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ABSTRACT
With the rapid advancement of wireless technologies and mobile devices, mobile services offer great convenience
and huge opportunities for service creation. However, information overload make service recommendation
become a crucial issue in mobile services. Although traditional single-criteria recommendation systems have
been successful in a number of personalization applications, obviously individual criterion cannot satisfy
consumers’ demands. Relying on multi-criteria ratings, this paper presents a novel recommendation system
using the multi-agent technology. In this system, the ratings with respect to the three criteria are aggregated
into an overall service ranking list by a rank aggregation algorithm. Furthermore, all of the services are
classified into several clusters to reduce information overload further. Finally, Based on multi-criteria rank
aggregation, the prototype of a recommendation system is implemented. Successful applications of this recommendation system have demonstrated the efficiency of the proposed approach.
Keywords:
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INTRODUCTION
Due to successful practice of E-Commerce
as well as the maturity of wireless techniques
and popular mobile devices, mobile services
bring dramatic and fundamental changes to
the world. The mobile services have attracted
much attention in the electronic market (i.e.,
M-Commerce) during recent years (Smith,
2006). As B3G/4G communication systems
DOI: 10.4018/jitn.2010100103

(Onoe, Nakamura, & Higuchi, 2007) evolve
and mobile devices (e.g., hand-held PC, PDA
and mobile phone) become more widespread,
the mobile revolution will impact numerous
facets of our daily lives. It will make possible
to collect important data in real time so as to
assist decision makers, exerting the great influence on communications between businesses
and their customers.
In mobile services, proactive service recommendation is a key issue to facilitate user’s
transaction. Even though much research has
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been devoted into recommendation systems in
web services, those systems are not available for
mobile services. There is a great demand for realtime mobile services, but information overload
bring a negative influence on it. Muder, Poot,
Verwij, Janssen, and Bijlsma (2006) observed
that “Whatever people perceive as information
overload affects decision-making, quality of
work, happiness, job satisfaction, and leads to
frustration, stress, and loss of time”. Comparing
with wired network, wireless communication is
truly affected by the information overload. In
this paper, services are classified into several
clusters based on their similarities in order to
overcome this information overload problem.
It has been demonstrated that the Top-k
ranking list is able to reduce information
overload and improved precision. In particular, a Top-k ranking list for recommendation
of web services has proved successful (Zhang
& Dong, 2000; Agichtein, Brill, & Dumais,
2006). But most of them use single-criteria
rating. That is, the services are ranked only
on the merit of one attribute. For example, all
the candidate restaurants in (Yang & Wang,
2009) are sorted by the location distance that
is calculated by Global Positioning System
(GPS). Andersen, Borgs, and Chayes (2008) presented a trust-based recommendation system.
Furthermore, the famous PageRank algorithm
takes the importance of pages as the criterion
(Page, Brin, Motwani, & Winograd, 1998).
Although single-criterion rating systems have
proved successful in a variety of applications,
McNee found that recommender systems move
towards a more user-oriented applications, and
the users are not truly satisfied with only one
criterion rating of services (McNee, Riedl, &
Konstan, 2000). Therefore, multi-criteria ratings are adopted in the field of Recommender
Systems. It poses the challenging question of
which criterions are more advantageous for
precision. Unfortunately, lots of researchers
have focused on the attributes of services and
context awareness of the user. Few studies have
examined the association relations between
services. The association relations reflect the
users’ service usage habits and interests. This

information could be extracted from the data
on user historic services or service sequences
in terms of associate rules. This paper presents
an approach to calculating a Top-k ranking list
based on association rules among service data
and to aggregating this ranking with other ranking lists of the attributes of the service.
The proposed multi-criteria rank aggregation recommendation system makes the following contributions. Firstly, the use of service
classification is able to reduce information
overload. Secondly, the proposed system takes
advantage of association rules to extract the
relationship among the services, and thereby
produces a ranking list. Finally, several Top-k
ranking lists against different criteria are aggregated into a final Top-k ranking list using
the rank aggregation method.
This paper presents related work on the
recommendation systems and discusses the proposed recommendation system, which includes
the system architecture and two subsystems in
the subsections. In addition, the algorithm for
this system is described in detail. Next, a prototype system is implemented with an illustrative
example and then a conclusion is given.

REVIEW OF LITERATURE
Recommender System
As an independent research area, the recommender system was first presented by Resnick
and Varian in 1997. They defined it as “people
provide recommendations as inputs, which the
system then aggregates and directs to appropriate recipients” (Resnick & Varian, 1997). It has
been thoroughly investigated in the last decade.
In information filtering (IF), there exist in
literature three categories namely content-based
filtering recommendation (CBF), collaborative
filtering recommendation (CF) and hybrid
methods (Kabassi, 2010). Content-based recommender systems store content information about
each item to recommend items similar to the ones
the user preferred in the past (Pazzani & Billsus,
2007). It is based upon the description of the
item and the profile of the user’s interests. For

Copyright © 2010, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global
is prohibited.

32 International Journal of Interdisciplinary Telecommunications and Networking, 2(4), 30-40, October-December 2010

example, Bayesian networks or rule-based reasoning were reported in Huang and Bian (2009).
The main problem of CBF is overspecialization
since they cannot recommend to the active user
“novel” and “unexpected” items different from
profile. Collaborative Filtering is the process of
filtering or evaluating items using the opinions
of other users, rather than using the natural
characteristics of items or services the system
provides (Schafer, Frankowski, Herlocker, &
Sen, 2007). There are two approaches to identify groups of people with similar interests in
CF: memory-based (Yu, Schwaighofer, Tresp,
Xu, & Kriegel, 2004) and model-based (Jin,
Si, & Zhai, 2006) approaches. Memory-based
algorithms use the whole rating matrix to make
recommendations; Model-based CF algorithms
learn first a statistical model of user/item classes
and then predict the ratings based on the learned
model. In recent years, some researchers used
demographic information within collaborative
filtering to determine the similarity between two
users (Schiaffino & Amandi, 2009). However,
building and maintaining of the user model are
the limitations of CF. In the hybrid approaches,
content-based and collaborative filtering
methods are combined in order to exploit their
advantages and reduce their deficiencies (Burke,
2007). Pazzani (1999) proposes a framework
that combines content-based and collaborative filtering as well as demographic methods.
But this approach also has the disadvantage
of content-based filtering as items or services.
To overcome this drawback, other approaches
are proposed, such as (Cho & Kim, 2004; Yu,
Liu, & Li, 2005).

Most commonly used decision aiding methods,
such as outranking methods and the analytical
hierarchy process, are based on multi-criteria
aggregation procedures.
MCDM is also used in certain electronic
market mechanisms. It can facilitate the process
of creating a recommendation. As mentioned
above, since the single-criterion rating systems are not satisfactory, multi-criteria ratings
recommender systems have drawn much attention in recent years. Several researchers
have employed multi-criteria ratings directly
in their Recommender Systems of web services. In Adomavicius and Kwon (2007),
multi-criteria rating information is utilized in
the similarity calculation to extend traditional
nearest neighbor collaborative filtering. Also,
Yahoo Movies has launched a recommendation
service using the probabilistic latent semantic
analysis (Zhang, Zhuang, Wu, & Zhang, 2009).
But the multi-criteria ratings recommender
system has yet to be systematically explored.
Proposed approaches of web services bring a
negative influence on information overload.
Furthermore, while much work has been done
on the attributes rating, few studies have taken
association relationships into account as a criterion. It is necessary to design a new recommender system for mobile services that is able
to reduce information overload and to achieve
the maximum accuracy at the same time.

Multiple Criteria Decision Making

In this section, a novel multi-criteria rank aggregation recommendation system is presented
as a way of predicting users’ navigation. Some
definitions are introduced firstly. The architecture of this system is then described. The
recommendation system consists of two main
subsystems: Service Cluster Recommendation
Subsystem and Service Recommendation Subsystem. Both of them are described in detail,
including their modules.

In Decision Science, the field of decision
making is treated as a multi-criteria problem.
In a decision model, Multiple criteria decision making (MCDM) (Zeleny, 1982) is very
challenging because the explicit consideration
of multiple, conflicting objectives. MCDM is
well established and comes into a large variety
of theories, methodologies, and techniques.

A NOVEL MULTI-CRITERIA
RANK AGGREGATION
RECOMMENDATION SYSTEM
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Definitions
In order to describe the architecture clearly,
several concepts are defined.
Definition 1 (Service Cluster): A group of
services that are similar to each other.
The service clusters result from service
classification based on the similarity.
Generally, it is too hard to manage the
services due to their huge quantity. All
of the services are therefore classified
into several service clusters based on
how similar they are. For instance, in
the Restaurant Cluster, there are Chinese
restaurants, Korean food restaurants and
food courts; the Entertainment Cluster
includes cinemas, cafes and bars.
Definition 2 (Service Recommendation
List): A list of ranking services for
users’ selection. The service recommendation lists are ranking lists for
user’s selection. Because the services are
classified into service clusters, there are
two lists: cluster ranking list and service
ranking list. The users can make choices
from the lists that are provided to PDAs
or mobile devices. In each list, there are
several options on a particular service
that are sorted in deceasing order of the
quality of a service attribute. In addition,
users are provided a service search engine
for searching the services that are not in
the lists.

We present an example illustrate these
definitions. Once a user finishes using the
service of Chinese restaurant 1, the system
generates a cluster recommendation list based
on the Restaurant Cluster. If the user selects
Entertainment Cluster in the cluster ranking list,
the service ranking list will then be generated
based on the service attributes using the ant
colony algorithm. The example is illustrated
in Figure 1.

System Architecture
Figure 2 depicts the overall system architecture
for providing service recommendations utilizing
the attributes of services and association rules.
As mentioned above, there are two subsystems
in the recommendation system. The service
cluster recommendation subsystem is used
for managing the association rules of service
clusters. Based on the rules and the clusters of
previous services, it infers a cluster ranking list
to users for the next-cluster selection. After this
cluster ranking, the service recommendation
subsystem generates a service ranking list for the
next-service selection. This subsystem consists
of three major components: service association
ranking module, reputation ranking module, and
distance ranking module. Each module produces
a ranking list, and the subsystem implements
rank aggregation.
Some important components play an important role in a user’s mobile device. Except
for fundamental modules (for example, com-

Figure 1. The relationship between cluster ranking list and service ranking list
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Figure 2. The architecture of multi-criteria rank aggregation recommendation system

munication and web applications), GPS and
Feedback manager are major modules for information interaction with the recommendation
system. The GPS module obtains GPS data,
and transmits the data into the distance ranking
module for generating the distance ranking list.
The feedback manager module transmits the
selection results and the estimation for services to update the association DB and reputation-based DB.
Agent-based computing is a new paradigm
in the software application development (Lee,
2007). Multi-agent systems consist of the various agents that achieve each goal and the overall
application goal. Because the proposed system
will be run in an open environment, the choice
of the multi-agent approach is appropriate. The
system contains five agents: cluster association
ranking agent, rank aggregation agent, reputation ranking agent, distance ranking agent and
service association ranking agent (Figure 2).

Service Cluster
Recommendation Subsystem
On the basis of the concepts mentioned above,
all of the services are classified into several

clusters. Once a user stops using a service, the
recommendation system will predict the user’s
navigation for the next one. As such, the cluster
of next-service must be determined by the user.
Based on the association rules among clusters,
the cluster association ranking agent infers a
cluster ranking list for the user’s choice.
These association rules are stored in the
cluster association database. As introduced
by Agrawal and Srikant (1994), in a typical
market-basket database E, an association rule
A→B means “if someone buys the set of items
A, then he/she probably also buys item B”.
Mining the association rules must be under
the conditions of minimum support and minimum confidence. The support of A→B is the
percentage of transactions that contain A and
B. The confidence of A→B is the ratio of the
number of transactions that contain A and B
against the number of transactions that contain
A. The association rules are extracted using the
Apriori algorithm.
In addition, the association rules in the
cluster association database can be updated
as the more user data is available. The cluster
association ranking agent can infer the next-
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cluster by selecting the rules with the maximum
“Support” and “Confidence” scores as shown
in Table. 1.

Service Recommendation
Subsystem
The service recommendation subsystem takes
charge of inferring a service ranking list according to the user’s cluster selection. As mentioned
above, this subsystem has three modules that
rank the services by different criteria. After
receiving the cluster selection from the user’s
mobile device, the subsystem informs these
modules about the user’s previously chosen
service and which cluster’s services should
be ranked. Specifically, the distance ranking
module will receive the user’s GPS data. The
rank aggregation agent will receive three ratings from three modules, which correspond to
the criteria of distance, reputation and service
association respectively. In order to integrate
multi-criteria rating lists information into one
overall recommendation list, the rank aggregation agent calculates an optimal service ranking
list that considers three modules’ rankings using the algorithm in (Dwork, Kumar, Naor, &
Sivakumar, 2001). Furthermore, this subsystem
contains a service information database that
stores the services’ descriptions, locations and
so on. Once the users receive the service ranking list over wireless networks, they can browse
the information of the services that they need.

first. As mentioned earlier, the service recommendation subsystem consists of three ranking
modules for distance, reputation, and service
association, respectively. In these three modules,
the ratings are taken in their corresponding
agents. Moreover, each module maintains a
database to store its rating data. The details of
these modules are described as follow.
•

•

1) Modules
To achieve multi-criteria ratings, the rating
against each criterion should be collected at

Distance Ranking Module: The distance
criterion is an important metric for recommending the next service. In this module,
the distance criterion is utilized to calculate
the service rating by the distance ranking
agent. Firstly, the distance is calculated
based on user’s current location and the
location of available services. The user’s
location is obtained by the GPS module
in the mobile device, and then sent to this
module. The data of service locations are
static, so they are stored in the locationbased database. Normally, users prefer to
choose a service with the shorter distance,
so the distance rating is ranked in increasing
order of the distances.
Reputation Ranking Module: In the present society, the reputation becomes more
important than before. The reputation of a
service refers to the satisfaction degree of
users who already used the service. Similar
to the distance, it is also a static attribute
of a service. There is a reputation-based
database to store the reputations of services.
Once the users end using a service, they rate
the service on its reputation as the feedback.
The feedback manager is responsible for
sending ratings to the recommendation
system for updating the reputation-based

Table 1. Cluster association rule
Rule ID

Rule

Support

Confidence

R1

Restaurant→Finance

10.0

35.0

R2

Restaurant→Entertainment

12.0

37.0

R3

Sport→Shopping

3.0

15.0

…

……

…

…
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•

database. The reputation ranking agent
takes charge of the reputation rating that
is in decreasing order of the reputations of
candidate services.
Service Association Ranking Module: This
module is similar to the service cluster recommendation subsystem. But in the service
association database, the association rules
are among the services, they are recorded
as Table 2. These rules are updated after the
users select a service and send feedback to
the module. The service association rating
procession is taken in the service association ranking agent according to the users’
previously chosen services.

2) Rank Aggregation Agent
In the rank aggregation agent, the emphasis
is on an implementation of a comprehensive
service ranking list with integrating the criteria
of distance, reputation, and service association.
The overall rating enables the service recommendation subsystem to rank all the services
in the user selected cluster and recommend
them in decreasing order of relevance. In order
to produce a multi-criteria rating list, the rank
aggregation agent would have to deal with a
much more complex multi-criteria optimization problem. Thus, finding the aggregation
algorithm is crucial for this agent.
In Dwork, Kumar, Naor, and Sivakumar
(2001), there are several methods for rank aggregation, like Kemeny optimal aggregation,
Borda Count, Scaled Footrule Optimization
Method and Markov Chain methods. However,

Kemeny’s optimal aggregation and Scaled
Footrule Optimization Method lead to NP-hard
optimization problems, while Markov Chain
method is too complex for aggregating only
three ratings. So the Borda Count is adopted
for the multi-criteria rank aggregation in this
work. Borda Count is a positional method, in
that it assigns each candidate a score corresponding to the positions where it appears in each
voter’s ranked list, and the candidates are
sorted by their total score. In our recommendation system, the services in a ranking list are
candidates. Suppose there are three full rating
lists td ,tr,tsa corresponding to distance,
reputation, and service association, respectively. For each candidate service S and list
ti , the Borda Count method assigns a score

B i (S )which is equal to the number of ser-

vices ranked below S in ti (i.e., the top ranked
service is given p points, the second ranked
service is given p-1 points and so on).
The total Borda score B S is defined as
k

å

i= 1

()

B i (S ), where k=3. Then the services are

then sorted in decreasing order of total Borda
scores.

Algorithm for
Recommendation System
In the following, the proposed recommendation
system is presented in the form of the algorithm.
We suppose that a user is going to stop using
a service S.

Table 2. Service association rule
Rule ID

Rule

Support

Confidence

R1

Shopping mall 2→Cafeteria 3

11.5

35.0

R2

Cafeteria 3→Theatre 1

15.0

40.0

R3

Gymnasium 3→Zoo 1

3.0

7.0

…

……

…

…

Copyright © 2010, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global
is prohibited.

International Journal of Interdisciplinary Telecommunications and Networking, 2(4), 30-40, October-December 2010 37

•

Service Cluster Recommendation

According to the service S, we know that
the service cluster of S is sc1. In the service
cluster recommendation subsystem, the cluster recommendation agent calculate a cluster
ranking list based on the association rules of
sc1 that are stored in the cluster association
database. Suppose the user selects sc2 as the
cluster of her next- service when receiving the
recommended list.
•

Data Interaction

The user’s mobile device receives geographical location data from the GPS module,
and sends them with the cluster selection result
to the service recommendation subsystem
via a communication module over a wireless
network. Then the subsystem forwards the
data to corresponding modules for the singlecriterion ratings. Here we assume that there are
n candidate services in the cluster sc2 denoted
as {S1, S2,…, Sn}.
•

Single-Criterion Ratings

The goal of this step is to address the rating
prediction for one of the individual criterion,
including distance, reputation and service association. With the data from the user’s mobile
device, the ranking agent of each module calculates the ratings with respect to corresponding criterion. Three rating lists ( td ,tr,tsa ) are
thus generated, and they are submitted to the
rank aggregation agent. Suppose n=10, the
distance ranking list td is {S3, S5, S7, S1, S6, S10,
S8, S2, S4, S9}, the reputation ranking list tr is
{S6, S8, S2, S10, S4, S9, S5, S3, S1, S7} and the
service association ranking list tsa is {S10, S9,
S3, S1, S5, S7, S8, S4, S6, S2}.

•

Multi-Criteria Rank Aggregation

Individual multi-criteria ratings are able
to be predicted (see Step 3 above), so the rank
aggregation agent integrates them to generate
an overall service ranking list. For the services
S1, S2,…, Sn, the agent calculates,

{B (S ),B (S ),...,B (S )},
{B (S ),B (S ),...,B (S )}and
{B (S ),B (S ),...,B (S )} .
d

1

d

2

d

n

r

1

r

2

r

n

sa

1

sa

2

sa

n

Based on these scores, the total Borda score of
each service’ could be obtained as
B (S1 ),B (S2 ),...,B (Sn ) . Then the service

{

}

ranking list could be generated in decreasing
order of these total Borda scores. As an example, the Borda scores for the ten services are
{16, 12, 21, 11, 19, 18, 14, 17, 15, 22}. Consequently, the overall ranking list is {S10, S3, S5,
S6, S8, S1, S9, S7, S2, S4}.
•

Service Selection and Updating

After receiving the service ranking list,
the user is able to select one as the next service. Furthermore, the user could browse the
information of the services in the list through
web applications, including locations, introductions and so on. Finally, the feedback manager
will transfer the user’s evolution for previous
service S, cluster and service association rules
based on the selection result. These feedback
data is used for updating the reputation-based
database, cluster association database, and
service association database.

PROTOTYPE IMPLEMENTATION
In order to demonstrate the feasibility of the
approach proposed in this paper, a prototype
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Figure 3. The prototype of the Service Recommendation System

recommendation system is implemented as
shown in Fig. 3. Based on the multi-criteria
ranking list, the users can select the most relevant
one as the next service. The main functions of
the system are the following:
•

•

•

A service cluster ranking list. Once the
user makes a decision to end a service, a
service cluster ranking list is generated
according to that service’s cluster. This list
narrows the service selection scope. The
user can select the next service in a more
concreter cluster.
An overall ranking list based on multicriteria. This top-k list aggregates three
single-criteria ratings. It is in decreasing
order of metric scores. The users can find
the most appropriate one without the services comparison.
Several single-criteria ranking lists. To
prevent some users’ preferences on special
criterions, single-criterion ratings are also
provided for reference. For example, while
some users consider the reputation of the
services as the key issue, the distance cri-

•

•

•

•

•

terion could be ignored. Therefore, they
can refer the reputation rating list.
Service search. As mentioned above, this
function is used when there are no appropriate services in the recommendation lists
or the users want the appointed service.
Map and route. After selecting the next
service, the system would provide a map
to inform concrete locations and the route
between the current location of the user
and that of the suppliers. This function is
cooperated with the GPS module embedded
in the mobile device.
Service description. The information of all
services is stored in the recommendation
system. The user can refer the descriptions of the services when selecting the
next service.
Service reservation. If the user selects a
service as the next one in the service ranking list and this service has the reservation
function, the user can switch to the page
of reservation to send his information and
requirements.
Service evaluation. In order to update previous service’s reputation in the reputation-
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based database, the user is requested to give
a satisfaction degree about that service.
The satisfaction degree is from 1 to 10,
with each star standing for one level of the
score. The user can evaluate the service by
assigning these stars (Figure 3).
Scenario: To describe this prototype more
clearly, a scenario is supposed as follow:
Jack and his family are having a dinner
in a Chinese food restaurant. This restaurant is recommended to him through
his PDA and the recommendation is on
the basic of pervious service. After Jack
pays his bill, he is acquired to evaluate
this restaurant in the form of satisfaction
degree by the recommendation system.
Once Jack fulfills this acquirement, the
system would provide a cluster ranking
list to recommend a possible service
cluster for selecting. Jack could select a
service cluster or searching a cluster if
his requirement is not in the list. Suppose
Jack’s family want to visit the football
architecture museum in the Labor park.
So Jack selects entertainment cluster.
Based on the selected cluster, the system
calculates an overall service ranking
list by aggregating three single-criteria
ratings: distance, reputation and service
association. Furthermore, each singlecriteria rating is able to be referred. Jack
picks Labor park as the next service, so
the system provide a description of that
park to him, such as text introduction
and photos of it. In addition, the system
tries to figure out the route in the form
of map by using the GPS module that is
on the top of Jack’s own PDA. Finally,
Jack could reserve tickets for his family.

CONCLUSION
As the number of users of mobile services has
been increased greatly nowadays, the proactive
service recommendation becomes more and
more important. The recommendation system

has shown immense potential in mobile services
through the encouragement of the wide promotion of mobile communication technologies and
rapid adoption of mobile devices with Internet
capabilities. Compared with the single-criterion
ratings, multi-criteria ratings have advantages
for recommendation systems. This paper has
presented a novel multi-criteria recommendation system. It takes advantage of the rank
aggregation algorithm, incorporating multicriteria ratings, and offering an overall service
ranking list for user selection. The system also
utilizes multi-agent technology to achieve this
objective. In order to reduce the information
overload, all of the available services are classified into several service clusters based on
their similarities. Finally, a prototype system
is implemented to demonstrate the feasibility
of the approach proposed in this paper. By refining the system, the proposed system could
be further analyzed and potentially get its own
place in practice.
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