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Abstract

The location-based service (LBS) of mobile communication and the personalization of information recommendation are two impor-
tant trends in the development of electric commerce. However, many previous researches have only emphasized on one of the two trends.
In this paper, we integrate the application of LBS with recommendation technologies to present a location-based service recommenda-
tion model (LBSRM) and design a prototype system to simulate and measure the validity of LBSRM. Due to the accumulation and
variation of preference, in the recommendation model we conduct an adaptive method including long-term and short-term preference
adjustment to enhance the result of recommendation. Research results show, with the assessments of relative index, the rate of recom-
mendation precision could be 85.48%.
� 2008 Elsevier Ltd. All rights reserved.
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1. Introduction

Mobile commerce (M-Commerce) is the developing
trend due to successful experience of E-Commerce (EC)
as well as the maturity of wireless techniques and popular
mobile devices up to date. While M-commerce retains the
advantages of EC, the most significant difference between
M-Commerce and EC is the distinct mobility feature of
mobile devices. The studies focusing on location data are
created by the function of wireless network include ‘‘service
related to location” and ‘‘service provided according to
location”. The research is characterized as location-based
service (LBS), and its basic theme is based on that relevant
information changes according to the location of mobile
customers (Chen, 2002).

In recent years, the importance of LBS has been pro-
gressively recognized by the industry, and the related plat-
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form techniques have gradually matured. The services have
been adopted for various public or commercial purposes
(Kim, Song, & Yang, 2003). However, according to the
research of Mahatanankoonb, Wen, and Lim (2005),
among 35 mobile applications, LBS is only ranked 29th.
The result clearly shows that the application of LBS still
needs to be improved. The key for LBS is the development
of interface design and the ability to provide correct and
real-time content; therefore, it is necessary to utilize recom-
mendation functions in the LBS application (Kim, Kim, &
Cho, 2008). In the design of the recommendation mecha-
nism, in additional to the ability to predict user preferences,
it should also take into consideration the impacting factor
of different distance between the user and the target due to
different location of the user in the mobile environment.
Accordingly, it is clear that preference adjustment is
necessary to a recommendation system, thus it is the expec-
tation of this research to design a location-based service
recommendation model (LBSRM) with personal prefer-
ence adjustment, taken into consideration the factor of
distance attribute, in order to satisfy the distinct mobile
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applications. In addition, this research will focus on the
characteristics of user preference and design different meth-
ods for adapting and learning, with the view to correspond
correctly the modification of user preference, so that the
mobile user can be promptly provided precise personalized
information in the data search by the service provider. The
goals of this research are as follows:

(1) Establishing a location-based information recom-
mendation model. By integrating the attributes of
user geographical location and personal preference,
we will establish an effective information recommen-
dation model in order to satisfy the need for mobile
customers.

(2) Developing and measuring a personalized prototype
system based on LBSRM. This research selects hotel
information as an example, and develops the LBSRM
into a prototype system with simulation contexts. For
measuring the correction of recommendation system,
we adopt the index of precision to conduct the work
of system evaluation.

(3) Designing an experimental method for the effective-
ness of preference adjustments. To reflect the prefer-
ence adjustability of system to respond to the shift
of the user preference, this research develops an
experimental context focusing on such shift. In light
of the characteristics of time accumulation and sud-
den modification for user preferences, the suggested
model would design different long-term as well
short-term preference adjustment methods so that
the appropriate method can be found to correspond
to user preference promptly.

2. Literature review

2.1. Location-based service (LBS)

The LBS is a kind of service derived from the ability in EC
to identify and transmit location information. Chen (2002)
defined the LBS as the application of which the service and
information provided is determined by the user location. In
another word, users are able to receive the most suitable ser-
vice which is provided by service provider according to their
location at a particular time. As the result, both the user and
the content provider are able to be benefited form it.

LBS is not merely designed and developed for the general
business purposes. In addition to satisfy commercial needs,
its service can be extended to general consumer application,
in which different LBS could be provided to the consumers
according to their distinct location. For example, global
positioning system (GPS) for driving a car and emergency
rescue services for consumers in a risk context.

As of lately telecommunication companies in many
countries have been actively introducing new applications
of information services. It is expected that LBS will play
an important role in the telecommunication industry due
to its ability of positioning in the mobile telecommunica-
tion. However, its development lags behind this expecta-
tion. It is because LBS aimed at mobile users, and due to
the complete difference with respect to the operation inter-
face of web service of mobile devices from that of comput-
ers, any complex application service will lead to consumer
resistance. As the result, it is necessary for the development
of LBS to utilize the mobile devices effectively and to intro-
duce the recommendation mechanism correctly (Köhne,
Totz, & Wehmeyer, 2005).

2.2. Recommendation system

The purpose of establishing a recommendation system
was to solve the problem of information overload, and it
has become a very important mechanism in the activity
of product promotion within the EC Industry. Recommen-
dation system will base on its understanding of the user
and the recommended products in order to predict the user
preferred item and thereby recommend the item. In prac-
tice, the system understanding of the degree of user prefer-
ence toward the products is based on grading, which will
form the decision foundation of whether to recommend.

In general, core steps of the recommendation system are
as follows. Firstly, the user attributes are collected, pro-
cessed and analyzed. Secondly, the system will base on
the conclusion of the above first step to commence recom-
mendation. Thirdly, user will provide feedback to the sys-
tem so that it can update user preference information.

In addition to filtering unnecessary information, recom-
mendation system emphasizes on the point of the ability
to suggest items interesting to the user. The interaction
between recommendation system and the user can be
divided into explicit as well as implicit methods (Leavitt,
2006; Resnick & Varian, 1997). The former would require
the user to input certain conditions, on which the system will
base to make its recommendation. The latter would enable
the system to collect or observe user behavior so that user
preference is detected.

Due to limitation on display and operation interface of
mobile devices, recommendation system that adopts explicit
method would create burden to its users. However, exclusive
implicit method would require the system to collect enough
user experience before correct preferences could be learned.
To solve the problem, this research integrates both explicit
and implicit recommendation methods, and designs a model
in which the user is allowed to register and conduct prefer-
ence inputs in the web environment, which will reduce the
user input time on the mobile device. In addition, the
research proposed a new algorithm that is capable of learn-
ing user preferences in order to reduce the burden of the sys-
tem and to raise the correction rate in recommendation.

2.3. Content-based recommendation

Content-based recommendation is based on the degree
of similarity between user preference and recommendation
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items in order to seek highly similar items for its recommen-
dation to the user (Linden, Smith, & York, 2003; Yang,
Cheng, & Dia, 2008). That is, items suggested by the system
resemble items for which user has previously showed inter-
ests. This method is highly suitable for application in loca-
tion-based recommendation, and it can raise user
motivation to utilize the service (Liang, Lai, & Ku, 2007).

There are two categories in the so-called ‘‘content”. The
first one is item content. Items include all kinds of attri-
butes, which can be created by analyzing contents or sup-
plied by expert or item provider, in order to describe the
item. The item attributes can be categorized into two
groups. Static attribute is used to describe those which
are not affected by the user preference, such as the name
of the restaurant or telephone. Dynamic attributes, and
in this group, users interest in the items will be affected
by different attributes, such as the price, service, and the
characteristics of the restaurant.

The other type of content is user content, or user profile,
including signature value such as user interests and prefer-
ences. Generally, the user profile is matched to the item con-
tent, and the degree of similarity is calculated to determine
whether a recommendation should be made. User profile
can be established through analyzing historical activity of
the user (contact, purchase or rating) or through the active
supply from the user (Adomavicius & Tuzhilin, 2005).

In the methodology of Yuan and Tsao (2003) regarding
the recommendation of advertisements, score is calculated
with dynamic attributes of user profile and item contents.

ScoreR ¼
Xn

i¼1

Xm

j¼1

W Ii aj � I iaj

where ScoreR represents the recommendation score given
by the system. The number of attribute items is n and each
attribute item’s number of value is m. Iiaj represents the jth
attribute value in the ith attribute item in the advertise-
ment. WIiaj represents the degree of user preference repre-
sented in the jth attribute value in the ith attribute item.

In addition, there is an important feature in a recom-
mendation system, which is the ability to record user
behavior and to build a personalized ‘‘history data”. By
analyzing the ‘‘history data”, the objective of making the
recommended item to be closer to actual user preference
can be achieved. In the design of recommendation mecha-
nism, this research introduces historical information into
the recommendation equation, and further develops a dif-
ferent recommendation score based on the forms of item
attributes, in order to solve the shortcoming of Yuan and
Tsao (2003) in the recommendation equation.
2.4. User preference

In the typical structure of recommendation system, the
user preference is considered as one of the core elements.
Based on user feedback, recommendation system conducts
preference adjustments in order to modify actual user behav-
ior, aiming at filtering most items not interesting to the user
in the next recommendation, which forms the cycle of the
whole process. However, regardless of the importance of
user preference adjustments, it is not an easy task, particu-
larly in the dynamic environment and mobile application.

Widyantoro, Ioerger, and Yen (2003) suggested a model
which based its sources of information on internet docu-
ment in order to learn user preferences. This model distin-
guishes user preference as long-term and short-term
preferences. The learning process adopts gradual method
(i.e., one at a time) of recommendation, and it will observe
the user positive or negative feedback regarding the recom-
mended documents in order to detect whether there is any
variance in the user preference and then further modify
the model. Accordingly, this research adopts the concept
of the above two characteristics, and designs preference
adjustment model suitable in the area of location-based
area, respectively.

The features of long-term preference are as follows: (1)
the acquired user interests build up gradually over a long
period, and it will not be affected easily by recent user feed-
back; (2) the efficiency of the model will be improved with
more feedbacks. In the long-term preference adjustment,
the research attempts to base its algorithm of user prefer-
ence adjustment on the ‘‘posterior probabilities” methods
of the Bayesian Theorem. In addition to be able to reduce
the complexity of the user model establishment process in
prior studies, Bayesian Theorem can utilize limited history
data more efficiently, thus in the analysis of preferences, the
model does not need a lot of history data in order to reach
ideal corollary value, thus better preference adjustment can
be achieved.

On the other hand, short-term preference emphasizes its
ability to correspond promptly to the sudden change of
user interests. In the short-term preference adjustment, in
order to reflect sudden change of user preference, the con-
cept of the design of preference algorithm is based on the
attempt to adopt the variance between system recommen-
dation and user actually preferred item. The two kinds of
preference adjustment methods as the suggestion to enter-
prises as references are useful for introducing a LBS and
a recommendation mechanism.

3. Recommendation model for location-based service

This research proposed a location-based service recom-
mendation model to integrate mobile service for personal-
ization and positioning. The model is divided into
registration module, recommendation module and prefer-
ence adjustment module (see Fig. 1), and these modules
interact with each other through databases.

3.1. Location-based database

Location-based information is a set of items that por-
tray location attributes. Assume that Hik is an attribute
set of LBS items, and then datasets can be represented as



Fig. 1. The architecture of location-based service recommendation model (LBSRM).
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9>>>=
>>>;

where
i ¼ 1; 2; � � � ; n ðthe number of data itemsÞ

k ¼ 1; 2; � � � ;m ðthe number of attributesÞ

Datasets include dynamic as well as static attributes. Be-
cause static attributes do not affect user preference, this re-
search does not utilize it in the calculation of
recommendation scores. On the contrary, dynamic attri-
butes can be simply divided into two types: numeric and
catalogic, thus this research will calculate its recommenda-
tion score based on these two different attribute types.
3.2. User preference database

In the design of the user preference data, in addition to
user static data such as user name, mobile device identifica-
tion code, its dynamic data is planned according to the
dynamic attributes of location-based data items, so that
the degree of user preference for dynamic attributes in
the location-based information can be represented. Assume
Ujk is the preference cluster of location-based information
of different users, its datasets can be represented as

ðU 11;U 12;U 13; � � � ;U 1mÞ

ðU 21;U 22;U 23; � � � ;U 2mÞvdots

ðU s1;Us2;Us3; � � � ;U smÞ

8>><
>>:

9>>=
>>;

where
j ¼ 1; 2; � � � ; s ðthe number of usersÞ

k ¼ 1; 2; � � � ;m ðthe number of attributesÞ
3.3. User history database

User history database records the historical items that
user has already selected in the system. In general, the
records of the user history behavior can be used as the basis
of forecasting the user long-term preference transition. In
order to satisfy the needs for personalization of the recom-
mendation system and the needs of preference adjustment
modules, the attributes of user history data include mobile
device identification code, system recommended items, user
actually selected items, and the contents of each item.

3.4. Registration module

The registration module establishes user preference
information as the basis of the initial system recommenda-
tion. After the registration, when the mobile user look up
location-based information, recommendation module
bases on the user location to retrieve information within
the area from the location-based database. It then collects
data in the user preference database and history database
for the purpose of calculation of recommendation score.
The recommendation result will be recorded in the history
database, and the user preference will be modified by long-
term and short-term preference adjustment in order to
achieve personalized recommendation process.

In order to acquire clearer importance for each prefer-
ence attribute of the individual user, the impact degree of
each preference is added in the interface design. Assume
the number of attributes is m, initial preference set by the
individual user is U1 � Um, new impact value Fk calculated
by the registration module can be shown as

F k ¼
U kPm
v¼1Uv

ð1Þ
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3.5. Recommendation module

3.5.1. Area data filtering

In general, LBSRM will first filter area information
based on user location, and it will then conduct its recom-
mendation task (Yang et al., 2008). This system utilizes
Euclidean Distance to identify the recommendation sets
in order to choose suitable information for the user loca-
tion area. Assume the search area is D, and the user loca-
tion is (Xu,Yu), then the recommended information item
clusters are those whose distance DH is within Eq. (2).

DH ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðX u � X HiÞ

2 þ ðY u � Y HiÞ
2

q
6 D ð2Þ
3.5.2. Information grouping

In order to enable faster understanding of the each item
feature by the user, the model categorizes the data based on
better attributes, so that features of each item can be exhib-
ited. For example, the restaurant which is closest to the
user can be categorized as distance group for its feature
of shorter distance. In the data cluster, the researcher con-
ducts grouping based on the numeric type of attribute
items (shown as Gk in this research). First of all, each attri-
bute is standardized. The purpose of normalization is to
transfer the item into value between 0 and 1, which will
be the basis of system determination of the value of the
attributes. Take distance attribute for example, DH is the
distance between the user and the target, and the normal-
ized method of new value HD0 is shown as Eq. (3).

H 0D ¼
D� DH

D
ð3Þ

Secondly, the threshold value h is established. As long as
any attribute Hik in the data is bigger than h, then it is cat-
egorized as Gk (see Eq. (4)); if any data is categorized at the
same time as more than two groups, the grouping is deter-
mined according to the biggest user reference Uj (Eq. (5)).

If Hik P h then Hi 2 Gk ð4Þ
If Hi 2 fGkg and Hi 2 fGk0 g then H i 2 GmaxðUjkÞ

ð5Þ
3.5.3. Recommendation score calculating

In the calculation of the recommendation score, this
research refers to methods of Yuan and Tsao (2003), which
is capable of describing individual preference directly. In the
data cluster, assume the attribute cluster of location-based
information Hi is Hi1 � Him, user Uj’s preference attributes
are Uj1 � Ujm, the recommendation score of that particular
location-based information Hi is calculated as Eq. (6).
Higher score represents that it is closer to user preference.

Xm

k¼1

ðH ik � U jkÞ ð6Þ

In addition, in the dealing of the attribute of catalogic type,
if the above mentioned method is adopted to calculate the
recommendation score, initially the data has to be trans-
formed. However, the transformation from catalogic type
into numeric type requires applicable knowledge of partic-
ular domain experts to design a similar matrix to define the
distance or similarity of data value. It might be too com-
plex in design to achieve this. Accordingly, this research
adopts an integrated design with user history data and
the rate of time-discount. The mechanism calculates the
user preference toward the particular catalogic type, with
the discount rate as r, number of history record shown as
q, and the total numbers of recommendation items as p,
then the equation is as follows:

Xm

k¼1

Xp

q¼1

H ik �
1

p
� rp�q

� �
ð7Þ

If the location-based information includes both numeric
and catalogic type, then the recommendation score is as
follows:

Xm

k¼1

ðH ik � UjkÞ þ
Xm

k¼1

Xp�1

q¼1

ðH ik �
1

p
� rp�qÞ ð8Þ

The mechanism focuses on each location-based data in the
data set and calculates the recommendation score. The
information is exhibited to the user according to the rank-
ing of the score, which would form the decision reference to
the user, and the decision efficiency can be raised.

3.6. Preference adjustment module

3.6.1. Short-term adjustment

In the implicit recommendation system, in order to
reflect the change of the user preference, it usually adopts
learning method to adjust user preference after the user
feedback is received. The system conducts similarity review
between the best-recommended item and actual user selec-
tion, and the difference of the recommendation score is
adopted as the rate of the preference adjustments. This
could enable the reflection of the degree of the user prefer-
ence with ease. Assumes the most recommended informa-
tion is item A, but the user selects item C, it means that
the user Uj’s preference has to be modified, and the equa-
tion is as follows:

UjkðnewÞ ¼ Ujk þ Ujk � ðH Ck � H AkÞ ð9Þ

But in the above equation, when the user preference attri-
bute is 0, it cannot calculate recommendation score for that
attribute, and the conducting of the preference learning
does not reach correct adjustment result. Thus Eq. (9)
has to be modified as

UjkðnewÞ ¼ Ujk þ ðUjk þ UjkðminÞÞ � ðH Ck � HAkÞ ð10Þ

where Ujk(min) is the smallest value which is not 0.

3.6.2. . Long-term adjustment
In order to analyze user preference hidden in the history

results, the research introduces Bayes’ decision procedure



Table 1
The design of hotel attributes

Item Attribute
type

Value

Name of hotel Static
Number of

hotel
Static

Matrix Dynamic
(numeric)

Reasonableness
of the price

Dynamic
(numeric)

Divided into 1–5 levels

Satisfaction of
the hotel

Dynamic
(numeric)

Divided into 1–5 levels

Service feature Dynamic
(catalogic)

The whole house for rent, close to the
ocean, close to the mountain, free
bicycles, garden, parking space, parking
service, kitchen, internet, train station
pick up

Hotel type Dynamic
(catalogic)

Hotel, motel, home stay, B&B, ranch

Address Static
Telephone Static

Table 2
User preference attribute table

Item Data type Range

Mobile phone ID code Static
Distance preference Dynamic (numeric) 0–1
Pricing preference Dynamic (numeric) 0–1
Service preference Dynamic (numeric) 0–1
Hotel type preference Dynamic (catalogic) 0,1
Hotel feature preference Dynamic (catalogic) 0,1
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to predict long-term preference. Let g be the group number
of items, lg be the user selecting item, and L be the system
recommendation item, then the probability of each item
group to be preferred by the user is as follows:

pðlgjLÞ ¼
pðLjlgÞpðlgÞP3
v¼1pðLjlvÞpðlvÞ

ð11Þ

where pðlgÞ ¼
ðlgÞ

n
; pðLjlgÞ ¼

ðLjlgÞ
n

The advantage of Bayesian theorem is the predicted score
changes gradually with the increase of the data volume,
but it has to be considered that data occurred for a long
time ago does not share the same reference value with re-
cent data when predicting preference change. Therefore,
we add the ‘‘time-discount rate” to Eq. (11), and rewrite
it as (12). Let r be the discount rate, and q be the number
of items occurred of p(L|lv), p be the sum of recommenda-
tion numbers, then Eq. (12) is as follows:

pðlgjLÞ ¼
pðLjlgÞpðlgÞP3
v¼1pðLjlvÞpðlvÞ

� pðLjlgÞ0 ð12Þ

where pðLjlgÞ0 ¼
1

p
�
X

rp�q

In order to calculate the probability of each group to be
preferred by the user, it is necessary to add up posterior
probability to understand actual user preference toward a
certain group under different system recommendation.
Let Tg be the predicted preference of user toward group
g, the calculation of Tg is as follows:

T g ¼
X3

v¼1

pðlgjLvÞ ð13Þ

After the calculation of the above equation, standardiza-
tion calculation is similarly undertaken, and the system
would save the results of predicted preference in the user
preference database for the basis of next recommendation
score.

4. The development of prototype system

The system adopts the above recommendation model as
the design basis of the prototype system, and take Yahoo
Life Plus’s (http://tw.lifestyle.yahoo.com.) hotel data struc-
ture as example for the design of attributes such as loca-
tion-based information (see Table 1) and user preference
(see Table 2) as well as the practice of simulated system.

There are two main components in the prototype sys-
tem. In order to allow involvement of more people in the
evaluating process, the system simulates the cellular device
by the presentation of web page. Therefore, the first com-
ponent is the web page for registering user profile, which
is provided for the user to conduct service registration
and initial preference setting. The second one is the core
of system for recommending an effective hotel information
that user needs.
Taking into consideration the limited display ability and
the convenience in the user operation, the system follows
two steps to show the recommended hotel information.
Firstly, the system will base on the user location to filter
the hotels within the area and calculate the recommenda-
tion score with the original user preference. The result is
shown to the user with top-N method, and the user can
browse the hotel attributes item by item. After the user
decides the best hotel, he or she is able to review further
descriptive information, and at the same time, the system
will base on the user feedback result and enter into the pref-
erence adjustment step. In the short-term preference adjust-
ment, the system calculates the preference according to the
difference between recommended and decided hotel in the
preceding step. In the long-term preference adjustment,
the system firstly saved the recommendation result in the
user history database, then it would calculate the prefer-
ence based on the history database in order to modify user
preference database, as the reference in the next recommen-
dation. The activity diagram of prototype system is shown
as in Fig. 2.

4.1. User registration

In the interface design of the web page, this system takes
the cellular phone number as the key to identify user; there-

http://tw.lifestyle.yahoo.com


Fig. 2. The activity diagram of simulation system.
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fore, the user has to fill in his or her cellular phone number
and personal preference in the registration phase. Three
preference attributes of numeric type such as distance, pric-
ing and service, the impact degree designed in Eq. (2) is
taken as the basis for the initial recommendation. In addi-
tion, in the attributes of catalogic type, multiple-choice
method is adopted to simplify the user setting process.
The registration web page is shown in Fig. 3.

4.2. Recommendation simulation system

It is in principal to simulate the user inquiry of location-
based information in the mobile environment in the system.
There are two main parts in the system interface. The left
part is the electronic map (Ji-an Township, Hualien
County, Taiwan) which shows the user geographical loca-
tion. The right part is the cellular phone interface which
simulates the interaction between user mobile device and
Fig. 3. The Webpage fo
the system. The simulated screen is shown in Fig. 4 and
the process is as follows:

(1) User location selection:
The system provides a map for users to randomly
pick a location in order to simulate the mobile envi-
ronment. Euclidean Distance is utilized by the system
to search all the hotels within the search range and
lists them in the location-based information cluster
in order to conduct recommendation.

(2) Recommendation step:
In this step, the hotels in the area is first filtered and is
divided into three groups of distance (D), price (P)
and service (S) according to grouping rules in Section
3.5.2. Take the initial recommendation as an exam-
ple, after calculation of the scores for all hotel data
within user search range, the scores are displayed in
table according to their order for the reference of
r user registration.



Fig. 4. The user interface for LBSRM simulation system (Hualian city, Taiwan).
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user’s decision. User can further inquire the dynamic
attributes data of the location-based information in
the search table. If the user is satisfied with a partic-
ular item, he or she can click ‘‘details” and further
sees the description of the statistics attributes. For
the system, it is determined that the user has com-
pleted the data browsing, and the preference adjust-
ment step is then entered into.

(3) Preference adjustment step:
In this step, system determines the completeness of
the user feedback based on the user’s entering into
the third search level. If the item satisfying the user
matches the system’s best recommendation, ‘‘recom-
mendation succeeded” message would be displayed.
If the user’s item of satisfaction is not the most rec-
ommended item of the system, preference adjustment
is then undertaken, and ‘‘preference adjustment com-
pleted” message is shown after calculation.
5. The evaluation of prototype system

Two means are conducted to measure system success:
the satisfaction of system recommendation and the effi-
ciency of the preference modification. The system satisfac-
tion is evaluated through on-line questionnaires and the
preference adjustment efficiency is evaluated by the designs
of different experimental scenarios. The flow for evaluating
recommendation system and preference adjustment is
shown in Fig. 5.

5.1. The satisfaction of system recommendation

The user satisfaction is the measurement for the evalua-
tion of the correctness rate of the recommendation. This
research uses the ‘‘precision of recommendation” as the
indicator of recommendation result to portray the system
correctness. Precision is usually utilized to measure the
effectiveness of the system by seeing whether the recom-
mended results are accepted by the user (Basu, Hirsh, &
Cohen, 1998; Wang, Dai, & Yuan, in press). The equation
for precision of recommendation is as follows:
precision ¼ correct \ recommended

recommended
ð14Þ
After the completed recommendation by the system and
the decision of the user, a on-line questionnaire is gener-
ated automatically for the first 10 items in the recommen-
dation list. The content of the questionnaire lists all
recommended hotel and its attributes, which asks for
whether the user is satisfied with the recommended data
item by item. The respondents are MBA students who en-
roll in National Defense University, Taiwan. In this test,
there are 35 registrants and each respondent conducted
the simulation recommendation for six times. After the
unfinished replies are disregarded, there are 31 copies of
effective questionnaires, and the return rate is 88.57%.

In Fig. 6, it is shown that average precision of recom-
mendation for six times of all users as well as the degree
of variance for the precision due to shortening recommen-
dation lists. If items of Top-10 in the recommendation list
are taken, the feedback precision is 40.97%. It improves
with the shortening of the recommendation list. When
Top-3 on the recommendation list is taken, the precision
can be improved to 85.48%, which proves that the system
precision of LBSRM is significant. Accordingly, most
respondents are satisfied with the content of the system
recommendation.



Fig. 5. The evaluation of LBSRM simulation system.
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Fig. 6. Average precision of LBSRM simulation system.
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5.2. The efficiency of preference adjustment

5.2.1. Short-term preference

In the evaluation, preference adjustment adopts the
method of user preference setting, which simulates the sys-
tem ability toward short-term modification when there
occurs extreme change in the user preference. It also simu-
lates the situation in which the users have different prefer-
ence setup and transition. Since in the system design of user
preference, it includes three kinds of numeric type attri-
butes, in this evaluation, it simulates six kinds of preference
users who have different kinds of interests transfer. It
understands the system situation of preference adjustment
and required number for it through the simulation system
decision setting. The simulated contexts of user preference
setting and transition are as shown in Table 3.

With the premise that the users click randomly their
location is within the map, the users have picked the hotel
information which is the same as the actual attribute and
recorded the modified value of each adjustment until the



Table 3
Simulated user’s short-term preference feature

Simulated user Registration preference Actual preference

A1 Distance Price
A2 Distance Service
B1 Price Distance
B2 Price Distance
C1 Service Distance
C2 Service Price

Table 5
Simulated user feature of long-term preference

Simulated
user

Beginning
preference
(group)

Transferred
preference
(group)

Discount
rate

Number of
preference
shifts (times)

D1 D P 0.9 3
D2 D P 0.9 6
D3 D P 0.9 9
E1 D P 0.7 3
E2 D P 0.7 6
E3 D P 0.7 9
F1 D P 0.5 3
F2 D P 0.5 6
F3 D P 0.5 9
G1 D P 0.3 3
G2 D P 0.3 6
G3 D P 0.3 9

D: distance; P: price.
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system recommended Top-1 hotel matches actual preferred
hotel. As shown in Table 4 is the experimental result of the
simulated user.

Through the above design and experiment process, it
can be observed when there is interest transition for the
simulated user, for the short-term preference adjustment
mechanism, the system is capable of making precise recom-
mendation for the user preference item, but if there are two
items with too similar attribute value, the required number
of modification increases. Take the experiment of user C2
for example, due to the fact that there is only slight differ-
ence for two Home Stays in the price attributes within the
area, the number for preference adjustment increased to 9,
which leads to the inference that the ability for short-term
preference adjustment lacks stability.

5.2.2. Long-term preference

This research adopts the method of dynamic grouping
and the hotels within the area are divided into three groups
according to its attribute value, in the initial recommenda-
tion, the system will list the user preference as Top-1 recom-
mendation. Accordingly, when there is any modification in
the user preference, the system calculates the user history
database with an improved Bayesian Equation. Because
the history data includes only the new preference record
of the user, the system would immediately complete adjust-
ment to new preference, thus the evaluation method of
long-term preference has to take into consideration the
amount of history data and the determination of time-
discount rate. Accordingly, this evaluation sets up three
kinds of users with different frequency of preference adjust-
ment, and it simulates the system long-term adjustment
under different discount rates. It then is able to observe
the relationship among history data numbers, discount
rates and number of preference adjustment. The simulated
user setting is shown in Table 5.
Table 4
Table of short-term preference adjustment after experiment

Simulated user Preference value before experiment Preferenc

Distance Price Service Distance

A1 1 0 0 0.52
A2 1 0 0 0.41
B1 0 1 0 0.74
B2 0 1 0 0
C1 0 0 1 0.82
C2 0 0 1 0
Assume the initial value of long-term preference of all
simulated user is 0, and at the beginning the preferred is
grouped by ‘‘Distance”, and after 3, 6 and 9 times of pref-
erence shifting, respectively, while recording long-term
shifting of each group, the preferred group becomes a
‘‘Price”. The required number of times for the system to
accommodate the new preferences of simulated users in
the simulated experiment is shown in Table 6.

Therefore, three essential characteristics can be observed
in these results. (1) The system reaction to preference
adjustment is immediate if without history data. (2) Where
the structure of learning adjustment is similar, the latter the
adjustment (i.e., the more history data), the more needed
number of adjustment. (3) The lower the discount rate,
the faster the learning adjustment speed.

This research adopted the forecast method of improved
Bayesian Theory in the long-term preference adjustment.
It can be explained from the experimental result that when
the user preference transfers, with the increase of history
data, the required number of adjustment also increased.
But at the same time, through reduced discount rate, the
needed number of adjustment decreased with it. Therefore,
the system is able to adjust user preference more efficiently
when the user interests transfer with the rate of time-dis-
count dynamically. Based on this result, the research further
seeks the mechanism ability to satisfy the needs of user pref-
erence change precisely through manually determined num-
ber of adjustment. In this evaluation, the designated
e value after experiment The number of the adjustment times

Price Service

0.48 0 3
0.1 0.49 3
0.16 0.1 7
0.48 0.52 9
0 0.18 9
0.52 0.48 9



Table 6
Table of long-term preference modification after experiment

Simulated users Preference value after experiment The number of the
adjustment timesGroup (distance) Group (price)

D1 0.4216 0.5783 3
D2 0.4931 0.5068 5
D3 0.4814 0.5185 7
E1 0.2553 0.7446 3
E2 0.3854 0.6145 4
E3 0.3858 0.6141 5
F1 0.3962 0.6037 2
F2 0.3600 0.6400 3
F3 0.2519 0.7480 4
G1 0.1779 0.8220 2
G2 0.4707 0.5292 2
G3 0.1998 0.8001 3

Table 7
The combined evaluation of simulated user’s preference feature

Simulated
user

Initial
preference

Transferred
preference

Preference
transfer (times)

Scenario
basis

H1 Distance Price 6 A1
H2 Distance Service 9 A2
I1 Price Distance 6 B1
I2 Price Service 9 B2
J1 Service Price 6 C2
J2 Service Distance 9 C1

Table 8
The comparative features of preference adjustment

Adjustment
method

Features

Short-term
preference

1. Low process time before the recommendation and
cost of preference adjustment calculation
2. Precision of the recommended item
3. The adjusting ability is affected by the item attribute
value, which lacks the stability

Long-term
preference

1. The adjusting ability is affected by the number of
history record, but by way of dynamic adjustment of
discount rate, which enables the number of preference
adjustment not to rely on algorithm, it can be set up
previously by system administrator or user’s preference
2. It requires grouping of the items before the
recommendation
3. The cost of calculation is high because the
adjustment calculation has to base on history records
4. The system does not immediately transfer the user
preference adjustment when the user behavior suddenly
changes due to unexpected event
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number of preference is three times in default. In terms of
simulated user setting, the scenario setting of Table 3 is
adopted, and under different timing of preference change,
the efficiency of adjustment is tested. The simulated user set-
ting is shown as Table 7.

The purpose of this evaluation is to simulate the users
utilizing of the system with their initial preference, and
their preferences are transferred after 6 and 9 times of rec-
ommendation, during which the changing situation of user
short-term and long-term preference is recorded in order to
understand whether the entire number of preference adjust-
ment is identical with the manually determined number of
nu
m

be
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of
 a

dj
us

tm
en

t

short-term preference 3 3

long-term preference 4 3

A1(H1) A2(H2)

Fig. 7. Comparative figure of num
adjustment. The compared objective in the design is shown
in Fig. 7, with the view of understanding the difference of
number of adjustment between short-term and long-term
preference.

Based on above evaluation process, it can be inferred
that the characteristics of short-term and long-term prefer-
ence are different in a conceptual design that is organized as
in Table 8. In addition, the result of the evaluation shows
that adjusting time-discount rate dynamically, in order to
satisfy the needs for user preference transition precisely,
can optimize the number of adjustment.

In general, for the experimental design in this section,
when the user’s preference transfers, the system on average
is capable of completing the preference adjustments within
the manually determined number of adjustment number. It
shows that this system is more flexible with regard to the
adjustment ability for user preference compared to previ-
ous research in which the number of preference modifica-
tion is restricted by the algorithm and unable to conduct
dynamic adjustments.
Simulated User

7 9 9 9

3 3 3 3

B1(I1) B2(I2) C1(J2) C2(J1)

ber of preference adjustment.
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6. Conclusion

This research proposes a model which combines relevant
characteristics of LBS and information recommendation,
namely LBSRM, and designs a prototype system exempli-
fied by hotel data with the ability of preference adjustments.
It aims at the ability of receiving mobile information effec-
tively in the M-commerce, and seeks to satisfy the user
needs for ‘‘personalized and localized” information service.

This research adopts the on-line questionnaires for the
users to evaluate the effectiveness of the LBSRM in the pre-
cision evaluation. The result shows that users satisfy the
recommendation system which has a higher precision rate,
and it can be proved that the expected recommendation
effect is to be achieved. Moreover, two experimental
designs including the differences among preference attri-
butes and the Improved Bayesian Decision Theorem are
adopted to evaluate the efficiency of the preference adjust-
ment. It can be inferred from the results of the experiments
that when the homogeneity is high between system recom-
mendation and items selection by the user, short-term pref-
erence requires more times of adjustments, while for the
long-term preference, it depends on the user history data.
With regard to the adjusting ability, long-term preference
can reach better result. Furthermore, the findings in this
research can be inferred from the evaluation experiments
that there exists interacting relationship between number
of items of history records, time-discount rates and number
of preference adjustments. Under the changing history
records, the user or the system administrator can manually
determine the number of preference adjustments by chang-
ing the weighting of recent preference, i.e., the dynamic
adjustment method of time-discount rate. Accordingly, this
ability to adjust preference is thus more flexible.

References

Adomavicius, G., & Tuzhilin, A. (2005). Toward the next generation of
recommender systems: a survey of the state-of-the-art and possible
extensions. IEEE Transactions on Knowledge and Data Engineering,

17(6), 734–749.
Basu, C., Hirsh, H., & Cohen, W. (1998). Recommendation as classifi-

cation: using social and content-based information in recommenda-
tion. In Proceedings of the 15th national conference on artificial

intelligence (pp. 714–720).
Chen, G. (2002). Wireless location-based services – technologies, appli-

cations and management. In The Asia–Pacific network operations and

management symposium.
Kim, J. K., Kim, H. K., & Cho, Y. H. (2008). A user-oriented contents

recommendation system in peer-to-peer architecture. Expert Systems

with Applications, 34, 300–312.
Kim, T. H., Song, J. W., & Yang, S. B. (2003). L-PRS: a location-based

personalized recommender system. In Proceedings of the international

conference of Korea intelligent information systems society (pp. 113–
117).
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