
 

  
Abstract— Mobile phones coupled with 3G technology 

can provide technologically impoverished communities 
access to web services. Such access, however, is 
impractical because mobile phone interfaces are 
cumbersome to use. Hierarchical menus and search 
engines pose an interaction barrier to the unfamiliar. In 
order to address both these issues, we design a content 
recommender system to recommend relevant content to 
the user. Collaborative filtering is a technique that 
passively gathers user preferences, identifies users with 
similar interests, and then makes predictions on 
unobserved items. A multitude of the algorithms have 
been developed and have been evaluated for predictive 
accuracy. Yet, they have not been evaluated in the cold-
start scenarios with respect to how quickly these 
algorithms can identify user preferences. Two user-
based collaborative filtering algorithms were evaluated 
empirically on the MovieLens dataset; Pearson 
correlation and vector similarity. Vector similarit y 
convincingly outperforms Pearson correlation by 
identifying preferred items ten times faster. This 
conclusion is to be confirmed on other datasets. The 
success of the collaborative filtering algorithms is 
attributed to a large density of user ratings. Further 
research is to be required on how to ensure reliable 
recommendations without the availability of such data.  
 

Index Terms—Collaborative Filtering, Interface 
design Machine Learning, Mobile phones, 
Recommender Systems, User centric 

I. INTRODUCTION 

HE proliferation of mobile phones throughout Africa 
can act as a bridge between the currently widening 

digital divide. These devices, coupled with GPRS or 3G 
technology, enable technology impoverished communities 
to access the Internet. While such a combination enables 
Internet access, access however is not pragmatic. 

The interfaces on mobile phones make browsing the web 
challenging. Small screen sizes, cumbersome text input and 
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the lack of a pointing device deter the exploration of the 
web [1]. In addition, web pages are filled with 
paraphernalia to make them more attractive. Large images, 
Adobe Flash, Ajax and JavaScript etc not only increase the 
size of web pages, thus increasing the cost of mobile data 
access, but are also not readily and quickly processed by the 
light-weight web browsers found on mobile phones. 

These limitations have been addressed by the mobile 
web. The mobile web is a subset of the web that consists of 
text-based pages with minimal usage of graphics. Two 
interfaces are presented to the mobile phone user to access 
these pages: 

Aggregators: Mobile web content is collected by content 
providers and is arranged within a hierarchical menu 
framework. 

Mobile search engines: Content is retrieved from the 
mobile web from specified keywords. 

Interactions with hierarchical interfaces require that the 
user stores in his or her short term memory a map of the 
hierarchical structure under which the content is organised 
[1]. While the addition of this cognitive overhead in easily 
adopted by users accustomed to file systems found on 
operating systems, it is met with difficulty to the 
inexperienced [2]. 

Small screen impacts, cumbersome text input and slow 
mobile data access heavily deter searching for content via 
the mobile device, often leaving the user feeling frustrated 
[1]. 

More fundamentally, both the hierarchical and the search 
based interfaces rely on the user knowing what one is 
looking for. A user experienced with the Internet is 
conscious of the content present on the web, and can 
speculate what may exist on the mobile web. Based on this 
knowledge, the user may have the motivation to endure 
these cumbersome interfaces. Those who are unaware of the 
content may lack such a motivation. 

Ignorance of web content may be attributed to the lack of 
exposure and to the lack of relevance of such content. Web 
content originates from a socio-economic class of people 
who have access to fixed Internet connections. Such content 
may be irrelevant to technologically impoverished 
communities. 

In summary, technology is a necessary, but insufficient 
criterion to provide Internet services. Both the interaction 
barrier and the lack of web relevance need addressing. 
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II. A C OMMUNITY -CENTRIC DESIGN 

Syndication is a mechanism whereby a user publishes 
content to numerous media platforms simultaneously. 
Protocols such as Really Simple Syndication (RSS) that 
enable this mechanism have recently grown in popularity 
on the Internet. Extending the ability to syndicate via Short 
Message Service (SMS) or via mobile web page would 
encourage the generation of a web that is relevant to 
communities of people who only have access to these 
devices. Figure 1 depicts this mechanism. 
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Fig. 1. Content can be syndicated via a mobile phone 
simultaneously onto the web and the mobile web, thus 
enabling the decentralisation of web content generation. 

 
Likewise, only the content that is relevant to the mobile 

phone user is filtered, thereby reducing the sheer volume of 
content available. In addition, the relevant content can be 
recommended to the user, thus minimising the cumbersome 
interaction barrier. The software architecture proposed to 
realise this solution is presented in figure 2. 
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Fig. 2. The proposed software architecture enables 
syndication via SMS, mobile web content download via 3G 
/ GPRS and access to the syndicated content via the 
standard web.  

 
All the components in the above architecture are 

deterministic in their design, with exception in the 
recommender. This component is responsible for 
identifying the user’s preferences and retrieving the 
relevant content from the content repository. 

III. R ELATED WORK 

The problem of identifying content on the mobile web 
that a particular user would prefer, lies in the domain of 
information filtering. 

A. Content-based filtering 

Viewing the problem from an idealistic perspective, if 

the user concerned had explicitly stated the mobile web 
content that he or she likes, the recommender would simply 
have to retrieve those resources for the user. Suppose that 
less information was provided, such as a list of keywords 
representing the user’s interests, then content-based 
filtering [3] techniques such as Latent Semantic Indexing 
[4] can be applied. This is a search based method, and 
requires that the user explicitly states what he or she is 
looking for. Inputting keywords requires interactions on 
these devices, which one would like to eliminate, thus is not 
a suitable approach. 

B. Collaborative filtering 

The other approach to filter information is through 
collaborative filtering [5]. With this technique similarities 
in different users, based on similarities in their preferences, 
are identified. A simple, but highly visible example of this 
notion is: users who are interested in content X, are also 
likely to be interested in content Y. This method has two 
definite advantages over content-based filtering: 

Information is implicitly collected: Interactions of the 
user with the web content can be observed passively, such 
as counting page visits. The user’s preference to those 
resources can be inferred from the page count. Such a 
means of obtaining preference is non-intrusive, thus 
minimises interactions with the mobile device. 

Recommendations made on human judgments: The 
relationship between similar users and similar resources are 
based purely on the human interactions between them, and 
are not subject to algorithms that attempt to understand 
what the resources represent. 

 
1) User-based collaborative filtering 

User-based collaborative filtering developed by 
GroupLens [6] directly computes a pair-wise comparison of 
the preferences between users, thus identifying similar 
users. A nearest neighbourhood [5] [7] around each 
individual is constructed. The individuals around the 
primary user’s neighbourhood are like-minded individuals. 
Content that is preferred by those individuals in the 
neighbourhood are recommended back to the primary user. 
Despite being the most accurate algorithm to date [7], it 
requires computations that grow both with the number of 
users and the number of resources; hence it not highly 
scalable. 

 
2) Model-based collaborative filtering 

Model-based approaches [5] are the other approach to 
collaborative filtering. Instead of computing pair wise 
comparisons between user’s preferences, these preferences 
are used to create a web of similarity between the resources. 
If the primary user has a strong preference towards a 
particular resource, very similar resources will be 
recommended to the user. Bayesian clustering and Bayesian 
network models provide the mathematical basis for such 
implementations [5]. An advantage these techniques have 
over user-based collaborative filtering is that a static model 
is constructed, and therefore response times to users 



 

requests are not only low, but are deterministic. 

IV. SIGNIFICANCE OF PROBLEM  

Recommender systems have been designed since the 90’s 
beginning with Tapestry [8]. They have been used 
successfully by e-commerce websites to recommend 
products to customers, such as www.amazon.com [9]. 

The application of a recommender in the proposed 
mobile environment differs from web-based recommender 
services in three ways: 

Recommendations are the primary aspect of the service 
The applications of recommenders in web-based services 

have been a secondary function of these environments. If a 
poor recommendation is made, the user would simply 
ignore it. 

In the mobile phone environment, the recommender 
takes a primary, active role in the application taking full 
responsibly of the usability of the application. Thus, a 
robust recommender is to be designed that has little 
tolerance to poor recommendations. 

Preferences are implicitly collected 
Web services often require that the user explicitly rate 

items of preference before recommendations are made. 
Such a process can act as a deterrent. Hence, preference 
information is collected purely implicitly. 

All preferred items are recommended 
The motivation behind the design of recommenders has 

been from the e-commerce industry to recommend items for 
sale. Thus, only undiscovered items are presented to the 
user. The design of the recommender for the mobile 
environment requires that both discovered and un-
discovered items are presented to the user. 

 
A multitude of user-based and model-based collaborative 

filtering algorithms have been developed. An empirical 
analysis of some these algorithms with respect to their 
accuracy has been conducted [5]. Results have shown that 
their predictive accuracy averages at 60% with a variance 
of 4%. These tests have been conducted on datasets with an 
excess of 10,000 user preferences. 

A 60% accuracy rate is adequate for such an application. 
It is uncertain how quickly such an accuracy rate can be 
obtained. Hence, an investigation is conducted of the 
collaborative filtering algorithms during cold-start. 

V. CONSTRUCTION OF M ODEL 

Let community C  be a group of n  individuals, each 
denoted by iP . Associated with this community, is a pool of 

m  resources, each denoted byjR . A particular individual is 

isolated from the community and is referred to as the active 
user and is denoted byaP . Figure 3 depicts these 

constructions. 
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Fig. 3.  A community of individuals is associated with a 
pool of resources. One of the individuals from the 
community is defined as the active user for whom resources 
will be recommended to.  

 
The active user is assumed to engage with the application 

for the lifespan of ssessions. A session refers to the process 
of the user logging into the application, receiving 
recommended content, making observations of the content 
and finally logging off from the application. 

For the active user, two m s× matrices are created, 
R andO . These respectively store the recommended items 
and the observed items at each sessions .  

Individual iP ’s preference towards resource jR is 

encoded by a scalar ,i jv where ,0 1i jv≤ ≤ . This preference 

,i jv  is determined by taking the ratio of the number of 

times the resources were observed by the user, given the 
number of times they were recommended. Specifically, 
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A set of resources are picked randomly and are presented 

to the user. The user observes all, a selection, or none of 
these items. Based on these observations, it is the task of 
the collaborative filtering process to identify what other 
items the active user is likely to observe. 

Scalability is not an issue during cold-start, hence user-
based collaborative filtering [5] is considered for 
evaluation. In this method, preferences of unobserved items 
are predicted from the preferences of similar users.  
Specifically, 
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where ,a jp is the preference the active user has towards 

some itemj . κ is the normalising factor such that the 

absolute values of the weights sum to unity. The mean is 
necessary to be factored in due to different individuals 
engaging with the application more than others. It is 
specifically, 
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The weights ( , )w a i  represent similarity between users, 

based on their preferences, and can be calculated using two 
methods. The first method evaluated is the Pearson 
correlation. It is amongst the most popular and accurate 
memory-based schemes [6]. The correlation indicates the 
strength of the linear relationship between the preferences 
between each user. It is calculated as follows: 
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The second method of obtaining the similarity between 

users is with vector similarity. This method has been used 
in the comparison of documents for the purpose of 
information retrieval. Here the cosine of the angle between 
the user-item preference vectors indicates similarity. 
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The preference ,a jp  is calculated for all j  items in the 

pool. Finally, these calculated preferences of items are 
ranked, and the top r  items are recommended back to the 
active user.  

VI. EVALUATION METHOD 

The purpose of evaluation is to determine the feasibility 
of employing user-based collaborative filtering for the 
proposed recommender system. The reason for 
recommending content is to address the usability issues 
presented by the mobile phone interface. While the 
gratification of the recommended content cannot be 
measured directly, it can however be determined indirectly 
by measuring the content’s usage. This is simply the ratio 
of the number of items observed with the number of items 
recommended. Specifically, for sessions , a utility metric 

sU is defined as: 
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Due to this project being in its design phase, no usage 

data is available to the author. Hence, the performance of 
the algorithms is measured empirically in Matlab. 

Human behaviour is modelled using a dataset from the 
GroupLens project [6] called MovieLens. This dataset 
consists of ratings individuals have made on movies; in 
particular, 80,000 ratings are made by 943 users on 1682 
movies. 

The ratings of movies are used to represent individual 
preferences towards resources. These ratings per individual 
are translated into a probability mass function. The ratings 
govern how likely the individual will, or will not observe a 
recommended resource. Such a probabilistic function is 

necessary to model the nature of an individual that although 
has a stronger preference towards some item A, may 
sometimes observe item B instead. 

The evaluation method is depicted in figure 4. 
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Fig. 4. Evaluation method. Each cycle represents a session: 
where a user logs in, views recommended content and logs 
off. 

 
A user is removed from the dataset and is assigned as the 

active user. The initial probabilities that this user will 

observe a particular resource are each assigned to -1m  
(where m is the number of resources). A set of resources is 
chosen from the resource pool and recommended to this 
user. Based on the constructed behaviour model (the PMF 
generated from all the votes this user has made), a set of 
observations from the recommended items are noted. These 
observations mark the end of the session the user has had 
with the application, and the utility of the session is 
calculated. The observations are fed into the collaborative 
filtering algorithm, along with observations from the other 
users in the dataset. The outcome of the collaborative 
filtering process is a set of predicted preferences towards 
unobserved resources. These preferences are used to adjust 
the user’s preference probabilities. In the session to follow, 
the resources associated with higher preference 
probabilities are more likely to be recommended. This 
entire process is repeated 50 times to observe how the 
utility of the session improves given more user behaviour 
information. 

Both the Pearson correlation and the vector similarity 
methods are evaluated. In addition, a simple preference 
learning method is implemented. This method simply 
increases the probability that an observed resource will be 
recommended, and makes no use of observations from other 
users. This method is implemented to benchmark the 
collaborative filtering algorithms. 

The evaluation method is probabilistic in nature, thus the 
results of the evaluation are subject to a high variance. To 
obtain a better approximation of the behaviour of the 
algorithms, the experiment for each individual is repeated 



 

ten times and the average utility per session is extracted. 

VII. E MPIRICAL RESULTS 

An experiment was performed where the 943 users were 
interacting with 1682 resources. Twenty-five items were 
recommended during each session. Figure 5 represents the 
results of this experiment. 
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Fig. 5.  Three preference learning algorithms are evaluated 
against each other in terms of the rate at which they 
identify user’s preferences. These are in ascending order of 
performance: Simple learning, Pearson correlation and 
Vector similarity. 

 
The simple learning function appears to grow linearly, 

approximately learning one item per session. The Pearson 
correlation method improves the rate at which preferred 
items are identified, which clearly shows that the use of 
collaborative filtering is advantageous. Vector similarity 
remarkably out performs the Pearson correlation method in 
terms of the rate at which user preferences are identified – 
in less than five sessions, the user’s preferences are 
identified. 

The maximum average utility obtained was 0.25. This 
value is well below one because the experiment was 
averaged over a wide range of users – some of which had 
rated less than five items. 

VIII. C ONCLUSIONS AND FUTURE WORK 

Applying collaborative filtering clearly shows an 
improvement in the rate at which preferred content is 
identified.  

Vector similarity remarkably outperformed the Pearson 
correlation technique with respect to the rate at which user 
preferences were identified. This conclusion is to be 
reconfirmed on different user-preference datasets.  

The accuracy reached is attributed to the large amount of 
ratings present for the collaborative filtering algorithms to 
operate on. In a pure cold-start situation, such data is 
unavailable to the designer. A possible means to ensure that 
a certain accuracy rate is guaranteed is by constraining the 

diversity of the available resources. As more preference 
data becomes available, the constraints can then be relaxed 
according some relationship. 

Alternatively, users can be stereotyped and their 
preferences towards particular items can be predisposed 
according to these stereotypes. This would ensure a certain 
accuracy rate to begin with. Their particular preferences 
can then be identified using the standard user-based 
collaborative filtering. 
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