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ABSTRACT 
Due to exponential growth of available information about 
products, users face problems when trying to identify products 
of interest. Because of this there is a need to design systems to 
help users select products more tailored to their interests 
through recognition of users’ behavior.  In the present paper, by 
using data mining techniques and making clustering model, the 
users with similar preferences were recognized and provided 
with appropriate recommendations.  These  recommendations  
were  not  only  personalized  on  the  basis  of customer’s 
behavior but also by considering user’s location. MovieLens, a 
movie recommendation site, was used for model assessment. 
The results of the  assessment showed that the method 
presented in this paper has a good accuracy for prediction of 
users’ preferences. 
 

Categories and Subject Descriptors 
H.2.8 [Database Applications]: Data mining. K.8.m [Personal 
Computing]: miscellaneous.  

General Terms 
Algorithms, performance, Design, Experimentation  
 

Key words: 

Recommender system, data mining, context-aware 

1. Introduction 
Advances in technology and development in mobile 
technologies have led to the advent of a new type of electronic 
commerce; namely mobile commerce. Mobile commerce is 
referred to as buying and selling of goods and services using 
mobile devices e.g. smartphones. On one hand, due to 
exponential growth of information available on goods and 
services, users face problems when trying to select goods and 
services they like. For the same reason the researchers seek a 
way to reduce users’ challenges upon selecting goods and 

services of their interest. A recommender system can be 
defined as a system which has the effect of guiding the user in a 
personalized way to interesting or useful objects in a large space 
of possible options [0].  To be able to perform a personalization, a 
recommender system needs to understand the user’s interest or 
preference [0]. These systems were created to help in searching 
items or services tailored to users’ preferences, because it 
recommends the most suitable item by taking into account users’ 
preferences upon selection of items. Recommender systems are 
especially of high importance in electronic commerce and 
mobile commerce; most recommender systems having appeared 
in t he  past years were intended to help users in electronic 
commerce. But, previously recommendation systems were of 
limited for use in mobile shopping environments. A   unique   
feature   in   such   mobile   shopping environments is the 
awareness of users’ location; through which the recommender 
systems are not only able to make recommendations based on 
users’ interests and preferences, but also these recommendations 
may be personalized on the basis of users’ location.  Taking 
into account this significant feature of mobile commerce, this 
study made attempts to design a system to recommend items 
for users taking into account not only their interests, but also 
their physical location. The rest of the paper is structured as 
follows. In Section 2 we present previous research in the area. 
Section 3 describes the overall architecture of the approach, 
whereas details are presented in section 4. Section 5 presents an 
empirical evaluation of the approach, before concluding the paper 
in section 6. 

2. Overview of Previous Research 
Recommender systems are systems that aim to present 
personalized recommendations of various items such as movies, 
websites or research papers to users. The first recommender 
system  [0], called Tapestry,  was presented by Goldberg et al. 
[0], and started off a research field which has been gaining  
much  attention since, both  in research  communities, and from 
commercial actors.  Nowadays, people surfing the Internet will 
bump into recommender systems when visiting popular 
websites like amazon.com or YouTube.  
The job of recommender systems is to support the user in the 
search process by providing personalized recommendations or 
meta information such as ratings and user reviews to make 
Internet based shopping easier. The benefits for the user are more 
efficient shopping as well as increased confidence in that they are 
making the right decision. For the companies integrating 
recommender system into their solutions the primary benefit is 
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increased revenue, as they can present a small set of items to 
customers that are likely to find these particular items interesting. 
Further, companies can benefit from that the users get attached to 
differentiating attributes recommender system represents. Many 
recommender systems long-term interaction to improve 
recommendations, thus making it less favorable for the user to 
switch to a competitor [0]. 
 

2.1 Type of recommender system 
Recommender system comes in many variants, being different the 
internal mechanisms for generating the recommendations or the 
user interface or both [0]. However, the core of any 
implementation is some form of information filtering based on a 
model of the user’s preferences. The most common filtering 
techniques used are [0]: 
 

 Content based filtering 
 Collaborative filtering 

Systems combining these two filtering techniques, so called 
hybrid systems, have in recent years become popular a way to 
address the limitation of the two methods [0] as described below.  
 
Content-based filtering has its background in information 
retrieval [0], and is based on the idea that users will like items 
that are similar to items that they have previously expressed 
liking in. 
For example, in a recommender system providing 
recommendations of restaurants the associated features of 
restaurant can be type of cuisine served, price level or whether or 
not the particular place have out-door service. To find a restaurant 
recommendation for the user, the content based filtering algorithm 
can conceptually be said to work like this: The system has 
collected a set of features combined with the probability that each 
user will like the feature. To find a restaurant the user probably 
will like, the system does a comparison between the set and the 
various restaurants in the system. 
The comparison can be some sort of heuristics or simply a 
similarity calculation as the cosine-based calculation [0]. The 
system then returns the restaurants that represent the best fit. 
Content-based filtering can be very useful when much descriptive 
data is available on the items. This can be codified and 
represented internally as  an ontology of features, giving detailed  
description of the domain applicable for similarity calculation 
against the user’s preferences. Nevertheless, to be useful a content 
based scheme must have this ontology and means to classify 
items. Because of this, content based filtering can be problematic 
when the amount of information available on each item is sparse 
or difficult to interpret with computer algorithms. Further, content 
based recommendations can only be based on the explicit 
information available on a certain item. 
 
Collaborative filtering is by far the most widespread 
recommender technique because of its power and simplicity [0]. 
The greatest strength of collaborative techniques is that they are 
completely independent of any machine readable representation 
of the objects being recommended, and work well for complex 
objects such as music and movies [0] where there can be many 
reasons for the liking of the product. E.g., for a movie, the user 
might like a certain genre of movies, a specific director, a specific 
actor or actress etc. Collaborative filtering is often referred to as 

social filtering as the technique recognizes commonalities 
between users on the basis of their ratings, and generate new 
recommendations based on inter-user comparisons [0]. This 
process can be said to mimic the social process of recommending 
items among friends, as the system gives recommendation to 
users based on what people who are similar to the user in terms of 
ratings has liked in the past. An important distinction between 
movie recommendations around the coffee machine and in 
commercial collaborative system is that number of "friends" in 
such a system can be millions. This brings us to one of the 
disadvantages of the collaborative approach. An obvious 
challenge is to be able to present recommendations on new items, 
which not yet have been given many ratings from users. This 
problem is known as the cold start problem. Further, both 
collaborative and content based filtering (as well as approaches 
combining the two) rely on knowledge of the user in order to do 
deductions in feature space or calculate correlation with other 
users. 
The other types of recommendation techniques identified in [0] 
are the demographic, utility-based and knowledge-based 
techniques. These are techniques that are rarely seen as stand-
alone techniques in recommender systems, but are often 
combined with collaborative filtering or content-based systems 
in hybrid approaches. 
Demographic approaches base their recommendations on 
personal attributes of the target users. On background of these 
attributes, users are grouped together in groups that receive 
similar recommendations. An example of a system using 
demographic filtering for marketing is presented in [0].  
Utility-based approaches define the user profile as a utility-
function. Each user has its own utility function that is used to 
generate recommendations. The main issue of these systems is 
how to create the utility function. One example of how this 
can be done is the utility function in the system Tête-à-Tête 
presented by Guttmann [0].  This approach uses a similar set of 
utility functions to weight the attribute’s utility based on how 
well the offer value satisfies the attribute’s criterion. 
The final recommendation technique identified in [0] is the 
knowledge-based technique. This technique is based on 
encoding knowledge of how items meet user needs into data 
structures that recommender systems can use to infer 
recommendations.  The knowledge can be encoded in different 
ways, for instance as rules in a rule-based system.  An example 
of a recommender system automatically inferring rules from 
underlying data is proposed in [0]. 
 

2.2 Context awareness 
 
We follow the widely accepted definition of context by Dey and 
Abowd. Context is any information that can be used to 
characterize the situation of an entity. An entity is person, place 
or object that is considered relevant to the interaction between a 
user and application, including the user and application 
themselves [0]. Context awareness relate to how the applications 
adapt to information such as location, time etc. Context aware 
systems work to provide the user with relevant information. The 
adapted strategy can have major implications for the user 
experience. One of the important parts of context is location. The 
context is much more than location, but its other elements are still 



difficult to identify or measure. Current mobile services can be 
enhanced with location-aware features, thus providing the user 
with a smooth transition towards context-aware services [0]. In 
addition, location- awareness offers great opportunities like 
instant location and map guidance. 
 

2.3 Context aware recommender system 
 
Predicting the preferences of users and providing the personalized 
services or products based on their preferences are important 
issues. However, the research considering users’ preferences on 
context-aware computing is a relatively immature research field 
[0]. Context-aware recommender systems utilize information 
about the situation of the target user to generate more accurate 
recommendations. Consider a guy who is usually into action 
movies, but this time around need a recommendation for a 
movie which he can watch with his friend who is less 
enthusiastic about action movies. Or similarly, consider a 
tourist who has spent the last five hours since breakfast 
walking around in museums, and is eager to find a place 
nearby to have lunch.  Context-independent recommender 
systems, only considering the user and item dimensions as 
described previously in this section, will struggle in these 
situations to recommend suitable items because they do not 
take into consideration the circumstances in which and when the 
user need recommendation. As a solution to this problem, 
which is identified as one to solve for the upcoming 
generation of recommender systems [0], context- aware 
recommender systems have been proposed. How a 
recommender system should be context-aware depends on the 
domain. In the movie domain it might be most important to 
incorporate a dimension that is who the target user is watching 
a movie with (cf. example above) or what movies are currently 
running in a nearby theater.  In a tourist domain, it might be 
more important to take time of day, location or previous visiting 
history into consideration. The main problem with context 
adaptation is that many aspects of the context cannot be easily 
identified or measured. The location of the user is an element of 
the context that currently can be measured more or less accurately 
depending on the positioning system in use. 
Location-based services are services that provide information 
about certain places or locations. Thus location-aware services are 
a special case of location-based services. So far, context-
awareness has mainly been studied from the technical point of 
view and the studies have concentrated on location. 
 
3. System architecture 
 
A simple recommender system has been illustrated in 
Figure1. As shown, a mobile user enters the environment; the 
recommender system identifies the relevant user and, then, 
taking into consideration the user location, his/her profile 
examination as well as various recommendation personalization 
techniques available in the system, the system dispatches the 
recommended content to the user. Thus, a highly flexible and 
dynamic recommendation is sent to t h e  mobile user and, 
the customers are more motivated to pay attention to the 
recommended messages.   
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4. Details of approach 

4.1. Recommendation procedure 

This paper suggests a methodology for context-aware 
recommendations. The methodology consists of four phases as 
shown in Fig. 2. The recommendation problem should be 
initiated by classifying the products and customers to improve 
the analysis process of similar customers and products.  
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 Phase 1: Products Classification 

A formal definition of classification is not attempted; for our 
purposes it is sufficient to think of classification as describing 
the process by which a classificatory system is constructed. The 

Phase1: Product classification 

Phase2: Interest matrix formation 

Phrase3: clustering similar user 

Phase4: Making recommendation 

Figure2. Recommendation procedure 
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Figure1. Mobile Recommender System Architecture 



word classification is also used to describe the result of such a 
process. Although indexing is often thought of as classification 
we specifically exclude this meaning. A further distinction to be 
made is between classification and diagnosis. Everyday 
language is very ambiguous on this point: 
 

• How would you classify (identify) this? 
• How are these best classified (grouped)? 

 
The first example refers to diagnosis whereas the second talks 
about proper classification [0]. In this section we study how to 
diagnose the class of one object. A (product) class is a set of 
products. For products classification we put products that have 
the same attributes in the same class. For instance, we can put 
movies with the same genre together in the one class. 
 

Phase2: interest Matrix Formation 

 
One of the most important steps in recommendation 
system is the formation of an interest matrix. A customer-
product rating matrix is used to determine the preferences of 
each customer to each product. In the previous step the 
products were classified; but, no categorization was made of 
customers. Our proposed solution in this step is making 
customer-product rating matrix. Because of this matrix grows 
linearly with number of customers and products, our customer-
product matrix involves the preferences of each customer to 
class of each product will be shown as favorite [i, j] as you can 
see in Figure3. In the matrix of favorite [i, j] with a size of x*y 
(x customers and y product class) indicates the proportion of 
customer interest i to the products available in class j.  
The value of favorite [i,j] can be computed as follows 
where any purchases that is made the customer is updated in 
class j.  

favorite[i,j] = (Sum of the rating of products belonging to a 

certain class) / (Number of products rated in certain class*5)  
 
For instance, each customer rated some products in a certain 
class between 1 and 5. Suppose to, he rates five movies in the 
genre of action in this way (1, 2, 1, 3 and 5). The favorite [i,j] 
is calculated  through (1+2+1+3+5)/(5*5)=0.480. By using this 
calculation, we find his rate to the certain class.  
 
 
 
 

0.8266  0.362  …  0.628 

       

       

       

 
 
 

Phase3: Similar User Clustering 
 

In this phase the demographic characteristics of users such as 
age, job and gender accessible in any customer’s profile along 

with the above matrix, which determines the interests of any 
user to special class of products, were employed for the 
purpose of similar users clustering.  
K-means [0] is one of the simplest unsupervised learning 
algorithms that solve the clustering problem.  Among clustering 
formulations that are based on minimizing a formal objective 
function, perhaps the most widely used and studied is k-means 
clustering. . Given a set of data points and the required number of 
k clusters (k is specified by the user), this algorithm iteratively 
partitions the data into k clusters based on a distance function. 
This measure is often called the squared-error distortion [0], [0] 
and this type of clustering falls into the general category of 
variance based clustering [0], [0]. Clustering based on k-means is 
closely related to a number of other clustering and location 
problems. These include the Euclidean k-medians in which the 
objective is to minimize the sum of distances to the nearest center 
and the geometric k-center problem [0] in which the objective is 
to minimize the maximum distance from every point to its closest 
center. 

The algorithm is composed of the following steps: 

1. Place K points into the space represented by the objects 
that are being clustered. These points represent initial 
group centroids. 

2. Assign each object to the group that has the closest 
centroid. 

3. When all objects have been assigned, recalculate the 
positions of the K centroids. 

4. Repeat Steps 2 and 3 until the centroids no longer 
move. This produces a separation of the objects into 
groups from which the metric to be minimized can be 
calculated. 

In this system the users can be clustered through two models. 
The best one, the model described above, categorizes users 
based on their behavior patterns similarity. But, where a 
new user enters the system (cold start), since there is no 
information on user’s behavior patterns for selecting the 
products class of interest, the system would temporarily 
employ demographic characteristics. Then, with considering the 
classes of products rated by user, the system would examine 
the user’s behavior pattern and relocate the user according to 
this. 
 
Phase4:  Making Recommendation to the Users of Special 
Cluster 
 
This phase is involved in product recommendation. This 
algorithm recommends some of the products in each class of 
product classes based on the rating values in the matrix and the 
location of the user. As explained before, the recommender 
system recognizes the users’ profile based on their interests 
and, then, estimates the latter. Thereafter, a list of products 
(top-N) tailored to the recommendation is selected. 
The recommendation system presented in this study, in 
addition to user’s profile, takes into consideration the physical 
distance between users and t h e  vendor. In recommender 
system it has been supposed that the probability of observing a 

pc1              pc2        …                    pcx 

C1 

    

 

Cy 

Figure3.  Customer -Product Rating Matrix 



vendors’ web page is related to exponential distance between 
the user and the vendor [0]. 
DistanceDecay(c,w) = 1/( eDistance(c,w)) 

In this formula we have [0,∞] which is a parameter 
indicating the user’s sensitivity to location. 
Distance(c,w) shows the Euclidean distance of user c to the 
product of vendors’ web page w. 
Therefore, it is said that the interest of user c to the product of 
vendors’ web page w at user’s current place can be calculated by 
the following formula:  
Interest(C,W)=Favorite(C,W)*DistanceDecay(C,W) 
 
For those customers that do not care for the distance to the 
vendors, parameter λ takes the value of zero and for those 
customers very sensitive to the place of vendors’ distance it 
takes value of close to ∞. It is obviously noted that when the 
value of λ is small, the exponential distance function is 
increased slowly indicating that the customer is interested in 
selecting those products of vendors which are located at a 
farther distance than the customer. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

When the value of λ is large, the exponential distance function is 
decreased rapidly indicating that the customer has no interest to 
select those products of web page located at a farther distance 
than the customer. 
The customer sequence in the proposed recommendation 
system is shown in Fig.4. In the next section, our proposed 
method is investigated by doing some evaluation tests. 
The geographical location of users can be found for instance by 
GPS or in specific city wlan-environments such as Wireless 
Trondheim [0] by wlan-triangulation. The system need to keep 
the server updated on the user current context. When a user’s 
location is defined, the system sends a personalized 
advertisement. Also, regarding to the λ parameter, we can 
estimate the sensitivity of users with location. When the process 
finds a new recommendation to add to the plan, the λ parameter 
is updated in the user profile. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure4. Customer sequence in Recommending 
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4. Assessments 
Our proposed model is based on Collaborative filtering. As a 
first evaluation of the approach we used a public dataset for 
collaborative filtering, MovieLens, for part of the offline 
recommendation. MovieLens is a web-based recommender 
system established in 2003. There are over 6000 users 
enrolled in this site who show their interest in 3800 products 
(movies). But, since we need additional information of users that 
is related to their place we developed a scenario. The user-movie 
set indicates how the user has rated for which movies, the type 
of movies rated by any user was determined and a vector of 18 
movies of various types was specified for each user. Then, 
by using K-Means the similar users were located into 20 
clusters. Afterwards, 80% were positioned in a learning set and 
20% in a  testing set, respectively. The recommendation 
algorithm was performed on the learning set and a series of 
recommendations were made for each user. After that the 
algorithm test had been made, and it was demonstrated that 
the algorithm made correct recommendation to the users of any 
cluster with an error mean between +0.77 and -0.77 that is 
shown in Figure 5. Moreover, for new user the average mean is 
about +,-0.84. The experimental software used to implement our 
system was developed by visual studio.net.  

 
 
 
 
 
 
 
 
 
 
 
 
 
In this study, we proposed a novel recommender system for 
recommending advertisements of the location based service. 
Our proposed system is designed to apply the personalization 
of mobile users- demographic attributes, behaviors and 
location. It sends the personalized advertisements to the users. 
As we know, most advertisements that are forwarded on the 
streets are wasted, because they are not sent to specific user. In 
addition the location of advertising market might be important 
for users. As an informal statement "All things are related, but 
near things are more related than far things." 
Our study also has some limitation. First, there is not public 
dataset that has parameters related to context situation, 
especially location. Designing the systems like this is made 
complicated by a number of factors. Presenting product 
information, designing product classification, solving cold the 
start and sparsity problems and customization the system for 
mobile users are the challenging for recommendation systems 
in general. Finally, in order to recommend more precisely, 
recommender system needs more information. However, 
people may not want their habits or views widely known.  So, 
customizing privacy for each user may be a way to improve the 
efficiency of this system. 

 

 

5. Conclusion 
 
In this research, the recommendation mechanism was 
investigated in movielens and it was shown that this will lead 
to good results. Because the recommendations, in addition to 
being personalized on the basis of users’ profile, will benefit 
from the unique feature of mobile environments, i.e. 
awareness of user’s location. The recommended model 
comprises of two main parts: 

1)  The first part is offline which, due to users’ profile, 
would provide users with a list of personalized and 
private recommendations. 

2)  The second part is online which, based on user’s 
location, would sort the list of previous 
recommendation and send it to user. 

Meanwhile, it has been shown that the system had numerous 
advantages and, in general, it can be said that the 
recommended model has a  g o o d  efficiency.  
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