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Abstract

Exploring new applications and services for mobile environments has generated considerable excitement among both commercial
companies and academics. In this paper we propose a location-aware recommender system that accommodates a customer’s shopping
needs with location-dependent vendor offers and promotions. Specifically, we propose a recommender system for recommending ven-
dors’ webpages – include offers and promotions – to interested customers. We present the developed system and the constructed
approaches in this paper. The results of experiments using both synthetic and empirical data are also reported and discussed.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Mobile computing, where users equipped with PDAs,
cellular phones, or laptops are free to move while staying
connected to service networks, has proved to be a true rev-
olution (Stafford & Gillenson, 2003). Exploring the prom-
ises of mobility in designing new applications and services
that automatically accommodate customer’s shopping
needs with location-dependent vendor offers and promo-
tions has generated considerable excitement among both
commercial companies (e.g., HP, Nokia, and Samsung)
and academics (e.g., Brunato & Battiti, 2003; Sun, 2003;
Tewari, Youll, & Maes, 2002; Tsang, Ho, & Liang, 2004).

One of the most popular tools provided in e-commerce
to accommodate customer shopping needs with vendor
offers is recommender systems (CACM, 1992). Many such
systems have emerged over the past decade, whose basic
idea is to recommend products according to the preferences
of customers. Two broad classes of recommendation
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approaches that are commonly used are the content-based

and collaborative approaches (CACM, 1992). The con-
tent-based approach characterizes recommendable items
as a set of content features and represents the profile of a
customer’s interests using a similar feature set. This
approach selects recommendable items that have a high
degree of similarity to the customer’s profile. In contrast,
the collaborative approach recommends items to a cus-
tomer by taking into account the preferences of other cus-
tomers (Shardanand & Maes, 1995).

Traditional recommendation techniques, however, are
not fully suitable in mobile shopping environment. M-com-
merce is unique in its location-aware capability (Stafford &
Gillenson, 2003). Mobile computing adds a relevant but
mostly unexplored piece of information – the customer’s
physical location – to the recommendation problem. Per-
sonal recommendations in m-commerce provide the oppor-
tunity and the challenge to take location into account.
Therefore, in this research, we propose a location-aware
system for recommending vendors’ webpages in a mobile
shopping environment.

The proposed personal recommender (PR) system is
designed to recommend vendors’ webpages (including
offers and promotions) to interested customers. The PR
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system adopted a location-aware architecture so that
customers can receive the information of their preferred
vendors that are in their neighborhood. The core of the
PR system is a recommendation mechanism that analyzes
a customer’s history and position so that vendor informa-
tion can be ranked according to the match with the prefer-
ences of a customer. Various characteristics of mobile
shopping environments are taken into account, and the
resulting system can be applied to m-commerce.

This paper is structured as follows. Section 2 reviews
related research efforts, and Section 3 describes the overall
architecture of the PR system. Section 4 details the design
and construction approaches of the PR system, and Section
5 reports our implementation experiences and evaluation
results. Section 6 summarizes this work and suggests future
directions for research.

2. Related work

Due to the increasing adoption of mobile devices, loca-
tion-aware systems are becoming more widespread and the
demand for them continues to grow. Such systems employ
various means to obtain position estimates, such as GPS
(Global Positioning System) (outdoor only, with a preci-
sion of about 10 m), active badges (Want, Hopper, Falcao,
& Gibbons, 1992) (precisions ranging from a few centime-
ters to room size), or by exploiting the radio propagation
properties of the wireless networking medium (Bahl &
Padmanabhan, 2000) (with precisions of a few meters for
Wi-Fi). These location-aware systems use the estimated
position to provide various services. For example, the
‘‘Active Badge Location System’’ proposed by Want
et al. (1992) is considered one of the first location-aware
applications. This system used infrared technology to
determine a user’s current location, which was used to for-
ward phone calls to a telephone close to the targeted user.
The ‘‘Personal Shopping Assistant’’, proposed at AT&T in
1994 (Asthana, Cravatts, & Krzyzanouski, 1994), provided
an indoor wireless system for personalized shopping assis-
tance. The Cyberguide system (Long, Kooper, Abowd, &
Atkeson, 1996), developed by the Future Computing Envi-
ronments group at the Georgia Institute of Technology,
used wireless transmissions and GPS to build mobile tour
guides that provided information to tourists based on
knowledge of their positions and orientation. This system
has been extended to support conference attendees by pro-
viding them with appropriate information via a PDA as
they navigate conference rooms (Dey, Salber, Abowd, &
Futakawa, 1999). Several other tour guides (e.g., Davies,
Cheverst, Mitchell, & Friday, 1999; Kreller et al., 1998;
Cheverst, Davies, Mitchell, & Friday, 2000) have also been
proposed. In the present study, we focused on recommend-
ing vendor’s webpages.

E-commerce has seen the emergence of many types of
recommender systems that are designed to provide per-
sonal recommendations about various types of products
and services, including news and emails (Billsus & Pazzani,
1999; Goldberg, Nichols, Oki, & Terry, 1992; Konstan
et al., 1997; Lang, 1995), webpages (Balabanović & Sho-
ham, 1997; Terveen, Hill, Amento, McDonald, & Creter,
1997; Armstrong, Freitag, Joachims, & Mitchell, 1997),
books (Mooney & Roy, 2000), music albums (Shardanand
& Maes, 1995), and movies (Alspector, Kolcz, & Karunan-
ithi, 1998; Ansari, Essegaier, & Kohli, 2000; Basu, Hirsh, &
Cohen, 1998; Pennock, Horvitz, Lawrence, & Giles, 2000;
Schafer, Konstan, & Riedl, 2001). The first type of recom-
mendation techniques was called the content-based

approach (CACM, 1992). The basic idea of content-based
approach is to recommend products according to prefer-
ences of customers. Content-based approach characterizes
recommendable items by a set of content features and rep-
resents customers’ interest profile by a similar feature set.
Then, the relevance of a given content item and the cus-
tomer’s interest profile is measured as the similarity of this
recommendable item to the customer’s interest profile.
Content-based approach selects recommendable items that
have a high degree of similarity to the customer’s interest
profile. Another type of recommendation technique, the
collaborative approach (or sometimes called the social-based
approach), takes into account the given customer’s interest
profile and the profiles of other customers with similar
interests (Shardanand & Maes, 1995). The collaborative
approach looks for relevance among customers by observ-
ing their ratings assigned to products in a relatively small
training set. The nearest-neighbor users are those that are
most relevant to the target customer. These customers then
act as ‘‘recommendation partners’’ for the target customer,
with the collaborative approach recommending to the tar-
get customer items that appear in the profiles of these rec-
ommendation partners but not in those of the target
customer. Although these two types of recommender sys-
tems have achieved certain success in e-commerce, an
important piece of information in m-commerce – the cus-
tomer’s location – has not been exploited in previous rec-
ommender systems.

As noted by Sun (2003), the low input and output capa-
bilities of mobile devices make searches for supplier infor-
mation inconvenient. Therefore, there is a pressing need to
make it easier for mobile users to obtain their desired infor-
mation at the right time and in the right place. Sun (2003)
proposed the IRE (Information Requirement Elicitation)
framework to help users specify their requirements and fil-
ter suppliers by their contextual relevancy to users. Web-
signs, proposed by HP in 2001 (Pradhan, Brignone, Cui,
McReynolds, & Smith, 2001), sends the user’s position to
a central server that extracts all supplied items whose direc-
tion and distance fall within some item-dependent inter-
vals. Brunato and Battiti (2003) assume that a mobile
user is likely to interact with a PDA only for the time that
is strictly needed to find certain interesting information,
and hence proposed the PILGRIM system in which each
webpage is associated with a location ellipse derived from
previous user’s access logs, with webpages recommended
when the user is located within the corresponding ellipses.
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Our work is influenced by the IRE framework, while we
focus on and specify the approaches for recommending
vendor’s webpages. In the PR system, users receive the
information of their preferred vendors that are in their
neighborhood without the limitations of item-dependent
interval or location ellipse.

3. System architecture

Position-detection systems fall into two categories. In
centralized methods, such as Active Badge (Harter & Hop-
per, 1994), Active Bats (Ward, Jones, & Hopper, 1997),
and PARCTAB (Want et al., 1996), the infrastructure con-
sists of receivers deployed in some places, with end-users
beaconing out data. Client’s location is determined and
held on servers. In contrast, in decentralized methods, such
as GPS, Cricket (Priyantha, Chakraborty, & Balakrishnan,
2000), and RADAR (Bahl & Padmanabhan, 2000), the
infrastructure consists of beacons deployed in some places,
signaling to clients their locations. Hence, client’s location
is determined and held on a personal device.

There were numerous interviews (Barkhuus & Dey,
2003), reports (Weiser, Gold, & Brown, 1999), and books
(Garfinkel, 2001) describing public unease over the poten-
tial for abuse of privacy-sensitive location-aware systems.
It may be that privacy will be the greatest barrier to the
adoption of location-aware services (Brunato & Battiti,
2003). Compared with the centralized approach, the decen-
tralized approach gives end-users greater choice over
whether to disclose their location to others. We have there-
fore adopted the decentralized approach here, whereby
customers only send out their location data to the server
when they need the recommendation service.
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Fig. 1. Architecture o
The overall architecture of the PR system is shown in
Fig. 1. The client side comprises two components: (i) a
standard Internet browser and (ii) the location manager
that estimates the client’s position. When a customer needs
the recommendation service, a request is sent with the cus-
tomer’s position to the server. On the server side, the core is
the recommendation engine consisting of off-line and on-
line subsystems. The off-line subsystem maintains a data-
base, WEB ACCESS, that logs data about what webpages
have been visited by each customer. This subsystem also
analyzes the logged data and derives the profile of each cus-
tomer’s interests. The on-line subsystem maintains the cus-
tomer profiles plus a database, VENDOR DATA,
containing vendor’s information, such as name, physical
address, and webpage link, which is directly registered by
vendor. When receiving a service request, the on-line sub-
system generates a list of possibly interesting webpages
based on the customer’s interests profile, vendor data,
and the instantaneous position of the customer provided
by the location manager.

A screenshot of the client-side subsystem is shown in
Fig. 2. After sending a service request, the customer receives
a recommendation list containing links to various vendors
in the right-hand frame. The positions of the customer and
recommended vendors are also marked in a map displayed
in the left-hand frame. Once a link to a specific vendor in
the right-hand frame is clicked, the corresponding webpage
will be shown in the bottom frame.

4. Details of the approach

In this section, we describe the off-line learning per-
formed in the recommendation engine of the PR system,
rator 
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Fig. 2. A screenshot of the client-side PR system.
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depict the on-line generation of a recommendation list, and
then discuss how to improve the search efficiency.
4.1. Identification of interest profile

Once the WEB ACCESS database is populated with
past customer accesses to webpages, its data can be used
to estimate a customer’s interest profile. The PR system
applies a simple information extraction method (Kushmer-
ick, Weld, & Doorenbos, 1997) to the visited webpages.
Information extraction involves obtaining useful structured
data from unstructured text. In our system it involves pars-
ing the raw pages, removing punctuation and prepositions,
and grouping stemming words into generalized terms. The
system adopts the bag-of-words model and creates a vector
of terms for each webpage, in which each cell indicates the
frequency with which each term occurs in the webpage.

The profile of interest of each customer, which is learned
from the webpages that the customer has visited, is also
represented as a vector of terms that are created by the sys-
tem by summarizing the webpages that he or she has vis-
ited. Therefore, if a customer c has visited a set S of
webpages, the interest profile of customer c is estimated
using

CP ðcÞ ¼
X

w2S

VectorðwÞ; ð1Þ

where Vector(w) denotes the term vector of webpage w.
4.2. Generation of recommendation list

Based on the generated profile of a customer’s interest,
the PR system estimates the customer’s interest in the
webpage of a particular vendor based on the similarity of
the webpage to the customer’s interest profile according to

Similarityðc;wÞ ¼ CosinðCP ðcÞ;VectorðwÞÞ ð2Þ
The physical distance between the customer and vendor is
also considered by the PR system. Each webpage registered
by a vendor is assigned a physical location. We posit that
the likelihood of a vendor being visited by a customer falls
exponentially with the distance between them:

DistanceDecayðc;wÞ ¼ 1

ek�Distanceðc;wÞ ð3Þ

where k 2 [0,1] is a parameter representing the customer’s
sensitivity to location, and Distance(c,w) denotes the
Euclidean distance between customer c and webpage w.
Therefore, the interest of customer c in vendor’s webpage
w at the customer’s present position is

Interestðc;wÞ ¼ Similarityðc;wÞ
�DistanceDecayðc;wÞ ð4Þ

The PR system generates a recommendation list containing
the top-N webpages for the requesting customer.

Parameter k ranges from 0 for a customer who does not
care about a vendor’s location to1 for a customer who is
infinitely sensitive to a vendor’s location. Clearly, if k is
small, the exponential distance function decreases slowly,
and the customer is more likely to choose a vendor in a dis-
tant location; if k is large, the exponential distance function
decreases quickly, and the customer is less likely to choose
a vendor in a distant location. A procedure for determining
the most suitable k for each customer was also designed in
this study.

The procedure for determining k starts with a randomly
chosen k0, and iteratively adjusts it to find the desired value



λ -learning(λ: real; S: a set of webpages): real 

{

Partition S into two sets SS and SNS;

Let w be the farthest page in SS;

),(tan)1( ),(tan),(tan wcceDisee wcceDiswcceDis ××−+= ×−×− λλλλ ;

Let w be the shortest page in SNS;

),(tan)0( ),(tan),(tan wcceDisee wcceDiswcceDis ××−+= ×−×− λλλλ ;

Return λ;

} 

Fig. 3. The pseudocode of the k learning procedure.
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using least-squares strategy (Mehrotra, Mohan, & Ranka,
1996). For an estimated setting of the parameter, the
squared error between the estimated output and the desi-
red output d of the exponential decay function is E =
(e�k·Distance(c, w) � d)2, so that

oE
ok
¼ �2ðe�k�Distanceðc;wÞ � dÞ � e�k�Distanceðc;wÞ

�Distanceðc;wÞ ð5Þ
The magnitude of the change is hence computed as a neg-
ative multiple of oE

ok:

Dk ¼ ðe�k�Distanceðc;wÞ � dÞ � e�k�Distanceðc;wÞ

�Distanceðc;wÞ ð6Þ

Parameter k is learned by observing the customer’s selec-
tion behavior. As shown in Fig. 2, when a recommended
list is presented to a customer, the positions of recom-
mended vendors are also marked in a map. The selection
by the customer of a recommended page suggests that
the corresponding vendor is within an acceptable distance
from the customer. Therefore, once customer c requests
the service and a set S of recommended webpages is gener-
ated, suppose webpage wf 2 S is the farthest webpage that
customer c selected. We can define a disjoint partitioning of
S as SS [ SNS, where SS is the set of the webpages closer
than wf to customer c and SNS is the set of remaining pages.
Also, suppose wn is the nearest webpage to customer c in
SNS. Since it is believed that webpage wf is within the de-
sired distance of customer c, we make a negative change
to k by setting the desired output of the exponential decay
function to its maximal value 1:

k ¼ kþ ðe�k�Distanceðc;wÞ � 1Þ � e�k�Distanceðc;wÞ

�Distanceðc;wÞ ð7Þ

For page wn, we make a positive change to k by setting the
desired output of the exponential decay function to its min-
imal value 0:

k ¼ kþ ðe�k�Distanceðc;wÞ � 0Þ � e�k�Distanceðc;wÞ

�Distanceðc;wÞ ð8Þ

The k learning procedure repeatedly makes the above
changes to the parameter value in order to determine the
suitable setting.

Table 1 lists an example containing ten webpages listing
the similarities and distances to a customer c. Suppose k is
initially set to 0 and the system generates a top-five recom-
mendation list. Initially, five pages {w2, w3, w4, w7, w8} will
be recommended to customer c since they have higher
similarities to the profile of the customer’s interest. If cus-
Table 1
An example of ten vendor’s pages

Pages w1 w2 w3 w4 w5

Similarity(c,wi) 0.55 0.8 0.6 1.0 0.2
Distance(c,wi) 0.5 0.2 0.3 0.5 0.7
tomer c only selects pages w2 and w4 from this recommen-
dation list, the k learning procedure partitions the five
pages as two sets: {w2, w3, w4} and {w7, w8}. Because w4

is the farthest page in page set {w2, w3, w4}, k is recomputed
as 0 (i.e., k = 0 + (e�0 · 0.5�1) * e�0 · 0.5

* 0.5 = 0). Because
w8 is the nearest page in the page set {w7, w8}, k is recom-
puted as 0.8 (i.e.,k = 0 + (e�0 · 0.8 � 0) * e�0 · 0.8

* 0.8 =
0.8). In the next iteration, k will be set to 0.8. If the
customer requires a recommendation service at the same
position, five webpages {w1, w2, w3, w4, w7} will be
recommended.

Fig. 3 details the pseudocode of the k learning procedure
that is implemented and embedded in the client’s location-
manager component. Each time the customer requests the
recommendation service, the current k is send with the cli-
ent’s position to the server that generates a recommenda-
tion list. After receiving the generated webpages, k will
then be recomputed according to the customer’s selection
behavior and held on the client’s device for the next recom-
mendation service.
4.3. Improvement of search efficiency

In location-aware applications, customers often expect
to receive services in real time. Therefore, in order to avoid
the time-consuming task of scanning the entire webpage
database for each service request to build a recommenda-
tion list, we also implement a locality-based data structure.
Specifically, a data structure, R+-trees, is implemented in
the PR system. R+-trees, which was originally proposed
by Sellis, Roussopoulos, and Faloutsos (1987), is a
height-balanced tree that consists of intermediate and
leaf nodes. Data objects (each of which is contained in
a split rectangular space) are stored in leaf nodes, and
w6 w7 w8 w9 w10

0.1 0.9 0.65 0.5 0.4
1.0 0.9 0.8 0.8 1.2
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intermediate nodes are built by grouping rectangles at the
lower lever. Specifically, in R+-trees, a leaf node is of the
form (oid, RECT), where oid is an object identifier and is
used to refer to an object in the database, and RECT
describes the bounds of data objects. For example, in
two-dimensional space, an entry RECT will be of the form
(xlow, xhigh, ylow, yhigh), which represents the coordinates of
the lower-left and upper-right corner of the rectangle. An
intermediate node is of the form (p, RECT), where p is a
pointer to a lower level node of the tree and RECT is a rep-
resentation of the rectangle that encloses it.

Suppose the webpages listed in Table 1 are distributed
over a two-dimensional space as shown in Fig. 4(a). A cor-
responding R+-trees then can be constructed as shown in
Fig. 4(b), where ten leaf nodes (N6, N7, N8, N9, N10, N11,
N12, N13, N14, and N15) are built. Also, six intermediate
nodes (N0, N1, N2, N3, N4, and N5) are constructed by
grouping nodes at the lower level. The pointer to a lower
level node and the enclosed rectangle are also stored in
each intermediate node.

Such an R+-trees, once constructed, can be used to
improve the efficiency of searching webpages. A well-
known tree search strategy, the best-first search (Lee,
Chang, Tseng, & Tsai, 2001), is used in the PR system.
The search strategy starts from the root node of the con-
structed R+-trees. During the process of tree searching,
the exponential decay function (i.e., Eq. (3)) is used as an
evaluation function and the intermediate node with the
N0

N1 N2 N3 N4 N5

N6 N7 N8 N9 N10 N11 N12 N13 N14 N15

(w1) (w2) (w3) (w4) (w5) (w6) (w7) (w8) (w9) (w10)

w1 w2

w3

w4

w5

w6 w7 w8
w9

w10

N6 N7

N8

N9

N10

N11 N12 N13
N14

N15

N1 N2

N3 N4 N5

N0

p pp2

pp3

pp4 pp5

(a) A two-dimensional space 

(b) R+-trees

Fig. 4. An example of R+-trees.
largest value among all intermediate nodes that have been
examined so far is selected for further extension. Please
note that, in order to compute the value of the exponential
decay function, the distance between a customer and an
intermediate node must be determined. In this study, if
the customer falls in the rectangle range of the intermediate
node, the distance is regarded as 0; otherwise the distance is
computed as the shortest distance between the customer
and the corresponding rectangle of the node. Take Fig. 4
as an example again. Suppose there is a customer requiring
the recommendation service at position p. The shortest dis-
tances between customer c and intermediate nodes N1, N2,
N3, N4, and N5 are 0, pp2, pp3, pp4, and pp5, respectively.
Therefore, among the second-level intermediate nodes, N1

will be first examined.
Also, the interest of a customer in webpages that have

been examined serves as a lower bound to the termination
of branches. From Eq. (4), it is clear that the interest on a
given webpage is equal to or smaller than the value of the
exponential decay function. Hence, any intermediate node
whose value of the exponential decay function is smaller
than the minimum interest of currently examined top-N
webpages cannot be a recommended item. The intermediate
node and its descendants can thus be ignored. Considering
the previous example again, suppose that k is 1 and pp2, pp3,
pp4, and pp5 are 0.3, 0.75, 0.7, and 1.1, respectively. If the
system generates a top-three recommendation list and the
interests on pages w1, w2, and w3 have been evaluated as
0.33, 0.65, and 0.44, then node N5 and its descendents can
be ignored since they will never lead to any webpage for
which the interest will be greater than w1. The complete
webpage-searching algorithm is shown in Fig. 5.

5. Evaluation

The different building blocks of the PR system shown in
Fig. 1 were implemented and integrated with GPS technol-
ogy in this study. The separate components, written in
Java, interact with standard HTML to generate the recom-
mendation list for customers as shown in Fig. 2. In this sec-
tion, we present the results of applying our proposed
approach to both synthetic and empirical data. The main
purpose of using synthetic data is to evaluate the efficiency
and scalability of our proposed approach. We then applied
our proposed approach to empirical data and report here
on the effectiveness.

5.1. Synthetic data

The first experiment concentrated on the on-line work-
load of the PR system, and tested it in a simulated environ-
ment. K sites, each associated with a webpage, were
randomly placed in a 10 · 10 km square. We considered a
service station in which customers, each with a random
characteristic value and a vector of terms, arrive in accor-
dance with a Poisson process with a rate b. Upon arrival,
a customer either enters the service if the recommendation



WebpageSearching(Num: a real; c: a customer): a set of webpages 

{

// Suppose Num is the number of webpages that would be selected and c represents 

data about the customer, including the interests profile and position;  

SelectedPages = ∅;

Bound = 0; 

Let H be a heap and first add the root node of the R+-trees into H; 

While (H ≠ Null) 

{

Let N = the root element in H;  

IF (DistanceDecay(c, N) ≥ Bound) then  // Lower bound condition 

{

If (N is a leaf node in the R+-trees) then 

{

Let I = the interest on the page corresponding to N to customer c;

If (I > Bound ) then  

{

SelectedPages = SelectedPages ∪ N; 

If (|SelectedPages| > Num) then 

{

SelectedPages = SelectedPages – page with the smallest interest; 

Bound = smallest interest on pages in SelectedPages; 

}

} // End of IF (I > Bound) 

H = H – N; 

} // End of IF (N is a leaf node in the R+-trees)

ELSE

{

H = H – N; 

Add the children of N into H; 

}

} // End of IF (DistanceDecay(c, N) ≥ Bound) 

} // End of WHILE loop 

Return SelectedPages; 

}

Fig. 5. Webpage-searching algorithm.
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engine is free at that moment or else joins the queue. After
the engine has generated a recommendation list for a cus-
tomer, it then either serves the longest-waiting customer
or, if there are no waiting customers, waits for the arrival
of the next customer. In addition, there is a fixed time
(1 h) after which no additional arrivals are allowed to enter
the system, although the server completes servicing all
those that are already in the system.

We first investigated the effects of varying the number of
websites from 10,000 to 50,000 (in increments of 10,000) on
the average request servicing time. Ten experiments were
executed, and the average result is shown in Fig. 6(a). In
general, the average servicing time grows linearly with the
number of sites. This is as expected since the PR system
must scan the webpage database for each service request
to build a recommendation list. Also, we investigated the
joint effects of the number of the websites and the request
arrival rate b (ranging from 2 to 10 in increments of 2),
on the average time a customer spends in the system (i.e.,
including servicing time and waiting time). Ten experi-
ments were executed, and the average result is shown in
Fig. 6(b). The lower-left area of Fig. 6(b) shows that the
average time a customer spends in the system grows slowly.
However, the upper-right area indicates that when the ser-
vicing time exceeds the time period between two requests
(i.e., the inverse of the arrival rate b), the average time a
customer spends in the system grows dramatically. This is
because the accumulation of a large number of requests
in the queue results in a huge increase in the waiting time.
5.2. Empirical data

The second experiment focused on the effectiveness
of the PR system in a real-world environment. Between
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January 2004 and August 2005, we collected data from 136
graduate and undergraduate students. The subjects were
shown a brief, 2-min demonstration of the system; and then
were provided with laptops or PDAs implementing the sys-
tem which they used for 3 months. During the 1st month,
only the browser component was activated to log what
webpages had been visited by the subject. During the 2nd
and 3rd months, all components were activated to provide
the recommendation service. The proposed approach was
used in the 2nd month to learning parameter k, and during
the last month one of the following approaches was chosen
at random when a service request was received from a
customer:

1. Content-distance-based approach, which is the approach
described in Sections 3 and 4.

2. Content-based approach, which differs from the content-
distance-based approach by ignoring the factor of dis-
tance. In this approach, the interest on a given webpage
is only measured as the similarity of this webpage to the
profile of the customer’s interests.

3. Distance-based approach, which differs from content-
distance-based approach by ignoring the factor of web-
page content. In this approach, the interest on a given
webpage is only measured by the factor of distance.

4. Random approach, which randomly chooses webpages.

During the last month, each subject evaluated all the dif-
ferent approaches. Therefore, for each recommendation
service, we applied an approach at random to generate a
top-five recommendation list. A total of 8266 recommenda-
tion lists were generated for all the subjects: 2044, 2085,
2036, and 2101 by the content-distance-based, content-
based, distance-based, and random approaches, respec-
tively. All the subjects were required to report their
satisfaction level on a 7-point scale when they received
each recommendation. The effectiveness of the various
approaches is shown in Fig. 7, which plots the average
performance.

Fig. 7 indicates that the satisfaction level is higher for the
distance-based approach than for the random approach.
Satisfaction level
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Content-based Distance-based Random

approaches

Fig. 7. The average reported satisfaction levels for the various
approaches.
The satisfaction level is slightly better for a content-based
approach than for the distance-based approach, which
demonstrates the usefulness of webpage content. Finally,
the proposed content-distance-based approach has the best
performance, which we attribute to the usefulness of
combining webpage content and the factor of distance.
The performance of the content-distance-based approach
was significantly better than that of the content-based
approach (p < 0.05).

6. Conclusion

This study investigated location-aware personal recom-
mendations by constructing a system that amalgamates
the information abundance of the Internet with the tangi-
ble richness of physical shopping, in terms of location.
We have discussed how the proposed approach is imple-
mented to exploit the functionality afforded by a powerful
location-aware architecture, and have evaluated its perfor-
mance using both synthetic and empirical data. Our exper-
imental results demonstrate that the proposed approach
outperforms the content- and distance-only approaches.

The work described here can be extended in several
directions. Firstly, more extensive real-world testing is
desirable. Secondly, the PR system currently adopts a sin-
gle-server architecture. For the improvement of efficiency
and stability, multiserver architecture should be investi-
gated. Finally, although the decentralized approach we
adopted is considered to be more privacy-preserving, some
subjects in the experiments still show their privacy con-
cerns. Therefore, the integration of other privacy-preserv-
ing schemes and techniques into our architecture to
improve the privacy level of our system is another interest-
ing direction for future research.
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