be generated
by one of the following three approaches:

e Constructing a group model and predicting for each
group

e  Merging individual recommendations
e Aggregating individual predictions

The rating prediction plays an essential role in the
recommender systems. In fact, the rating for non-rated
items should be predicted for each user or each group
[18], and the idea that is used in the MVGRS method is
to aggregate the individual predictions for group
recommendation. For a fair comparison, the reference
[18] is first tested with the rating pattern of the FilmTrust
dataset [24], then is compared with the MVGRS.

3.2. Implementation of the proposed
method

The MVGRS method consists of two phases of training
and testing. It is explained in detail in the following. An
overviewof the MVGRS method is presented in Fig. 1.

3.2.1. Training phase
It consists of five steps, which are described below.
Step 1: Create rating matrix and trust matrix

The input of this phase is the FilmTrust dataset. The
goal is to construct user-item-rating matrix and user-user-
trust matrix which are briefly called rating matrix and
trust matrix, respectively.

Step 2: Generate a graph for the trust matrix and
compute the shortest path between the two nodes

The input of this step is the trust matrix. The goal is to
find a trust distance.

A trust graph is generated from the trust matrix. Its
nodes symbolize users and its edges symbolize the trust
of each user in another user. Since the run-time of the
MVGRS is as important as other features, the shortest
path between two nodes is taken into account. By using
the Euclidian distance, the shortest path between the two
nodes is computed. The similarity between them is
computed which has been shown in Eq. (1), and then the
trust distance between the two nodes is obtained by using

Eq. (2).

1
i,] . (1)
£,

D =1-S . 2)

L] L]

Where:

P, ;- The shortest distance between the two nodesi, j
D, ;¢ The trust distance between each two nodes

S ij The similarity between the two nodes

Step 3: Cluster with Complete Linkage method

The input of this step is the trust distance. The purpose
is to create a trust-based cluster. Using the trust distance
obtained in the previous step, the trust matrix is clustered
with the Complete Linkage method. The number of
clusters is initially assumed to be 100. But this clustering
matrix is also tested to obtain appropriate clustering with
various numbers of clusters.

Step 4: Cluster the rating matrix using the K-means
method

The input of this step is the rating matrix. This matrix is
clustered by k-means clustering.

Step 5: Determine a cluster based on rating and trust
The input of this phase is two clusters types:

I.  Rating-based cluster
1L Trust-based cluster

The goal of this step is to combine these two types of
clustersand create a new cluster based on trust and rating
simultaneously. The diagram of this phase has been
shown inFig. 2. The idea of this step is as follows. First,
for each rating cluster, the paired trust cluster is found,
and the two clusters are combined. In this way, to find
the paired cluster, a similarity measure is defined, as
shown in Eq. (3).

C,NC,|

S = Similarity(C_,C,) = C |

3)

Where:
C

¢t : Trust cluster

" : Rating cluster

S Similarity measure between the trust cluster and the
rating cluster
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Fig. 1. An overview of the MVGRS method
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The similarity is computed for each rating cluster and
its corresponding trust clusters. The numbers of
computed similarities are based on the number of
corresponding trust clusters of each rating cluster.
Then, these similarities are compared to each other and,
the cluster with the maximum similarity to the rating
cluster is selected. Finally, for each rating cluster, a
paired trust cluster is found. Each rating cluster is
combined with the paired trust cluster, which result in a
new cluster.

3.2.2. Testing phase

In this section, predictions are performed using test
data. This section has some steps which are described
below.

Step 1: Predict for individual model based on User-
Based Collaborative Filtering (UBCF)

The combined cluster resulting from the integration of
the rating and trust cluster is the input of this step. The
goal is to estimate the individual prediction for users,
which is computed as the weighted average of the
items. In this step, the rating of the test data that is
available in each cluster is predicted using the UBCF
method. In this way, the weighted average of the items
is computed and proposed the mean of the data.

There is a difference between the UBCF method used
in the MVGRS and the usual UBCF method. The
difference is in selecting the nearest neighbor. In
MVGRS, the nearest neighbor is selected from the
combined cluster that the user is located in.

Step 2: Predict rating for a group of users by
aggregating individual recommendation

In this step, the individual recommendations are
considered as the inputs, which were determined in the
previous phase based on the combined cluster.

The target is the recommendation to a group of users
of each cluster. The rating has been predicted for each
item that is non-rated by group members. The
predictions are averaged and then the averaged
predictions are suggested to the group of test users in
the cluster.

Step 3: Compute RMS Error

In this section, the error of the MVGRS is evaluated
by RMSE and compared to the reference recommender
system [18].

4. Results

In this section, the error of the MVGRS method is
compared to the reference recommender system [18]
on the FilmTrust dataset.

4.1. Simulation Environment

This system is implemented in R software version
3.4.3. The "igraph" library has been used to generate
the trust graph in step 2 of the training phase and the
"recommender lab" library has been used to construct
an individual recommendation model with the UBCF
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method in the testing phase [25].

Trust-based cluster Rating-based cluster

e

Compute similarity
measure between
rating cluster and its
corresponding trust
clusters

'

Find paired trust
cluster of rating
cluster

v

Combine of two
clusters

Yy
Determine cluster
based on rating and
trust simultaneously

Fig. 2. The fifth step in details
4.2. Dataset

In this paper, the real dataset has been used to
examine the proposed method. This dataset is the
FilmTrust dataset, which is about movies and allows
users to share movie ratings and also explicitly specify
other users as trusted neighbors. In this dataset, the
rankings are in the range of 0.5 to 4 and can be
incremented by 0.5 at each stage. It is worth
mentioning that trust is asymmetric in the dataset. This
means that if the user trusts another user, this is not
necessarily a two-way trust. In the dataset, there are
1508 users who have rated 2071 items. The number of
ratings available for this dataset is 35497 [24]. The
summary of the dataset is shown in table 1.

Table 1. Summary statistics of the dataset [24]

Dataset Users Items Ratings Trust

FilmTrust 1508 2071 35,497 2853
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4.3. Experimental results

In this section, the numbers of trust clusters are
considered 100, 90, and 80 and the number of rating
clusters are considered 50, 60, and 40. The proposed
method was run 10 times with different training data
and test data. The error of the MVGRS method and the
group recommendation system based on aggregating of
individual recommendations [18] are compared in Fig.
3, Fig. 4 and Fig. 5. The experiments show the better
results when trusts are considered in clusters for group
recommendations.

In Fig. 6 the comparison of the RMSE for the various
numbers of the rating clusters and the trust clusters has
been shown.

1.2

0.8

0.6

RMSE

0.4

0.2

10 9 8 7 6 5 4 3 2 1
Iteration

=@=—PRef [18] ==@=MVGRS

Fig. 3. Comparison of MVGRS error and group recommender
system [18] with the number of trust clusters 100 and the
number of rating clusters 50.

1.2

0.6

RMSE

0.4

0.2

10 9 8 7 6 5 4 3 2 1
Iteration

==@==Ref [18] ==@=MVGRS

Fig. 4. Comparison of MVGRS error and group
recommender system [ 18] with the number of trust clusters 90
and the number of rating clusters 60

1.2

0.8

0.6

RMSE

0.4

0.2

10 9 8 7 6 5 4 3 2 1
Iteration

—@—Ref[18] =—@=—MVGRS

Fig. 5. Comparison of MVGRS error and group
recommender system [ 18] with the number of trust clusters 80
and the number of rating clusters 40
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Fig. 6. Compare the RMSE in the different number of clusters for the rating cluster and trust

5. Conclusion and future studies

The new combined clustering based on rating and
trust is presented in MVGRS, which has not been
presented in any group recommender system
previously. Experimental results show that MVGRS
can reduce error significantly with respect to the group
recommender system that evaluates its system from
just a single point of view. The results show that the
MVGRS on average reduced RMSE 0.20171897 in
the best case and 0.13668361 in the worst case
compared to the same method.
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