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Abstract—recommender systems currently used in many
applications, including tourism, tend to simply be reactive to
user request. The recommender system proposed in this
paper uses multi-agents and multi-dimensional contextual
information to achieve proactive behavior. User profile and
behavior get implicitly incorporated and subsequently up-
dated in the system. The recommender system has been
developed and applied to the tourism domain. It was tested
and evaluated by relatively large set of real users The
evaluation conducted shows that most of the users are satis-
fied with the functionality of the system and its ability to
produce the recommendation adaptively and proactively
taking into considerations different factors.

Index Terms—Multi-agent, multi-dimensional rating, pro-
activity, recommender system.

L. INTRODUCTION

Recommender systems are normally used to filter huge
amounts of information in order to provide users with
recommendations pertaining to products/services. These
recommendations are usually filtered based either on the
information content or ratings by other users. Systems
using the former approach are called Content Based Filter-
ing (CBF) while those that utilize the latter are called Col-
laborative Filtering (CF) [put refs]. These two approaches
are viewed as the traditional recommender systems since
they were introduced first and have been applied in many
recommender systems b;/ product/service providers such
as Amazon' and Netflix”. Each of the said traditional ap-
proaches has its own limitations as will be discussed in
Section 3 [1]. The traditional approaches are not suitable
for use in context aware situations. In such situations rec-
ommendations depend on several different conditions that
can vary from one a case to another. For example, in the
tourism field, the target users of the recommender system
would have different preferences and it is not necessary
that they all would be in the same touristic areas that may
be recommended [2]. Hybrid recommender systems over-
come such shortcomings of the traditional approaches [1].
Knowledge-based is an example of the hybrid recom-
mender system types [3]. This approach works based on
previously defined knowledge or rules. The benefit of
having rules is that they can be used for critical situations
and hence have the tasks done more effectively and in
harmony with the user context.

To enhance the performance of two dimensional re-
commender systems a number of researchers proposed

! www.amazon.com
2 www.netflix.com

integrating them with multi-agent systems [4] and [5]. A
major feature of agent technology is that it is based on a
collaborative model, especially among agents, with other
components of the system. This aspect can be used to fa-
cilitate the process of arriving at appropriate recommenda-
tions. Another property of agents is that they can be de-
signed in order to be pro-active. This means they have the
capability to initiate and execute tasks autonomously.

Most of the above recommender systems are considered
as two dimensional (the user and the product/service).
Multi-dimensional (MD) recommender systems are used
in order to incorporate more dimensions such as contex-
tual information (the user, the product, the time, the
weather... etc). All these dimensions can be useful for the
process of decision making that subsequently results in
recommendations.

Beside the attempts the researchers have done to apply
MD and use the contextual information using a hybrid
recommender system, we have decided to enhance this
approach of MD recommender system [6]. This MD re-
commender system [6] was tested based on movies data-
sets from which the traditional two-dimensional CF ap-
proach was applied. Reduction based theory has been used
in order to reduce the multi dimensions to two dimensions
thus allowing to use contextual information as additional
dimensions. This technique is elaborated more in the fol-
lowing section. However, to the best of our knowledge,
there has not been any attempt so far to use this MD with
hybrid recommender system (Knowledge-base) as its base
and where multi-agents are deployed.

In this paper we propose a multi-agent recommender
system that is based on multi-dimensional rating ap-
proach using the Knowledge-base Hybrid recommender
system. The Knowledge-base which will be using rules in
order to provide relevant recommendations to the users
based on their profiles and contextual information. The
system is also supported by a set of rules along with the
contextual information. The recommendations are pre-
sented to the user in a pro-active fashion.

Following this introduction the paper is organized as
follows. Section 2 presents an overview of the technology
used for this work. Section 3 reviews significant research
related work. Section 4 discusses the requirements of the
design and then describes the system design architecture
along with the inference engine of the system. Section 5
discusses the implementation of the system. Section 6
presents the system testing and evaluation. Finally section
7 concludes the paper and highlights the future work of
this research.

http://www.i-jim.org
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II.  OVERVIEW OF THE TECHNOLOGY USED

A. Recommender Systems

The internet is now recognized as the ultimate reposi-
tory of information. However, this overabundance of in-
formation causes a problem to internet users when search-
ing for specific information or services [7]. In order to
solve this problem of filtering the information coming
from the internet and to meet the user’s needs so that those
services are recommended frequently, the concept of Re-
commender System was introduced [8]. This kind of sys-
tems is capable of predicting users’ preferences and pro-
vides products or/and services based on previously rated
items [1].

According to Figure 1 recommender systems can be
classified based on the recommendation approach used in
[9], the algorithmic technique that is applied in the re-
commender system [10] or the personalized services pro-
vided by the recommender system [2]. As for the first
classification, there are three types of recommender sys-
tems: the Collaborative Filtering (CF) where the popular
items with higher ratings are recommended to other users
with similar profiles, the Content-Based Filtering (CBF)
where recommended items are similar to the items that the
user has selected in the past, and hybrid where the first
two types of recommender system are combined in order
to avoid their limitations.

Recommender systems can also be classification ac-
cording to [2] into: Service based on the preferences stated
by the user explicitly [11], Services based on the location
of the user (location-based) [12], and Services based on
the user context (context-aware) [13].

The context-aware recommender system can be consid-
ered as the most suitable to be deployed in certain applica-
tion areas such as tourism, education, and health. For ex-
ample, in the tourism domain the contextual information is
useful to be considered when providing a user with a set
of recommendations based on time, season, and his/her
exact location.

In order to handle multiple contextual information,
some two-dimensional algorithms can be extended to sup-
port multiple dimensions as discussed in [6]. In that work
the authors propose an approach using reduction based
theory to implement a multi-dimensional recommender
system.

The reduction-based approach is combined with a tradi-
tional two-dimensional estimation method (CF). The main
advantage of using reduction-based is by reducing the
problem of the multi-dimensional recommendations to the
two-dimensional recommendation space so that after the
reduction almost any two dimensional technique can be
used [6]. For instance a recommendation R of a movie that
the user is going to watch during the weekend can be rep-
resented as:

(John, Action,Weekend) (1)

D
RUseerontenthime

where D is the set of existing ratings which contains re-
cords <user ,content, time, rating> for each of the user
ratings. The overall set of ratings for the user John will
first eliminate the time as the contextual additional infor-
mation by selecting all weekend ratings for movies. After

iJIM — Volume 6, Issue 3, July 2012

Recommender System

Content-Based
Filtering (CBF)

Collaborative

Filtering (CF) livernd

n Approach

Services based on
Context

Services based on
Location

Services based on
explicit preferences

Personalized |Recommendatio
Services

Figure 1. Classification of recommender system

that, it will become a traditional two-dimensional (User x
Content).

III. RELATED WORK

In order to discuss the related work we emphasis on the
issues of the traditional recommender systems as it was
discussed in [1].

A. Issues of Content-based Filtering (CBF)

e New user problem: This depends on the user ratings.
The less the number of ratings available by the user,
the less accurate recommendations s/he will receive.

e Overspecialization: Only similar items to what the
user has rated earlier will be recommended. How-
ever, users sometimes may want to change or try new
things that they have not selected before.

e Limited Content Analysis: Similar features of two
items might make them indistinguishable [14].

B. Issues of Collaborative Fieltering (CF)

e New user problem: The less number of ratings there
are, the fewer amount of preferences are defined for a
user and hence the recommender system provides
less accurate recommendations.

e New item problem: The item which is rated the most
by users will be highly recommended. Yet, it hap-
pened that there are new items and they are interest-
ing but because they are not rated before, they will
not be recommended to users.

o Sparseness: This refers to the number of people who
rate an item compared to the ratings themselves.
Some items are rated highly but very few people
have made those ratings.

Felfernig et al. in [15] argue that collaborative filtering
used by, for example, Amazon, cannot be used for tourism
applications. The reason being is that collaborative filter-
ing performs best when there are already significant num-
bers of rated items since the classifications of books for
example are known. Moreover, some books are classic in
a way that even though they were published 40 years ago,
a group of people can still buy such books. As for tourism
the personal trip planning is less frequent compared to
buying a book. It is rarely the case that tourists will be
interested in the exact same events. As it was stated ear-
lier, that collaborative filtering particularly was not suffi-
ciently used yet when it comes to the tourism domain [16].
Tourist mobile guides usually tend to provide a tourist
with recommendations that are closer to his/her prefer-
ences, which allow more personalization of the suggested
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recommendations. Yet, these guides fail to use what other
tourists might like and highly rate to be recommended [2].
Additionally, the recommendations are normally fired
based on an explicit request from the user. However, this
is not suitable especially when sudden events occur like
change of locations and activities. This can be applied for
emergency situations or even when a tourist for instance is
on a trip where specific festival or concert is running at
the same time and place s/he is in. The sections below
explore some solutions to find a suitable recommender
system approach for the tourism domain.

C. Available Solutions

The available solutions of most of the issues mentioned
earlier are:
1) Hybrid recommender system

A hybrid approach attempts to overcome the limitations
of CF and CBF techniques by combining them to provide
more accurate recommendations than those only based on
CBF or CF [9, 17]. Based on how the two approaches are
combined, one of the classifications of hybrid recom-
mender systems is the unified model which has properties
from both content-based and collaborative approaches.
There are many models that have been designed and im-
plemented under this category, which mainly uses meth-
ods from the content-based and the collaboration ap-
proaches with other techniques and methods. One of the
techniques that have been used is the knowledge-based as
in [18]. The knowledge-based technique improves the
accuracy of the recommendations brought by hybrid re-
commender systems and deal with the limitations of
recommender system approaches (cold start) [1]. The cold
start concept refers to the problem the recommender sys-
tem is facing when there is a new user or a new item as
stated earlier [19]. The knowledge-based recommender
systems are applied in the tourism domain which proved
to have significant improvement. An example is the tour-
ism recommender system [3].

2) Multi-agent recommender system

Choosing to utilize a multi-agent in a recommender sys-
tem, especially in the tourism domain, came mainly from
the need to facilitate the recommendation process to serve
a larger scale of tourists with different services. Agents
were used particularly to simulate the human intelligence
by using a set of logic rules that each agent will have in
order to perform certain tasks on behalf of the users [20].
An example of task-based recommender system is [5].
The tasks assigned to the agents are usually designed to
solve smaller problems for more complex and larger prob-
lems [21]. Agents have the ability to be social and com-
municate with other agents and other components in the
systems [22, 23]. The interaction between the agents can
be done automatically in an intelligent way to pass the
required information [24]. Moreover, agents are able to
communicate any results directly to end user [25]. Agents
are also able to monitor the users’ behaviors in order to
build their profiles, keep the history, and then take the
feedback implicitly [26].

3) Multi-dimensional rating approach

Adomavicius et al. [27] proposed a multi-dimensional
approach that allows using contextual information about
the user such as time and location beside the basic two
dimensions that is used by most of the recommender sys-
tems (user and item).

Recommender systems were used originally in the tour-
ism domain to enhance the process of arranging a trip in-
dependently with most of the services required, such as
places to visit, restaurants, hotels and flights bookings.
The previous solutions can be combined in order to form a
recommender system. The multi-dimensional approach
uses the contextual information to provide more accurate
recommendations to the users, which is suitable for the
tourism domain. The base of the multi-dimensional ap-
proach can be hybrid recommender system to avoid the
limitations of CF and CBF. The multi-dimensional ap-
proach can be developed to be more pro-active and has a
more efficient inference engine through integrating it with
multi-agent systems. The following section describes the
proposed multi-dimensional multi-agent system architec-
ture for a tourism application.

IV. SYSTEM ARCHITECTURE

A. Description of the system architecture

In order to realize the system, the architecture is divided
into four layers as illustrated in Figure 2.

They are as follows:
1) Data Layer

This layer is responsible for storing the data such as the
profile of the users and the information about the services
that are brought from the web which is cached and kept
up-to-date to avoid network-induced bottlenecks.

2) Agent Layer

This is the core component of the system that contains
the inference engine and the environment of the agents.
The main parts of this layer are the agents themselves
which are created by the Agents Engine Factory. Each
agent is specialized in performing one task or one type of
the three services provided by the system. In the case of
the tourist prototype system implemented in this paper the
services are the request of a hotel, a restaurant and/or an
event. Each agent’s intelligence will be defined as a set of
rules. The agents use the multi-dimensional inference en-
gine (MDIE) component in order to store the ratings of
different recommendations which will lead to anticipating
recommendations to users as it will be explained in the
next section. Finally, there are the Information Retrieval
Manager and the Profile Manager components. The for-
mer manages the information retrieved in the data layer
while the latter manages the profiles of the users which are
stored in the data layer.

There are four main agents that the system creates for
each user based on his/her requirements of services. Their
functionalities are explained below:

e Schedule Agent: The schedule agent is created after
the minimal information required is collected from
the user. Each user will have his’/her own schedule
agent that will be responsible of creating a schedule
that will be filled later with trip activities. The sched-
ule agent will be in charge of sending requests to the
agents’ engine to create other agents when needed.
Moreover, the schedule agent will also be in charge
of sending reminders of the activities to the users.
Once the user makes a selection, feedback will be
taken implicitly and passed to the profile manager to
build/update the profile of the user.

e Restaurants Agent: The restaurants agent is created
by the agents’ engine to bring recommendations of

http://www.i-jim.org
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restaurants to the user. This agent will first request
the profile manager to bring specific information that
is useful such as the type of trip and check if there is
history or not. The information pulled from the data-
base will then be passed to the MDIE entity to pre-
dict ratings of recommendations to be brought by the
restaurants agent. The recommended restaurants will
be passed to the information retrieval manager to
store them in the retrieved information database so it
can be used later on.

o Hotels Agent: the hotels agent will be created by the
agents’ engine before even the schedule agent fills
the schedule with the activities. This agent will be
created based on the need for a hotel or not. Based on
the trip dates that the user would specify at the be-
ginning, it will be decided whether this hotel agent
should be triggered or not. For example, if the user
has inserted the start date of the trip to be equal to the
current date or after, there might not be a use for rec-
ommending a hotel since the user has already started
the trip.

o Events Agent: the events agent will be created based
on the need to provide events recommendations. It
will access the profile and check if a history exists.
The information found will be passed to the MDIE
where the recommendation ratings will be predicted
and provided to the user.

3) Control Layer

This layer facilitates the transition of the information
from the user terminal to the agent’s layer and vice versa.

4) View Layer

This layer provides a friendly user interface that a trav-
eler would interact with through the system.
B. Multi Dimensional Inference Engine

In this section we will discuss how the inference engine
works for one service which is the restaurants yet it works
the same for the other services.
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1) Multi-dimensional recommendations cube

As discussed in [28] implicit feedback can be taken
from the behaviors of the users, e.g.: selections, duration,
and deletion. However, since the interaction between the
user and the system will be reduced to the absolute mini-
mum, in our case only the selections of the recommenda-
tions proposed to the user are considered. Therefore, the
ratings of the recommendations are taken implicitly by
observing the user’s behavior and the selections a user
makes. The ratings are going to be saved in the database.
It can be represented in the recommendations cube as it is
the case of the multi-dimensional approach [6] where
Adomavicius et al. have followed the multi-dimensional
data model of [29].

There are 6 sides for one cube. Each side is considered
as a dimension and represented in tables. Each table con-
tains other useful information too. In our proposed archi-
tecture we propose to have three different multi-
dimensional cubes in a way that each cube is assigned to a
service since we have three services provided by the sys-
tem. There is a slight difference among the three cubes
based on the service dimension. We are going to go
through all cubes to show how the combination of the
dimensions can be used to store ratings.

Figure 3 illustrates the cube of recommendations rat-
ings for the restaurants service. We have decided to use
four sides and assign four dimensions, one for each one of
them. The dimensions are: user, restaurants, time, and
trips. A rating from these dimensions can be represented
as the following:

R :USER x RESTAURANT xTIME xTRIPS — Rating 2)

For instance, as shown in the Figure 3, a user Ahmed
has been on a family trip in which he stayed in Abu
Dhabi. In a weekday he had a meal at an Italian restaurant
also in Abu Dhabi. The rating that was given to this com-
bination of these dimensions is 3 according to the user’s
previous selections and preferences.

2) Recommendation probability

Conditional probability was used since the expected
properties of the different recommendations provided to
users can be used with different contextual information.
The previous ratings which are saved in the ratings cube
are going to be the base for getting the preferences of the

Trips
i [t o |

20 Businesstrip  Dubai
21 Businesstrip  Sharjah

22 Family Trip Abu Dhabi

User 1 o,
Name o <>
O 753
101 Ahmed 25 102 Q
102 Hamad 28 103 = " T = =>R(101.7.1.22)=3
103 Yousef 39 " ' 2
b ¢
Time
Restaurants (10 |Name |
[Name | e | civ [
3 Hallab Lebanese  Dubai , ———
5 PE.Chang  Chinese  Dubai B p——

7 Ttalian Cipriani Abu Dhabi

Figure 3. Multi-dimensional model for ratings of restaurant recom-
mendations
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users, and sorted according to their priorities. To explain
this process we will demonstrate an example involving
restaurants. The main attributes of the restaurants are the
city and the type of food.

The ratings of the restaurants that a user has been to
should be brought from the recommendation cube, as was
explained previously. Table 1 shows all the existing rat-
ings which were given by the system to the restaurants
properties to the same user. By using a set of rules that
will be explained later, along with the reduction based
theory, the system would check the current location of the
user, which for the example here is assumed to be Abu
Dhabi. The first step is when the system would use the
conditional probability to check the probability of which
type of food the user would prefer on this visit, since the
type of food is the first attribute.

Note that if the user has no such history random selec-
tion will be given to him.

The probabilities of each type of restaurants in Abu
Dhabi are going to be calculated as the following:

P(I'ype/AbuDhabbzg (3)

where A is the rating given to specific type of restau-
rants in Abu Dhabi and B is the ratings that were given to
restaurants in Abu Dhabi regardless of its type. Therefore,
when calculating we have the following probabilities:

P( Indian/Abu Dhabi) = 19/24 = 0.79
P( International/ Abu Dhabi) = 2/24 = 0.083
P( Lebanese / Abu Dhabi) = 3/24 = 0.125
According to Figure 4 Indian food has the highest prob-
ability that the user would like to have if was in Abu
Dhabi. The first attribute that is the type of food will be
assigned to be Indian food.

After this step we have the two attributes of the restau-
rants which are the city Abu Dhabi and the type of the
food which is Indian as the highest priorities to the user.
The process of selecting the attributes of hotels and places
to visit will be applied in a similar way. The attributes of
the hotels are: the number of stars and the city, while the
attributes of the places to visit are: the category of place
and the city.

In the following section we are going to apply these at-
tributes of the same example on the available restaurants
to see what recommendations to send to the users.

3) Multi-attribute theory

The multi-attribute theory is actually an evaluation
methodology that is widely used [30] to assess and rank
alternatives significantly [31]. Therefore, we have decided
to use it in order to assess the recommendations before
providing them to the users.

The attributes priorities that were shown previously are
going to be used and applied using the multi-attribute the-
ory. The multi-attribute choices are represented in Table 2
where each of the attributes will be assigned a weight ac-
cording to the priority of the attributes (exact =2, was cho-
sen before =1, never =0). The restaurants list would be
brought from the web along with their attributes, food
type and in which city they are located. For example, Res-
taurant 1 serves Indian food and it is in Abu Dhabi.
Therefore, the food type and the city are exactly matching
user’s preferences and thus both attributes were given the

TABLE 1.
RATING OF RESTAURANTS THAT A USER HAS BEEN TO
D City Type of restau- Rating
rants
1 Abu Dhabi Indian 15
2 Abu Dhabi Indian 4
3 Abu Dhabi Lebanese 3
4 Abu Dhabi International 2
5 Dubai Indian 5
6 Dubai Lebanese 3
7 Dubai International 2
8 Dubai International 1
9 Sharjah Lebanese 1
1
0.5
Type of food
]
IND INT LEB
Restaurants Visited by user in AD

Figure 4. Probability of different types of restaurants

TABLE II.
APPLING THE MULTI-ATTRIBUTE THEORY TO RECOMMENDED
RESTAURANTS
Attributes Food Clty Total
Recommended type
restaurants
Restaurant 1 2 2 4
Restaurant 2 0 1 1
Restaurant 3 2 2 4

weight of 2. Restaurant 2 serves Chinese food which the
user has never experienced before so it would be given a
weight = 0. Yet, city was for example Dubai that he has
visited it, but it was not the highest when the probability
was calculated. Weights for Restaurant 3 are similar to
Restaurant 1 since both are in Abu Dhabi and serves In-
dian food. Total of the weights are calculated then and the
highest are going to be recommended to the users. In this
example Restaurant 1 and Restaurant 3 are going to be
recommended since they are the most suitable for the user.

The recommended services are going to be kept in the
information retrieval database in case another user has
common preferences and context can reuse these services
or sometimes the same user would like to select another
recommendation when making changes to his/her trip
schedule

V. TESTING AND EVALUATION

The purpose of the system evaluation is to validate the
system requirements according to the users’ experience
when using the system. Moreover, the system evaluation
is conducted to basically measure the accuracy of the rec-

http://www.i-jim.org
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ommendations brought to users according to different
profiles and contextual information. The system has been
evaluated, also, against other similar systems.

A. Evaluation

The system was implemented and tested by real users
as tourists in UAE. There are three different types of ex-
periments that can be considered when evaluating a re-
commender system [19]: offline, online experience and
user studies. The last type which is the user studies is what
we have decided to use since it is the most suitable for our
system at this stage since it is a prototype. The evaluation
of the simulated prototype of the system was carried out
by 71 volunteer who managed to do 220 test cases with
different scenarios. They are from different educational
backgrounds experiences, nationalities, ages, and genders.
The system performed well and gave expected recom-
mendations most of the time according to the evaluation
conducted.

There are a number of criteria to evaluate a recom-
mender system as in [33]. Based from the evaluation con-
ducted we are going to check whether the system has sat-
isfied these criteria.

e Transparency: The transparency is achieved partially
by showing the users the recommendations as re-
minders and notifications prior the activity actual
time. Any action taken is notified to the user so s/he
can take it and hence update the schedule. The trans-
parency can certainly be enhanced in the future by
showing the user’s previous selections and reasons of
why the recommendations were suggested the first
place. A number of users mentioned that in the com-
ments.

o Scrutability: The scrutability is achieved by allowing
the users to make changes to the trip schedule either
manually or automatically. Manual schedule modifi-
cation can be done by using the edit and delete but-
tons. On the other hand, the automatic schedule
modification is done by the system by firing remind-
ers and notifications. They allow the users to either
accept or reject the recommendations. This what
most of the users found it interesting about the sys-
tem that it allows them to make the changes to the
schedule either by themselves or by the system in
case of rejecting a recommendation. Based on the ac-
tivities in the schedule, the current location of the
user will be taken and compared to where s/he should
be. After that, the reminders will be sent to users. In
case the location of different the system will sent the
reminder as a notification of whether the user is will-
ing to stick to the schedule or not. In case the user
decided to not to stick to the schedule, new activities
will be recommended to users in his/her current loca-
tion. The schedule will be updated accordingly auto-
matically. The selections the user made will also be
taken into account since the ratings of the recom-
mendations are taken implicitly.

e Trust: The trust is achieved in term of how the user is
confident about the system starting with its recom-
mendations and ending with how user friendly is the
interface design. As shown in Figure 5 it turned out
that 87% of the users prefer to receive recommenda-
tions based on their interests, 64% of them prefer to
try new things very often, while 57% like to have
same food types and visit places of their interest. The
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Are you willing to use this |
systemin the future?

Do you think the
recommendations can be |
improved?

Does the system bring you |
whatyou are looking for?

Do you think the system
learns your preferences with |
the time?

Dovyou like to have specific
food type and visit specific |
places?

Do you tend to try new things |
usually?

Do you preferto get
recommendations based on |
yourinterests?

Yes mMNo mSometimes/|donot know

Figure 5. How users trust the system

majority of the users (94%) agreed that the system
learns their preferences with time and 76% of them
stated that the system brought to them the kind of
recommendations that they were looking for while
21% found that it does some times. In spite of that,
66% of the users believe that recommendations can
be improved and that other choices can be added to
the system which is reasonable suggestions due to the
limitations of the resources used for this prototype. It
was a delight that 93% of the users showed that they
are willing to use this system in the future, since they
believed that such a system will be very helpful that
they can trust when they plan for trips.

Effectiveness: As for the system’s prediction of rec-
ommendations for every user, it was found that 82%
of the users have got what they have expected to find
of recommendations which are similar to their pref-
erences. Moreover, 93% of the users found that the
system brings more accurate and better recommenda-
tions with time.

Persuasiveness: this aspect is achieved by comparing
the recommendations predicted with what users have
in mind, and whether the user accepted the recom-
mendations or not since in our system the users’ rat-
ings are taken implicitly and we cannot compare to
actual users ratings. 80% of the users showed satis-
faction about the recommendations while 17% of
them ensured that it does some times. Moreover,
51% of the users rated the recommendations brought
as excellent while 49% as medium which is also rea-
sonable and fair since there is a number of users
whom services ratings were showing a decrease and
fluctuation.

Efficiency: this is achieved by measuring the time the
system takes in order to build a proposed plan full of
restaurants and events/places recommendations. At
the current stage with the limited number of re-
sources we are using for the recommendations, the
time they take to be calculated, checked, brought and
filled within a schedule is almost 13 seconds at
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maximum. The time is taken to bring a list of hotels
that are according to users’ preferences, is about 20
seconds at maximum.

Satisfaction: 69% of the users found the system not
demanding, and 87% agreed that the system is not
noisy as well. Moreover, over half of the users (56%)
believed that it requires less interaction than other
systems. The other half found that it requires constant
interaction all the time, or sometime. The reason be-
hind this percentage is how the reminders and notifi-
cation were designed to be fired in this prototype.
They found that it was asking questions all the time.
In the prototype the reminders of the schedule activi-
ties were designed to come one after the other be-
cause it is only a simulation. In real system a user
might have one to two reminders/notifications in a
day which cannot be considered noisy. Besides that,
the system does not require attention from the user all
the time, and it does not require a lot of steps in order
to fire the recommendations. Furthermore, all of the
users found the system easy to use and they only had
to explore it for the first time only, and after that they
did not take time to recall how to navigate through
the system. Over 90% of the users found the interface
design user-friendly indeed (Figure 6).

Comparison between available Systems

Since the architecture is supposed to maximize the pro-
activity of a recommender system, there are a number of
criteria that our system has met compared to the other
projects as shown in Table 3. Creating a dynamic schedule
trip is not provided by the other systems. Moreover, the
contextual information is not always considered in most of
the systems. On the other hand, the systems which use the
contextual information mostly do not consider the accu-
racy of the recommendations that are provided to every
user. The limitations of these systems give our proposed
system the advantage of the pro-activity and portability of
the system, and accuracy and dynamicity of the recom-
mendations. The criteria are:
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Least user effort/ interaction: The complexity of any
system can be measured by the number of steps a
user has to go through in order to reach the result.
The less the steps the easier the system to use.

Implicit feedback: The feedback of the recommenda-
tions in any recommender system can be taken either
implicitly by watching a user’s behavior or explicitly
by entering the feedback. Deciding to take the feed-
back implicitly affects the number of steps as de-
scribed earlier.

Estimating Ratings: The effectiveness of any re-
commender system can be measured by its ability to
predict the ratings of items provided to users based
on their preferences.

Using the contextual information: Examples of the
contextual information are location and time. Using
such information can help providing more accurate
and suitable recommendations to users.

Initiative: The system can initiate actions and offer
recommendations to the user and internally among
the agents or the other components of the system.

Build/update profile implicitly: This feature states
that the user will have the ability to create his/her
schedule. In case the user did not create his/her pro

Satisfaction: How easy it was to use?

Is the system user friendly?

Did you find the system easy to use ? Did
not take long time to learn howto use
it?

Does the system requires constant
interaction and attention from you all
the time?

Did you find the system noisy?
Was the system demanding?

Yes Na Some times/ 1 do notknow

Figure 6. How users are satisfied

TABLE III.
EVALUATION OF THE PROPOSED SYSTEM AGAINST OTHER SYSTEMS
Hybrid Recom- Mu“.ldl-
. mensional Our
Projects mender System R

. ecom- Pro-

integrated mender posed
Criteria Multi-Agent System System

[4] [5] [27]

%east user effort \ \ \ 3
Interaction
Implicate Feedback X X X \
Estimating Ratings \ X \ v
Using the contex-
tual information v X v v
Aviity ohandle ||yl
changes initiatively
Pro-activity \ \/ X a
Build/update pro-
file implicitly * x X v
Usability of the d N/A d 4
system
Accuracy of rec-
ommendations for \ \ \ N
every single user
Portability/ Hetero- d d d 4
geneous
Create proposed
trip schedule v X N/A v
Dynamicity of
recommendations v v v v

file, the system will do it. Also, updating the profiles
will be done on behalf of the user.

o Usability of the system: The system usability meas-
ures how user-friendly the system is and how easy
the user interface is.

o Accuracy of recommendations for every single user:
This indicates whether the system is accurate when
sending recommendations to users depending on
each user’s preferences and context.

http://www.i-jim.org
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o Portability/Heterogeneity: This measures whether
the system works in heterogeneous environments

e Create proposed trip schedule: Some of the systems
allow the users to create a trip schedule while others
prepare this schedule automatically.

o Dynamicity of recommendations: The dynamicity of
the recommendations indicates how they change ac-
cording to user’s profiles and context. They do not
remain the same.

VI. CONCLUSION AND FUTURE WORK

Current recommender systems approaches have several
limitations which include new user problem, overspecial-
ization, limited content analysis, new item problem, and
sparseness. Four types of hybrid recommender systems
were introduced in order to overcome these limitations.
Integrating the multi-agent system with the Knowledge-
Based (KB) recommender systems has been proved to
enhance its effectiveness. This is due to the agent technol-
ogy ability to provide the pro-activity feature and the col-
laboration among the system components.

The main contribution of this paper is enhancing the
multi-agent hybrid recommender system by applying the
multi-dimensional approach so that it allows the system to
consider more factors.

Architecture of a multi-agent recommender system that
is based on multi-dimensional rating approach was pro-
posed. It used KB hybrid recommender system as the base
of the multi-dimensional rating since there are many bene-
fits of this type especially when using rules for different
cases. Such architecture can be applied to different scenar-
ios, yet for this project it was applied in the tourism do-
main. The system will provide users with trip schedule
within seconds. The system has the ability to build the
profile of the user from scratch based on user selections.
The contextual information is used to provide suitable
recommendations of hotels, restaurants and events/places
to visit. Agents are specialized in each of these services.
The system behaves in a pro-active manner when provid-
ing the recommendations in a dynamic schedule. Thus, the
interaction between the user and the system is reduced
considerably. The feedback of the recommendations is
taken implicitly from the user behaviour. The feedback is
also used to update the profile of the user to store the pref-
erences which will be used to provide more accurate rec-
ommendations in the future.

The system was evaluated by real users using the user
studies as the evaluation experimental type. The evalua-
tors performed 220 test cases in which different trips sce-
narios have been conducted. It was found that the system
has satisfied the recommender system criteria.

The system was evaluated also against 3 of the related
projects based on technical features like the implicit feed-
back and how heavy the interaction is.

As for future work, we are planning to maximize the
system pro-activity by detecting the trips planned from the
user’s calendar. Currently since it is a web-based applica-
tion it is not possible to access a device’s calendar. How-
ever, if the system is implemented as a mobile application
this can be done. Moreover, the mobile application can
use the GPS system in any device to provide real time
testing.
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The inference engine of the system can be enhanced in
order to understand the users type (which group) and
hence bring more accurate and suitable recommendations.
Furthermore, there are some services that can be added to
the system to enhance the intelligence and help in bring
more accurate and suitable recommendations such as: the
weather, currency exchange, cinemas shows timing, and
organized trips available with details and their prices.

Modeling different types of user behavior (such as ir-
regular type) within the recommender system will satisfy
the majority of users as currently the system only models
regular behavior i.e. (the future looks like the past). This
will require significant effort but will strengthen the sys-
tem considerably.

The security of the communication between the server
and the user could be improved so that the confidence of
the users in the system can be increased. This will require
the incorporation of some of the security strategy that is
applicable to mobile agent systems.
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