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ABSTRACT

Daily-deal applications are popular implementations of online advertising strate-

gies that offer products and services to users based on their personal profiles. Current

implementations are effective but can frustrate users with irrelevant deals due to stale

profiles. To fully exploit the value creation and revenue generation potential of these

applications, deals must become smarter. This research presents SmarterDeals, a deal

recommendation system that exploits users changing personal context information to

deliver highly relevant offers. To improve the relevance of offers, SmarterDeals relies

on collaborative filtering recommendation algorithms and SmarterContext, our adap-

tive context management framework. SmarterContext provides SmarterDeals with

up-to-date information about users locations as well as product and service prefer-

ences gathered from their past and present web interactions and experiences. We

validated our approach using a data set of 271,418 product and service category rat-

ings and 65,411 real users. We present our results using a comparative analysis that

involves other well known recommendation approaches.
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Chapter 1

Introduction

1.1 Problem Definition and Motivation

Daily-deal applications are marketing strategies widely used by businesses to advertise

products and services using discount coupons. To receive daily-deal offers, users must

create their personal profile by registering their personal information, and selecting

relevant product or service categories from the list of available options. Using this

information, daily-deal applications send offers that match a user’s profile. These

solutions use different communication channels such as e-mail, short message services,

social networks, mobile applications, and websites.

Groupon,1 with approximately 51 million subscribers in 563 cities worldwide, is

the most popular provider of coupons online [47]. Value creation in Groupon’s busi-

ness model is based on the negotiation of attractive discounts with popular businesses,

and the delivery of these discount offers to its subscribers via e-mail. Businesses share

with Groupon a percentage of the discounted price for every effective coupon, this

is the basis of its revenue generation strategy. Despite the evident success of daily-

deal businesses such as Groupon, their value creation and revenue generation can

1http://www.groupon.com
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be considerably more effective by improving the relevance of delivered coupons to

users. Users are spammed continuously with discount offers that, although generous,

lack of relevance with respect to their changing preferences, needs and situations [22].

The delivery of irrelevant offers is a consequence of a lack of knowledge about users.

To tackle this problem, daily-deal platforms must become smarter, that is, become

context-aware.

Context can be defined as any information useful to characterize entities that affect

the situation of users [2]. To exploit the value of this information, context must be

gathered from the environment, processed to infer new contextual facts about entities

and users even under changing context monitoring requirements, and provisioned to

context-aware applications effectively [51]. Context Information is highly dynamic

since the situations of users change over time. Therefore, to deliver relevant offers to

users, the analysis of personal information provided by the user during the registration

process is neither enough nor effective. On the one hand, product categories that

were relevant to the user at registration-time may become irrelevant over time. On

the other hand, demanding from users the manual registration of changes in this

information is inconvenient. Dealing with the dynamic nature of context information,

in a transparent way for the user, is a big challenge for businesses to deliver product

and services based on the understanding of people’s desires.

1.2 Research Methodology

To develop a context-aware user-centric system, we built our application based on

the SmarterContext framework [52]. SmarterContext is a dynamic context

management infrastructure that monitors the interactions of users with web enti-

ties to gather relevant context information. In SmarterContext the user is the
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main controller of the context management process. First, SmarterContext iden-

tifies relevant context information from the interactions of the user with web en-

tities. For example, when an online shopper adds products to her personal wish

list, SmarterContext marks these product categories as context information use-

ful to understand the user’s preferences. Second, the user has full control over the

privacy and security of her context information. Hence, SmarterContext shares

context information only with context-aware applications authorized by the user.

The information gathered by the SmarterContext framework about a particu-

lar user is stored into a persistent repository named the personal context sphere.

SmarterContext uses this information to provide context-aware applications such

as daily-deal applications with information useful to understanding users’ situations

and preferences.

In this thesis, we introduce SmarterDeals, our deal recommendation system for

smarter commerce which is aware of changing personal context information to deliver

coupons highly relevant to users. Smarter commerce is an IBM initiative aimed at

revolutionizing commerce by exploiting hardware and software technologies. From the

perspective of customers, its goal is to realize efficient and user-centric shopping expe-

riences [28]. To improve the relevance of deal offers and thus advance towards smarter

commerce, SmarterDeals relies on recommendation algorithms based on collabo-

rative filtering and personal context information provided by SmarterContext.

We demonstrate how the accuracy of recommendation algorithms can be improved

considerably by taking into account personal context information. Therefore, we pro-

posed a new recommendation algorithm based on traditional user-based collaborative

filtering techniques [4], and Koren and Bell’s algorithm [35, 36]. In contrast to these

approaches, our algorithm uses context information from different users to improve

the accuracy of daily-deal recommendations. In this case study our approach ex-
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ploits the main types of context information: product or service preferences based on

rankings, and location. SmarterContext provides our SmarterDeals recom-

mendation algorithm with up-to-date information about users’ product and service

preferences gathered from their past and present web interactions and experiences.

Moreover, SmarterContext monitors changes in favorite product and service cate-

gories at runtime. Therefore, rather than suggesting deals based only on the categories

manually registered by the user, our recommendation algorithm takes advantage of

up-to-date user preferences. These preferences are gathered in the form of context in-

formation from the interactions that the user has performed with different web sites.

SmarterContext also provides SmarterDeals with fresh information about user

locations at runtime to improve the effectiveness of recommended coupons.

To validate our approach with real data, we used the Yelp’s academic data set [32]

to simulate the context information gathered by SmarterContext. For this, we

transformed the 271,418 product and service category ratings and 65,411 real users

of Yelp’s data set into Resource Description Data (RDF) [49] compliant with con-

text models in SmarterContext. In this thesis, we present our results using a

comparative analysis that involves other well known recommendation approaches.

1.3 Thesis Outline

This chapter briefly introduced our research area and our goals and motivations. The

remaining sections of this thesis are organized as follows.

Chapter 2 describes in detail the problem which is to be tackled along with its

context, its impact and the overall motivation for this research. It presents a

thorough review on related background and prior work.

Chapter 3 presents an overall view of the proposed system as well as information
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on algorithms and components involved in SmarterDeals, the new context-

aware and user-centric deal recommender system.

Chapter 4 describes the data set used in this research to simulate the required

context data for evaluating the proposed system.

Chapter 5 reports and analyzes the results of evaluating this system and compares

it to other well-known methods.

Chapter 6 concludes this research with lessons learned and potential future work.
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Chapter 2

Problem Description and

Background

This chapter presents an overview of context-aware systems, recommendation algo-

rithms, and context-aware recommender systems. The purpose of this chapter is to

describe and discuss the state-of-the-art of different concepts and methods related to

this research and to explain the research problem to motivating this study.

2.1 Context-Aware Systems

Advances in ubiquitous or pervasive computing technologies in today’s systems offer

services to users anytime and anywhere. But to provide proper services to users,

applications and systems should be aware of users and their ever-changing circum-

stances. This capability is known as context-awareness. Context provides information

about the present status of people, places, things, and devices in the environment.

The status can include preferences, location, time, social relationships, and any other

information that can be used to characterize the situation of an entity. When a sys-

tem is context-aware, it can use contextual information of related entities and adapt
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itself to the changing situations. The system should be able to extract, interpret and

use contextual information and adapt its functionality to the current environment

[31].

2.1.1 Context in Recommender Systems

Context is a multifaceted concept that has been studied in multiple disciplines includ-

ing computer science (primarily in artificial intelligence and ubiquitous computing),

cognitive science, linguistics, philosophy, psychology, and organizational sciences [5].

Context can be defined as any information useful to characterize entities that affect

the situation of users [2] or more general conditions or circumstances which affect

something. However, there are several definitions of context across various disciplines

and their subfields. Bazire et al. present 150 different definitions of context from

different fields [13]. In the field of recommender systems, context can be defined in

association with data mining, e-commerce personalization, databases, information re-

trieval, ubiquitous and mobile context-aware systems, marketing, and management.

The following subsection attempts to describe context as defined in different fields of

research [5, 37].

In the data mining field, context is defined as those events which characterize

the life stages of a customer and can determine a change in his/her preferences and

status. Examples of these events are graduation, marriage, a new job, birth of a

child, divorce and retirement. Context-awareness in data mining techniques can help

to discover patterns related to specific contexts. In e-commerce personalization, con-

text is defined as “intent” of a purchase by customers. For example, a customer

may behave differently when buying a book for him/herself, or for his/her child as

a gift. A customer of an online movie store may choose a different genre of movie

depending on who is accompanying them such as friends or family. Building a sep-
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arate profile for the context of each user’s purchase can be beneficial to building

better predictive models across different e-commerce applications. In ubiquitous and

mobile context-aware systems, a users’ location has an important role in making the

systems context-aware or location-aware. Location Based Services (LBS) are widely

developed and have context information such as location, time and the type of de-

vice help them to send more relevant information to their users. There have been

many mobile applications developed over the last few years. Applications relating to

tourism or businesses such as restaurants or theatres that advertise their services to

local visitors using online coupons are examples of context-aware e-commerce applica-

tions. In databases, incorporating user preferences has added contextual capabilities

to some database management systems. Depending on the context information asso-

ciated with user preferences, these systems may return different responses or results

to the same queries. Another field that contextual information can be helpful in is

information retrieval systems. There is the possibility for these systems to base their

retrieval decisions not only on queries and document collections, but also on informa-

tion about search context. However, most of the current context-aware information

retrieval and access techniques focus on short-term problems and immediate user in-

terests and requests instead of long-term user tastes and preferences. In marketing

and management, context is considered as the situation in which the transaction takes

place. Customers can make different decisions, behave differently and prefer different

products and services depending on their situations. According to Lilien et al. [24],

“consumers vary in their decision-making rules because of the usage situation, the use

of the goods or services (for family, for gift, for self) and purchase situations (catalog

sale, in-store shelf selection, and sales person aided purchase).” This observation helps

us understand why taking context of users into account when personalizing systems is

very helpful. User-centric and personalized systems take advantage of incorporating
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contextual information in these systems.

2.1.2 Obtaining Contextual Information

Context information can be obtained in different ways. One way is to obtain it

explicitly( i.e., by directly asking users for information about their preferences). For

example, a website can ask its users to fill a web form while signing up. This web

form can gather all required contextual information for the system. Another way

of explicit context gathering is adding ratings or like and dislike features. On the

other hand, context information can be extracted implicitly. Location, time, device

type, and network properties are examples of contextual information that can be

obtained implicitly without interacting with the user. The other way is inferring

the information using data mining techniques. For example, by mining the history

of purchased items or movies watched by a family, and using well trained classifier

techniques, one can infer the number, age and gender of family members.

2.1.3 Context Management Systems

As stated earlier, context-aware systems are adaptable and capable of acting on behalf

of users autonomously. A large part of research and development of context-aware sys-

tems is related to context modelling, representation and reasoning that is associated

with gathering, and evaluating and maintaining context information in a reusable and

extendable way. One of the modelling techniques for context information is ontology

based models. Context can be considered as a specific type of knowledge and any

known framework for knowledge representation and reasoning may be appropriate

for handling context. By providing formal semantics to context data, ontology-based

models offer the possibility to share and integrate context among different sources

[15]. Following is a brief description of SmarterContext, a dynamic context mod-
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elling, representation and reasoning infrastructure that has been adapted and applied

in this research.

SmarterContext [52] is a dynamic context management framework that em-

powers users to control the management of their personal context information. The

main components of SmarterContext are (1) the SmarterContext ontology, (2) the

service-oriented software infrastructure, and (3) the users personal context spheres.

The SmarterContext ontology, which includes several vocabularies, supports context

representation and reasoning [50]. The service-oriented infrastructure provides the

software components required to manage the context information life cycle: context

gathering, processing, provision, and disposal. Users personal context spheres are

repositories that store the personal context data of SmarterContext users in the form

of Resource Description Framework (RDF) statements [51].

Context representation and reasoning in SmarterContext is supported by the

SmarterContext ontology. The SmarterContext ontology exploits RDF [16] and

OWL-Lite [48] to represent context types and the relationships among them explicitly,

and to infer implicit context facts from these context relationships. SmarterContext

is designed as a modular ontology that supports vertical and horizontal extensibility.

Its foundational module, general context (GC), enables context representation and

reasoning for any problem domain. Vertical extensibility makes the SmarterContext

ontology applicable to different problem domains. It is realized by defining more

specialized modules that inherit from the GC module or other modules derived from

GC. The application of the SmarterContext ontology to a particular domain may

imply the definition of several hierarchical levels. For example in the case study pre-

sented in this research, we derived the shopping module from the personal web context

(PWC) module. Horizontal extensibility is realized by importing existing ontologies

or vocabularies into any of the modules defined in the SmarterContext ontology. The



11

namespaces of the main modules of the SmarterContext ontology are gc, pwc, and

shopping. Table 2.1 presents the context entity types and context relationships (i.e.,

object properties) that are relevant to the SmarterDeals case study.

Context Type (Class) Description Supertype

gc:ContextEntity Entity. The superclass of any context
type.

owl:Thing

gc:LocationContext Entity. The place of settlement or activ-
ity of an object.

gc:ContextEntity

gc:GeoLocation Entity. The latitude and longitude that
describe a physical location.

gc:PhysicalLocation

pwc:PWESite Entity. Any web site compliant with
SmarterContext - e.g., an on-line
store.

pwc:WebResource

pwc:User Entity. Any person registered into
SmarterContext.

gc:HumanEntity

shopping:Product
ServiceCategory

Entity. A product or service category of-
fered or advertised on-line - e.g., Ameri-
can restaurants.

pwc:WebEntity

gc:locatedIn Object property. Its value represents the
location where the subject (an Individu-
alContext or LocationContext entity) is
located.

gc:location
Relationship

pwc:hasIntegrated Object property. Its value represents a
context entity that has been integrated
into a personal context sphere.

gc:association
Relationship

pwc:preferredLocation Object property. Its value defines the
preferred location of a user.

gc:location
Relationship

pwc:ranked Object property. An interaction to de-
note that the user has given a ranking
value to a context entity represented by
the object.

pwc:userInteraction

shopping:related
ProductOrService

Object property. Denotes that two prod-
uct or service categories are related to
each other.

gc:association
Relationship

Table 2.1: Context entities and Context relationships of the SmarterContext
ontology that are relevant to the SmarterDeals application.
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2.2 Recommender Systems

Recommendation Systems (RSs) are software applications and tools that provide

recommendations to users for various items. “Item” is a general term used in recom-

mender systems and denotes what the system recommends to users [23]. Depending

on the purpose of a recommendation system, the item may be books, music, movies,

news, or any other product or service. There has been significant research and work

done in both academia and industry in this area since the mid-1990s and over the

last decade, but it is still an interesting field of research because of the overload of

information in the digital world [4]. By providing personalized recommendations,

recommender systems help users find the products and services that they might be

more interested in with less effort. Although, due to the fast growth of available dig-

ital information and technology in today’s world, there is still tremendous need and

space for improvements and optimizations in recommendation techniques, and also

there can be many more application areas covered by these systems. The subsequent

sections summarize the state-of-the-art, classifications and possible extensions of the

recommender systems.

2.2.1 Recommendation Techniques

In general, recommendation techniques are reduced to estimating ratings for items

that are not used or seen or rated by a user. The process of predicting these ratings

is usually based on the previous ratings of the user. Once we have estimated the

unknown ratings for a user, we can recommend the items with the highest predicted

ratings [4]. To perform this task, recommendation systems need an input usually

illustrated as a user-item rating matrix which shows users’ preferences. Table 2.2

illustrates subsets of such an input to a recommendation system. The task of the
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item1 item2 item3 item4
user1 3 5 4 4
user2 - 2 3 5
user3 4 - 3 5
user4 3 4 3 -

Table 2.2: User-Item Rating Matrix

recommender system is to estimate or predict the unknown ratings shown by “-” in

the table. Once the system predicted the ratings for items not rated by a user, it can

recommend the Top-N items that received the highest estimated ratings.

A more formal formulation of the recommendation problem is as follows [4]: Let

C be the set of all users and S be the set of all items. Both user and item spaces can

be very large, considering millions of users and available items in applications such

as movie, CD, or news recommender systems. Let u be a utility function measuring

usefulness of item s to user c, i.e., u: C × S → R, where R is a set of real or

non-negative integers within a certain range which is usually represented by ratings.

Then, for each user c ε C, the goal of the recommender system is to find s ′ ε S that

maximizes the user’s utility.

There are many different ways to estimate unknown ratings based on various tech-

niques from machine learning, approximation theory and various heuristics. Gener-

ally, recommender systems are classified according to their approach to rating es-

timation [4] and, usually, they are classified as below and explained further in the

following subsection:

1. Content-based recommendations: Items recommended to the user are chosen

according to similarity to user’s preferences and liked items in the past;

2. Collaborative recommendations: Items recommended to the user are selected

according to items preferred in the past by like-minded and similar users to the
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user;

3. Hybrid approaches: Combination of content-based and collaborative filtering

methods.

Content-based Methods

In content-based approaches, to recommend item s to user c, the similarity between

the content of s and other items previously rated by c is measured. For example if

news items related to science and technology are highly rated by a user in a news

recommender system, then other news items in the field of science and technology get

a higher similarity score according to this user’s preferences and will be recommended

to the user. To calculate the mentioned similarities, all items need to be represented

by a profile that describes the properties of these items. These properties are usually

extracted from the item’s content which should be in an understandable format for

machines. Text-based items such as articles, books and news are good examples

of such items and this is why most of the content-based recommender systems are

applications with a focus on text-related products or services.

A formal formulation of content-based recommendation techniques is explained

as follows [4]: Let Profile(c) be the profile of user c representing the preferences of

this user. This profile is obtained by analyzing the content of the items previously

rated by c and is usually described by keywords using keyword analysis techniques

from information retrieval. Let Content(s) be the profile of item s representing a set

of attributes characterizing this item and described by keywords. Then the utility

function u(c, s) is defined as u(c, s) = score(Profile(c),Content(s)).

As mentioned above, to describe both Profile(c) of user c and Content(s) of item

s we can use keyword representations. We need to find a way to measure the “im-

portance” of a word considering a user profile or an item content to represent the



15

user profile or item content by the most important words or keywords. Assume that

each user profile or item content can be represented by a document dj. The im-

portance (or informativeness) of word ki in document dj is determined with some

weighting measure wij that can be defined in several different ways, but one of the

most popular measures for specifying keyword weights in information retrieval is the

term frequency/inverse document frequency (TF-IDF) measure [4, 43], which is:

Assume that N is the total number of documents that can be recommended to

users, keyword ki appears in ni of them and fi,j is the number of times keyword ki

appears in document dj.

Term Frequency (TF): The term frequency or normalized frequency of keyword

ki in document dj, is defined as:

TFi,j =
fi,j

maxzfz,j
(2.1)

where the maximum is obtained over the frequencies fz,j of all keywords kz that

appear in dj.

Inverse Document Frequency (IDF): Let N be the total number of documents

and ni be the number of documents containing keyword ki. IDF of keyword i is defined

as:

IDFi = log
N

ni
(2.2)

Because the keywords that appear in many documents are not as informative and

useful in distinguishing between a relevant and a non-relevant document, we penalize

these with IDF.

TF-IDF: The TF-IDF weight or importance for keyword ki in document dj is

defined as:
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wi,j = TFi,j × IDFi (2.3)

Now, we can define the content of document dj using its keywords or important

words as Content(dj) = (w1j, ..., wkj). As we stated earlier, this document dj can be a

user profile (Profile(c)) or item content (Content(s)) represented as TF-IDF vectors ~wc

and ~ws of keyword weights. To recommend items similar to the preferred items by the

user in the past, we can easily measure the similarity between documents represented

by keywords as mentioned above. So, if we consider the user profile as a document of

representative keywords, and also if we consider each item as a document of important

keywords, we calculate the similarity between these documents and the documents

with the highest similarities are most similar to the user profile or preferences and

will be recommended to the user. Using cosine similarity [7], we define the utility

function as:

u(c, s) = cos( ~wc, ~ws) =
~wc. ~ws

‖ ~wc‖2 × ‖ ~ws‖2
(2.4)

There are some limitations associated with content-based recommendation meth-

ods. One of the limitations of content-based techniques for recommendation is that

they need to deal with items with machine readable and understandable contents

such as text-based items to be able to parse and extract item properties and fea-

tures. Otherwise, they need some resources to manually manage this task but it is

not practical to assign features and attributes to items by hand due to limitation of

resources and existence of millions of items. For example, this limitation can make

content-based recommendation approaches for video or audio based items impractical

or impossible. Also, these techniques can not distinguish between good and bad arti-

cles, for example between two texts, both related to the same subject and hence using
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very similar keywords, content-based recommendation methods are not able to give

priority to the well-written one compared to the poor one [46]. Another limitation

associated with these methods is over-specialization. It means that users are limited

to recommendations related or similar to the items they liked in the past and they

don’t get a chance to receive recommendations of items in other tastes that might be

interesting for them. Also, as a constraint of content-based techniques we can men-

tion the new-user problem, because to make a system able to understand the user’s

taste and preferences to recommend relative items to him/her, a user has to rate a

sufficient number of items in advance. In other words, the system can not understand

preferences of a new user without enough ratings to recommend the similar items to

the user’s profile to him/her [4].

Collaborative Methods

Unlike content-based recommendation methods that recommend items similar to the

items liked or highly rated in the past by the user, Collaborative Filtering (CF) meth-

ods recommend items liked or preferred by other users who have similar preferences to

the user. It is the most popular approach of recommendation techniques, developed in

academia and industry, because it addresses many of the limitations associated with

content-based methods. To define it more formally, the estimation of utility u(c, s)

of item s for user c is based on the utilities u(cj, s) assigned to item s by those users

cjεC who are similar to user c [4]. As the earliest work in this field we can mention

the Grundy [42] and Tapestry systems [25] and as the first works in “automation” of

prediction in collaborative filtering techniques we can mention GroupLens [41, 34],

Video Recommender [30] and Ringo [46].

According to [17] collaborative filtering approaches can be classified into two gen-

eral categories: memory-based (or heuristic-based) and model-based techniques. The
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following subsections describe each of these groups in detail.

Memory-based CF Methods:

User-based and Item-based collaborative filtering approaches are typical examples of

this class. These methods use the user-item rating data to measure similarity between

users or items. In the user-based approach the value of an unknown rating rc,s by

user c for item s can be calculated as an aggregate of the ratings by other users (most

similar users to user c) for item s [4]:

rc,s = aggr
c′εĈ

rc′,s (2.5)

where Ĉ is the set of N users that are most similar to user c and who have rated

item s. The simplest aggregation function that can be used is a simple average:

rc,s =
1

N

∑
c′εĈ

rc′,s (2.6)

The most common aggregation approach is to use the weighted sum:

rc,s = k
∑
c′εĈ

sim(c, c′)× rc′,s (2.7)

where sim(c,c′) is the similarity between users c and c′. The limitation of weighted

sum is that it does not take into account the fact that different users may use different

rating scales. To overcome this limitation, we can consider deviations from the average

rating of users, r̄, by using adjusted weighted sum [41, 44]:

rc,s = r̄c + k
∑
c′εĈ

sim(c, c′)× (rc′,s − r̄c′) (2.8)
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where k is a normalizing factor and is usually calculated as k = 1/
∑

c′εĈ |sim(c, c′)|.

There are various approaches to measure the similarity sim(c,c′) between users

or between items in collaborative filtering systems. The similarity between two users

is based on their ratings of items co-rated by both users and the similarity between

two items is based on the ratings given by users to them. The two most popular

approaches are correlation-based and cosine-based similarity calculation methods.

Correlation-based approach: Assume Scc′ to be the set of all items co-rated

by both users c and c′, then in the user-based correlation approach, the Pearson

correlation coefficient [41, 46] is used to measure the similarity between users c and

c′ as follows:

sim(c, c′) =

∑
sεScc′

(rc,s − r̄c)(rc′,s − r̄c′)√∑
sεScc′

(rc,s − r̄c)2
∑

sεScc′
(rc′,s − r̄c′)2

(2.9)

Cosine-based approach: In the cosine-based approach [17, 44], the two users c

and c′ are considered as two vectors in n-dimensional space, where n = |Scc′|:

sim(c, c′) = cos(~c, ~c′) =
~c.~c′

‖ ~wc‖2 × ‖ ~wc′‖2
(2.10)

where ~c.~c′ shows the dot-product between two vectors.

Although the user-based collaborative filtering approach is very popular, there

are some fundamental challenges associated with it. Existence of millions of users in

today’s systems makes the real-time process of similarity calculations between all can-

didate neighbours impossible and creates scalability challenges. Reducing the number

of candidate neighbours by any method is helpful in increasing the computational per-

formance of these systems but, on the other hand, the quality of recommendations

which is the goal of any recommendation system is limited by the number of can-
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didate neighbours. By clustering users and calculating similarity between each user

with only users in the same cluster we can speed up the similarity measurement task,

but there is always a trade-off between speeding up these systems by reducing data

and the resulting quality of recommendations.

Sarwar et al. and Deshpande et al. [44, 21] discuss that item-based algorithms can

provide better computational performance than traditional user-based collaborative

methods, while at the same time providing comparable or better quality than the

best user-based algorithms. As mentioned earlier, item-based algorithms are similar

to the user-based algorithms except that they measure the similarity between items

instead. Then, items most similar to the items liked by the user in the past will be

recommended to the user.

Model-based CF Methods:

Memory-based approaches consider the entire user-item rating matrix to predict rat-

ings of unknown items, in contrast, model-based approaches use the collection of rat-

ings to learn a model using statistical and machine learning techniques, which is then

used to predict the unknown ratings. [14, 17] compare their respective model-based

approaches with standard memory-based approaches and claim that model-based

methods outperform memory-based approaches in terms of accuracy of recommenda-

tions in some applications. However, the comparison in both cases has no underlying

theoretical evidence to support it.

Collaborative filtering methods do not have some of the described limitations

associated with content-based methods. They can recommend any type of items

based on the items highly rated by most similar users and are not limited to text-

based items. Also, their recommendations are not limited to a certain category of

items liked in the past by the user because like-minded users to the user may have
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liked items in any possible category. However, they still have the new user problem

as in content-based methods. Because they need a sufficient number of ratings by

the user to understand user preferences and look for most similar users to the user.

There is also the new item problem in these systems when a new item is added to the

system which happens regularly. The system needs a sufficient number of ratings for

an item by users to be able to recommend it. Both of these named problems can be

resolved using hybrid methods which are described in next subsection.

One of the famous problems associated with collaborative filtering methods is

sparsity. In today’s systems, there are millions of users and items which can be

illustrated with a huge matrix, but the number of available ratings in the matrix

compared to the number of unknown ratings is very small. This fact makes the

accurate and effective ratings prediction very difficult. Items with only a few ratings

do not get a chance to be recommended even if those few ratings for these items

are very high. Also, users with unusual tastes can not be matched with other users

according to preferences [8].

An extension of traditional collaborative filtering techniques to overcome the spar-

sity problem is demographic filtering [39]. In this method the similarity measurement

between users is based not only on their common ratings, but also their profiles. For

example, features such as location, occupation, education, gender, and age can be

extracted from user profiles and, in addition to similar ratings for co-rated items,

belonging to the same demographic segment is also considered for similarity measure-

ments.

Hybrid Methods

Hybrid methods combine collaborative and content-based methods to overcome cer-

tain limitations of each of these systems [8, 12, 20, 39, 45]. There are different ways to



22

combine collaborative and content-based approaches into a hybrid recommendation

system categorized as: (1) combining the prediction results of each of these methods

that have been implemented separately, (2) incorporating collaborative characteris-

tics into a content-based approach or vice versa, (3) using a general unifying model

that incorporates both content-based and collaborative characteristics [4].

2.2.2 Advances in Collaborative Filtering

In October 2006, Netflix, an online DVD rental service, launched an open compe-

tition (Netflix Prize) for the best collaborative filtering algorithm to predict ratings

for films based on previous ratings. This competition attracted thousands of scien-

tists, engineers and students to this field and made a lot of progress in improving

collaborative filtering techniques. A real industrial data set of 100 million movie rat-

ings was available to researchers for the first time and encouraged them to develop

many different techniques rapidly, looking for an optimized collaborative filtering al-

gorithm [36]. In September 2009, the grand prize was awarded to the “BellKor’s

Pragmatic Chaos” team who achieved 10% improvement over the original algorithm

by Netflix. Yehuda Koren and Robert Bell, two researchers from the winning team

have explained advanced techniques in collaborative filtering in a book chapter [36],

a survey about recent progress in the field. They describe the first choice for imple-

menting collaborative filtering recommender systems, Matrix factorization technique

and also neighborhood methods, another popular technique in this field along with

several extensions and recent innovations. The following subsections explain their

advanced techniques associated with neighborhood methods of collaborative filtering

algorithms which have been developed and optimized in this research.



23

Baseline Predictors

As stated earlier, collaborative filtering methods try to understand users’ preferences

with the help of rating values they give to different items. In other words, they try

to capture the interaction between users and items which result in ratings. However,

a part of each interaction between users and items are affected by effects associated

with either users or items. For example, in a movie recommender system, there are

some tendencies for some users to give higher or lower ratings because the scale of

rating values in different users is different. Also, bestseller movies that are better

than an average movie tend to receive higher than average rating values. These are

effects associated with users or items that need to be removed from the rating values

to generate ratings that represent the interaction between users and items in a more

pure and unaffected way. Formula 2.11 is a measure to encapsulate those effects,

which do not involve user-item interaction, within the baseline predictors (i.e., also

known as biases) [36].

bui = µ+ bu + bi (2.11)

where µ denotes the overall average rating, bui is the baseline prediction for an

unknown rating rui which is the unknown rating value of item i by user u. The

parameters bu and bi indicate the observed deviations of user u and item i, respectively,

from the average. For example, suppose that we want a baseline predictor for the

unknown rating of the book “Harry Potter” by user Suzan. Suppose that the average

rating over all movies, µ, in this system is 3.5 stars. Harry Potter is better than an

average book, so it tends to be rated 0.5 stars above the average. On the other hand,

Suzan is generous in ratings, who tends to rate 0.5 stars higher than the average.

Thus, the baseline predictor for Harry Potters rating by Suzan would be 3.5 + 0.5 +



24

0.5 = 4.5 stars.

There are different ways to estimate bu and bi. A simpler but less accurate way of

such estimation is described below:

First, for each item i calculate:

bi =

∑
uεR(i)(rui − µ)

λ2 + |R(i)|
(2.12)

Then, for each user u calculate:

bu =

∑
iεR(u)(rui − µ− bi)
λ3 + |R(u)|

(2.13)

where R(u) denotes all the items for which ratings by user u are available and

R(i) denotes the set of users who rated item i. The regularization parameters, λ2

and λ3, which are determined by cross validation for the Netflix dataset are: λ2 = 25

and λ3 = 10.

Neighborhood Models

The most common approach to collaborative filtering is based on neighborhood mod-

els. Its original form is user-based which is based on user-user similarity measure-

ments. Later item-based methods were introduced which are based on item-item sim-

ilarity calculations. [36] calculates item-item similarities for an item-based approach

using the Pearson Correlation Coefficient (Formula 2.9). Once they calculated the

similarity between items, they needed a similarity-based neighborhood method which

predicts the unknown rating rui of item i by user u based on the similarity between

i and previously rated items by u. They present the following method as the most

popular approach to neighborhood modeling and collaborative filtering. The goal is

to predict rui which is the unknown rating by user u for item i. Using the similarity
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measure, they identify the k most similar items to i rated by u. This set of k neigh-

bors is denoted by Sk(i;u). Then, they predict the value of rui as a weighted average

of the ratings of neighboring items, while adjusting for user and item effects through

the baseline predictors:

r̂ui = bui +

∑
jεSk

(i;u)
Sij(ruj − buj)∑
jεSk

(i;u)
Sij

(2.14)

where r̂ui is the predicted value for rui. Section 3.5 describes how we adapted and

optimized a user-based approach of their method as a context-aware collaborative

filtering technique.

2.3 Context-Aware Recommender Systems (CARS)

As described in the previous sections, there has been much work done in the field of

recommender systems. However, in many applications considering only users, items,

and ratings are insufficient for suggesting relevant recommendations and it is neces-

sary to consider and incorporate relevant contextual information in these systems. In

some applications it is important when, where, and with whom the user is using the

application. Therefore, relevant recommendations should be based on this context

information of the user. Decision making in selecting a movie by a user can be de-

pendant on the day of the week (e.g., weekday, weekend), the place they will watch

it (e.g., theatre, home) and accompanying people (e.g., family, friends, children). So,

unless a movie recommender system knows about the context of a user, it may provide

poor and non relevant recommendations to the user. Another example is a “smart”

shopping cart that holds bread, butter and preferences [53] providing real-time recom-

mendations to shoppers using wireless location-based technologies. This application

needs to take into account not only information about products and customers but
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also such contextual information as shopping date/time, store, who accompanies the

primary shopper (e.g., children), products already placed into the shopping cart, and

its location within the store. Adomavicius et al. discuss that accurate prediction

of customer preferences assuredly depends upon the degree to which we have incor-

porated the relevant contextual information into a recommendation system [3]. The

following subsection provides a brief overview of prior work in this research area.

2.3.1 Prior Work on Context-Aware Recommender Systems

The multidimensional data (MD) model proposed by Adomavicius et al. [3] is the

most referenced work in the area of context-aware recommendation systems. In the

MD model contextual information is defined using classical OLAP (On-Line Analyt-

ical Processing) [18] hierarchies which are widely used in data warehousing applica-

tions in the database community. To provide recommendations based on contextual

information, it presents a multidimensional recommendation model that makes rec-

ommendations based on multiple dimensions and, therefore, extends the classical

two-dimensional user-item approach. In the classical approach, once the recommen-

dation process is provided with an initial set of ratings that is either explicitly ob-

tained from users or is implicitly inferred by the system, the recommender system

tries to estimate the rating function R for the unknown ratings of (user, item) pairs,

R : User× Item→ Rating. This is called a two-dimensional approach since the only

considered dimensions in the recommendation process are User and Item. Whereas,

in the multidimensional approach, contextual information is incorporated into the rec-

ommendation process as an additional dimension and the rating function estimation is

performed over a multidimensional space, R : User×Item×Context→ Rating. The

authors discuss that using a reduction-based method for rating estimation by applying

a traditional collaborative filtering technique only on relevant contextual segments,
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we can reduce the multidimensional approach to the well-known two-dimensional

approach. Also, they demonstrate that in most situations, considering contextual

information provides better recommendations on some contextual segments. How-

ever, it exhibits worse performance on some other segments. Hence, they propose a

combined reduction-based approach that verifies the contextual segments on which

CF outperforms the context-aware approach and applies the CF method on those

segments while applying the context-aware method on other segments. The authors

have written a book chapter [5] containing a thorough review of context-aware recom-

mendation approaches in which they categorize context-aware recommender systems

into three categories: contextual pre-filtering, contextual post-filtering and contextual

modelling. In the contextual pre-filtering approach, the contextual information is

used as a label for filtering out those ratings that do not correspond to the speci-

fied contextual information. So, before launching the main recommendation method,

the unrelated ratings in the sense of context are filtered out and the recommenda-

tion method is launched on the remaining reduced dataset. [9, 10] are examples

of contextual pre-filtering. Whereas, in the contextual post-filtering approach, after

launching the traditional recommendation method on the dataset and producing a

list of recommendations, contextual information is used to contextualize the obtained

recommendations. In contextual modelling, context is integrated directly into the

model. The approach described in [33] belongs to the latter category.

Baltrunas et al. [11] propose an item splitting method which extends the tradi-

tional CF data model by assuming that each rating r in a users-items matrix is stored

together with a nominal piece of context information c. The proposed method identi-

fies items in the matrix which have significant differences in the ratings and then for

each one of these items, they split its ratings into two subsets, creating two new arti-

ficial items with ratings belonging to these two subsets. They explain that splitting
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is beneficial if the ratings in the newly created items are more homogenous, or if the

ratings in the two newly created items are statistically different. Later, when they

want to make a prediction for user u and item i which has been split into artificial

items i1 and i2, where i1(i2) contains ratings for item i acquired in the contextual

condition c1(c2), the prediction is computed for the item i1(i2) if the current context

of user u is equal to c1(c2).

Panniello et al. [38] apply contextual pre-filtering and post-filtering methods as

defined in [3] on two datasets and compare the results. They use two different post-

filtering methods, Weight and Filter, as well as the exact pre-filtering method and

apply them on the two datasets. Their results show that the Filter post-filtering

method outperforms exact pre-filtering and that exact pre-filtering outperforms the

Weight post-filtering method on two datasets. In particular, they propose that to

choose between applying pre-filtering and post-filtering methods on a specific appli-

cation, first, to compare pre-filtering with the un-contextual filtering method, if the

un-contextual case outperforms the pre-filtering, then they argue that a good choice

in the post-filtering approach is better than pre-filtering.

Karatzoglou et al. [33] present a model, called Multiverse Recommendation, in

which a model-based Collaborative Filtering method based on Tensor Factorization,

a generalization of Matrix Factorization, integrates contextual information with the

system in a flexible and generic way. This contextual integration is done by modelling

the data as a User-Item-Context N-dimensional tensor instead of the classic 2D User-

Item matrix. They compare their method to non-contextual Matrix Factorization and

also to two state-of-the-art context-aware methods (OLAP [3] and item-splitting [11])

and show that Tensor Factorization outperforms them in terms of the Mean Absolute

Error (MAE). However, Rendle et al. [40] argue that although Multiverse Recom-

mendation [33] based on the Tucker tensor factorization model is the best performing
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method in terms of predictive accuracy for context-aware rating prediction, its model

complexity is exponential in the number of context variables and polynomial in the

size of the factorization. They propose a fast context-aware rating prediction method

by applying Factorization Machines (FM) to model contextual information and show

that their approach outperforms Multiverse Recommendation in prediction quality

and runtime.

Based on memory models developed in cognitive science, Anand et al. [6] pro-

pose a user model consisting of short term memory (STM) which stores current in-

teractions of the active user and long term memory (LTM) which stores previous

interactions containing user’s ratings as well as the context in which ratings have

been acquired. They hypothesize that enrichment of STM with contextually relevant

ratings extracted from LTM can produce more accurate and contextual recommen-

dations. Similarly, Abbar et al. [1] propose that in addition to the user profile,

they consider context which is a set of features characterizing the environment within

which users interact with the recommendation system in their recommendation ap-

proach. Their contextual data includes date, time, location and browser, system and

device properties. Their key idea is to base the top k neighbours detection only on

the profile parts relevant to a given context instead of a whole user profile. They

describe that before comparing users to find the top k neighbours, profiles of all users

are filtered and adapted to the current context of the active user. So, candidate neigh-

bours are users who rated the item to be recommended in a context similar to the

active context. They explain that although there are some similarities between their

approach and the one in [6], considering a representational view of context instead of

its interactional view separates these two approaches.

Baltrunas et al. provide a general architecture of context-aware recommender

systems and analyze separate components of this model [9]. In their proposed ar-
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chitecture, there is a component named model adapter which is responsible for inte-

grating contextual data into the prediction algorithm. They describe item selection

as an example of implementation of the model adapter. In item selection, they con-

sider that some items are more important than others for making predictions. The

context of the item to be recommended plays the role of the context descriptor and

the predictive items are dynamically selected with respect to it. They describe their

algorithm for item selection as follows: to generate a prediction for user u and item i,

the first step is to find k nearest neighbours of u. Instead of finding these neighbours

by considering all of the ratings, we find only f items which are most similar to i

and are co-rated by users, then we compute user-to-user similarities using only the

ratings related to these f items which are most similar to i.

Baltrunas et al. introduce a context-aware (time-aware) recommendation ap-

proach called user micro-profiling, in which they split each single user profile into

several possibly overlapping sub-profiles, each representing users in particular con-

texts (times) [10]. The predictions are done using these micro-profiles instead of a

single user model. In another work, Chen et al. propose to capture and store a

snapshot of the context (e.g., location, weather) along with each user-rating [19]. It

can be acquired from either the embedded sensors in the mobile device itself, or a

smart environment. Then, they incorporate context into predictions by making rat-

ings weighted with respect to the similarity between context x in which the rating r

was given and the context c of the active user.

The next chapter explains our context-aware recommendation approach using

dynamically managed contextual information.
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Chapter 3

SmarterDeals

3.1 Overview

Figure 3.1 presents an overview of SmarterDeals, our approach to user-centric

context-aware daily-deal recommendations. Our application is composed of two

main artifacts, the recommendation engine, and the filtering and personalization

module. For SmarterContext to provide SmarterDeals with personal con-

text information, users must integrate SmarterDeals into their personal context

spheres. After completing this prerequisite, SmarterContext framework provides

SmarterDeals with personal context information about the user’s product and

service preferences, and locations.

Our recommendation engine exploits context information about the user’s product

or service preferences to predict daily-deal categories relevant to the user as follows.

In the first step our recommendation algorithm correlates similarities among users

based on the Pearson Correlation Coefficient (PCC) ranging from -1, which indicates

a negative correlation, to +1, which indicates a positive correlation between two users

and a value of 0 indicates no correlation. We consider a certain value (0.7) as the
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threshold that defines a positive correlation between two users. That is, users who

have a PCC equal to or greater than 0.7 are similar enough in our approach. In

the second step, our algorithm aggregates the ratings of product or service categories

given by similar users to the user who will receive the recommendation, to predict

the rating of the corresponding product or service category according to this user.

SmarterDeals decides whether a product or service category is relevant to a user

using the predicted rating of the corresponding category. In our case study ratings

range from 1 to 5, where 1 indicates the lowest level of interest and 5 the highest. Our

algorithm recommends categories with predicted ratings equal to or greater than 4.

The recommendation engine calculates the set of potential relevant categories using

rating prediction for a user. In the third step SmarterDeals uses Groupon’s

application programming interface (API) to provide the user with business daily-deal

offers according to the user’s location. Then, the filtering and personalization module

filters these deals according to the user’s preferred categories as well as computed

recommending categories for this user. Finally, SmarterDeals presents the set of

potential relevant deals to the user.

SmarterDeals, supported by SmarterContext, improves the relevance of

daily product and service recommendations delivered to users by exploiting:

• up-to-date product and service categories gathered from web interactions per-

formed by the users throughout their web experiences, and

• up-to-date information about current and preferred users’ locations.

As presented in Figure 3.1, SmarterContext and Groupon API are external

components of our system. In following subsections, we introduce these external

components and then we describe the activity flow of the internal components, the

recommendation engine and the filtering and personalization module.
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Figure 3.1: SmarterDeals overview

3.2 Context Management with SmarterContext

A prerequisite for SmarterContext to manage a user’s context information is

the creation of the user’s personal context sphere. For this, users register them-

selves into the SmarterContext framework by providing some personal context

information such as age, gender, preferred location, and preferred payment meth-

ods. They may also decide to register web sites or applications compliant with

SmarterContext. That is, applications instrumented to interchange context in-

formation with the SmarterContext infrastructure. The gathering of context in-

formation from context sources, and its provisioning to web applications is controlled
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by the user. Consequently, SmarterContext interchanges personal context only

with those applications registered by the user into their personal context sphere.

SmarterContext deploys sensors at the user side to identify context sources

and providers. For example, through its browser extension, SmarterContext de-

tects whether web applications accessed by the user are enabled to communicate with

SmarterContext. If so, SmarterContext checks whether this application is al-

ready registered into the user’s context sphere. If it is registered, SmarterContext

provides this application with relevant context information about the user. Other-

wise, our context manager asks the user whether she wants to integrate this new

application into her personal context sphere.

One of the most relevant mechanisms of SmarterContext for gathering con-

text information is based on the monitoring of users’ web interactions. In a smarter

commerce case study presented in [52], simple RDF sensors deployed at the context

provider side, e.g., an on-line shopping application, keep track of “likes”, “wishes”,

“rankings”, and “purchases” interactions performed by the user. From these interac-

tions SmarterContext understands what product and service categories are inter-

esting to the user. Figure 3.2 presents the RDF graph representation of a user’s rank-

ing interaction gathered by SmarterContext. RDF/XML serializations constitute

the interoperability mechanism between the SmarterContext infrastructure and

context providers and consumers.

As stated earlier, for SmarterContext to provide SmarterDeals with per-

sonal context information, users must integrate SmarterDeals into their personal

context spheres. After completing this prerequisite, SmarterContext framework

provides SmarterDeals with personal context information about the user’s product

and service preferences, and locations.
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Figure 3.2: The RDF graph representation of a user’s ranking interaction.

3.3 Daily Deals with Groupon

Groupon delivers daily coupons based on the personal information registered by the

user during the sign up process. This information corresponds to the user’s favourite

locations, gender, age, and favourite deal categories. Users can edit their personal

information at any time through Groupon’s web or mobile applications. Groupon

allows users to share deal recommendations by email, as well as to broadcast them

to their social networks.

Despite Groupon’s success, the current implementation of its daily-deal applica-

tion can frustrate users with irrelevant deals due to stale profiles. Groupon delivers

offers of products and services taking into account only the information registered by

the user during the sign up process. Nevertheless, most of this information becomes

out-of-date quickly. In daily-deal applications, location and preferred deal categories

are types of highly dynamic context information. With respect to the user’s preferred

locations, Groupon delivers deals related to the whole set of registered locations,

which can include different cities. This practice lacks location-aware filtering mech-

anisms thus compromising the effectiveness of delivered coupons. For example, for

users who are frequent travellers, daily deals must be delivered taking into account the



36

current user’s location, even if this location is not part of the user’s list of favourite

locations. Regarding the list of preferred deal categories, it is ineffective to send

coupons using only the information registered during the sign up process, since the

relevance of deal categories is highly dependent on changing context information such

as time. Hence, categories that could have been relevant yesterday, may be no longer

relevant today nor in the near future. For example, a user’s young children may

be interested in children books today, but probably not in three or four years. In

Groupon, users must change their personal information and preferences manually

to maintain the relevance of received offers.

Groupon has an Application Programming Interface (API) [27] for developers

to integrate Groupon into their systems. The Groupon public API includes two

different services. A Divisons API that provides information about all the cities

where Groupon offers deals; and a Deals API that provides information about the

current deals in a particular location. The divisions of Groupon are currently based

around metropolitan areas, but Groupon expects to expand regionally in the future.

Developers can receive data in either XML or JSON format, and need to sign up for

an API key.

3.4 Activity Flow Description

To integrate Groupon in our system we take advantage of both APIs of Groupon.

We use the Divisons API to get information about all the cities where Groupon

offers deals. Therefore, when a user uses our system to receive personalized deals,

the system maps the user’s location provided by SmarterContext to the nearest

city where Groupon is active. This can be either the same user’s location for users

living in large cities or the nearest metropolitan area to them for users living in
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cities where Groupon does not offer deals. Then, we send a request to the other

Groupon’s resource, Deals API, to receive the current deals for this mapped location

by embedding the location in the request. We chose to receive deals list in JSON

format which is the default format of Groupon response, rather than receiving it in

XML format.

Now that we have a list of current deals for a user considering his/her location, we

are ready to parse and filter it based on the categories of offered products or services

to personalize it with respect to the user’s preferences. In the information about each

deal, there is a field named “tag” which states the product/service category of the

deal. Groupon has 633 product/service categories which are subcategories of 18

super-categories called parent categories hereafter. 1 SmarterContext uses Web

Ontology Language (OWL) [48], a W3C standard to build vocabularies, or ontologies

for the web. We extended the SmarterContext ontology to include Groupon

product/service categories. In the defined ontology, product/service categories are

sub-classes of parent categories. Figures 3.3 and 3.4 illustrate the class hierarchies

of the extended ontology. However, these figures do not show the last level of the

hierarchy which is product/service categories due to limited space.

To personalize the list of all available deals with respect to the user’s preferences,

the Filtering and Personalization module takes into account first the product/service

categories liked or highly rated by the user and second, the product/service cate-

gories recommended to the user by the recommendation engine. Like most of other

recommender systems, the input of the recommendation engine is a set of ratings by

users for the items. Here, the set of ratings by users for different product/service

categories is provided by SmarterContext for both the filtering and personaliza-

tion module and recommendation engine. First, the recommendation engine makes

1https://sites.google.com/site/grouponapiv2/api-resources/deals/Groupon Categories.xls?attred
irects=0
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Figure 3.3: Class hierarchies of the extended ontology for Groupon product/service
categories

recommendations of product/service categories for users according to their previous

ratings of product/service categories. Then, the filtering and personalization module

filters the list of current deals based on product/service categories that are preferred

by or recommended to the user. The next section presents our approach to generate

context-aware recommendations using product/service category ratings.
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Figure 3.4: Hierarchy diagram for the extended ontology for Groupon product/ser-
vice categories
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3.5 Our Approach to Context-Aware Recommen-

dations

Our approach can be classified under pre-filtering context-aware recommender sys-

tems. As described in section 2.3.1, in the contextual pre-filtering approach, the

contextual information is used as a label for filtering out those ratings that do not

correspond to the specified contextual information. So, before launching the main

recommendation method, the unrelated ratings in sense of context are filtered out

and the recommendation method will be launched on the remaining reduced dataset.

We believe that users behave differently in rating different product/service parent cat-

egories. For example, users having lots of fun during a nighttime activity or having

an amazing sunny weekend during an outdoor activity tend to be more generous in

rating these product/service categories belonging to “Nightlife” and “Arts and Enter-

tainments” parent categories respectively. Whereas, in more sensitive situations like

rating the product/service categories belonging to “Health & Fitness”, “Legal Ser-

vices” or “Education” they tend to be more critical and careful. Hence, we decided to

consider the ratings by users belonging to each parent category separately. However,

since each user may have very few or even no ratings in some parent categories, we

measure user-user similarities based on the whole set of ratings by each user to avoid

the sparsity problem. The following subsections explain our method in more detail.

At the first step of our user-based collaborative filtering algorithm, we calculate

user-user similarities based on the whole set of data in the user-item rating matrix (see

section 2.2.1). We use the Pearson Correlation Coefficient to measure the similarity

between users based on the ratings of co-rated items by them.



41

sim(u, v) =

∑
sεSuv

(ru,s − r̄u)(rv,s − r̄v)√∑
sεSuv

(ru,s − r̄u)2
∑

sεSuv
(rv,s − r̄v)2

(3.1)

where Suv as the set of all items co-rated by both users u and v. Users with

similarity score >= 0.7 are interesting for us.

Then, we apply the technique used by Bell and Koren (See section 3.5) to improve

the collaborative filtering method. They explain that there are some effects associated

with users or items that need to be removed from the rating values to generate ratings

that represent the interaction between users and items in a more pure and unaffected

way. They encapsulate those effects, which do not involve user-item interaction,

within the baseline predictors called bui. We call this approach Adjusted Collaborative

Filtering (ACF), hereafter. Figure 3.5 illustrates their approach according to our

problem.

As shown in the figure, they calculate µ which is the overall average rating. buc is

the baseline prediction for an unknown rating ruc which is the unknown rating value

of category c by user u. The parameters bu and bc indicate the observed deviations

of user u and category c, respectively, from the average.

buc = µ+ bu + bc (3.2)

According to them, an option to estimate bu and bc is:

First, for each category c calculate category deviation:

bc =

∑
uεR(c)(ruc − µ)

λ2 + |R(c)|
(3.3)

Then, for each user u calculate user deviation:
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Figure 3.5: Adjusted Collaborative Filtering by Bell and Koren

bu =

∑
cεR(u)(ruc − µ− bc)
λ3 + |R(u)|

(3.4)

where R(u) denotes all the categories for which ratings by user u are available (as

shown by the coloured row in the Figure 3.5) and R(c) denotes the set of users who

rated category c (as shown by the coloured column in the Figure 3.5). Koren and

Bell demonstrated that 25 and 10 are typical values for λ2 and λ3, respectively. We

used the same values for the Yelp data set.

Our main contribution is to incorporate contextual information in the ACF method.

As we stated earlier, we propose that ratings by users should be considered separately
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in different parent categories. Users show different decision making tendencies in rat-

ing categories belonging to different parent categories with respect to the nature of

those categories. According to Bell and Koren, there are some effects associated with

users that need to be encapsulated within the baseline predictors using observed de-

viations of users from the average, bu. We propose that observed deviations of users

from the average can be different for different parent categories because the quality

and quantity of the effects associated with users regarding to different parent cate-

gories are not the same. Hence, for each user we estimate bu for each parent category

separately. Also, instead of a unique µ as the overall average rating, we calculate the

average rating by each parent category. Figure 3.6 illustrates our approach.

Figure 3.6: Context-aware Adjusted Collaborative Filtering
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As mentioned above, we calculate the average of ratings belonging to each parent

category pk separately and denote it by µk. Then, we estimate category deviation bc

for each category c by calculating formula 3.3. Finally, for each user based on each

parent category we estimate user deviation bu,k as:

bu,k =

∑
cεRk(u)(ruc − µk − bc)
λ3 + |Rk(u)|

(3.5)

where Rk(u) denotes the set of categories belonging to parent category pk rated

by user u which is shown by partially coloured row in the figure 3.6.

Therefore, our baseline prediction for an unknown rating ruc of category c by user

u where cεpk is:

buc = µk + bu,k + bc (3.6)

When user similarities and baseline predictions are calculated, we can apply the

neighborhood model described in 2.2.2 to predict the unknown ratings. Since we want

to develop a user-based collaborative filtering method, we slightly modified formula

2.14 which is an item-based approach, as follows:

r̂uc = buc +

∑
vεSt

(u)
Suv(rvc − bvc)∑
vεSt

(u)
Suv

(3.7)

where r̂uc is the predicted value for ruc and St(u) denotes the set of similar users to

user u with Pearson Correlation >= t. Figure 3.7 represents the flow diagram of our

context-aware collaborative filtering approach.

In our case study ratings range from 1 to 5, where 1 indicates the lowest level

of interest and 5 the highest. Hence, we consider product/service categories with

predicted rating equal to or greater than 4 as relevant categories to user and add
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Figure 3.7: Flow Diagram of Context-aware Adjusted Collaborative Filtering

them to the user’s recommendation list.

The next chapters explain our case study to evaluate our approach to context-

aware recommendation filtering using a comparative analysis that involves other well

known recommendation techniques.
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Chapter 4

Experiments

4.1 Simulating Context Data with the Yelp Aca-

demic Dataset

Personal context spheres store personal context data in the form of Resource Descrip-

tion Framework (RDF) graphs. To validate our approach to smarter deal recommen-

dations with real data, we used the Yelp Academic Dataset [32].

Yelp’s dataset provides reviews of the 250 closest businesses for 30 universities

for students and academics to explore and research. The data set includes 271,418

ratings that 65,411 real users have given to 6,900 local businesses. Ratings range from

1 to 5, and local businesses have been tagged with one or many of the 365 product

and service categories defined by Yelp. We used the information of Yelp’s data set

to create 65,411 RDF graphs. Each graph simulates the context sphere of a user.

Appendix A illustrates a generated graph for a user. If you pay attention to the

ratings by this user which all belong to two parent categories “Health & Fitness” and

“Food & Drink”, you can see that the average ratings for these two parent categories

are 5 and 2.66 respectively. It is a good example of how different users may behave
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in rating different categories.

Since in Yelp’s data set users have ranked businesses instead of products or ser-

vices, we obtained favorite users’ product and service categories from the categories

associated to the businesses ranked by these users. Yelp’s businesses are located in

67 cities across North America. Users’ locations are obtained from the locations of

the businesses reviewed by each user. Nevertheless, the set of cities or divisions in

Groupon differs from the set of cities related to businesses in Yelp. Thus, to use

Groupon’s API in SmarterDeals, for each location associated to a user in Yelp,

we considered all of the nearby divisions in Groupon. In this way, if Groupon is

unavailable in the user’s relevant locations, we can still deliver Groupon deals re-

lated to nearby locations. For this, we extended the SmarterContext vocabulary

that defines geographical locations to include the locations used by Groupon and

Yelp.1

Groupon defines 633 product and service categories classified into 18 general

categories, whereas Yelp’s data set contains 433 product or service categories with no

hierarchies. 284 of these categories are exactly equal to those in Groupon. How-

ever, to recommend deals based on the product and service categories defined by

Groupon, we mapped the remaining 149 Yelp categories into similar Groupon cat-

egories. SmarterContext classifies products and services using the Google product

taxonomy [26]. For this case study, we extended this taxonomy by creating a com-

plementary ontology, the deals ontology,2 from the set of Yelp’s product and service

categories mapped to Groupon’s deal categories along with their parent categories.

This simulation of context data provides a set of real rating data for our sys-

tem including real users’ locations and their ratings of product/service categories.

1The SmarterContext geo vocabulary is available at http://smartercontext.org/vocabularies/
rdf/geo.rdf

2The deals ontology is available at http://smartercontext.org/vocabularies/rdf/dealcategories.owl
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Therefore, we are able to evaluate our context-aware recommendation technique by

applying it on this dataset to compare our result with other baseline methods. Next

chapter defines our baseline methods for the purpose of comparative analysis and

presents and analyzes the results.
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Chapter 5

Evaluation, Analysis and

Comparisons

5.1 Evaluation Method

To evaluate our approach for each existing ru,c rating, we create a new version of the

Yelp dataset, Y−ru,c , with ru,c removed. Then, we apply our approach and the two

baseline approaches to predict the deleted rating ru,i. The predicted rating r̂u,c may

or may not be the same as ru,c. In general, we are interested to see whether the error

eu,c = ru,c− r̂u,c is small. We repeat this procedure for each existing rating ru,c (i.e. we

run the algorithms as many times as there are ratings in the dataset). This exhaustive

evaluation gives us a precise picture of the quality of each approach. To measure the

effectiveness of each approach we used root mean squared error (RMSE) as defined in

Formula 5.1, a widely accepted metric to assess the accuracy of the values predicted

by a model or an estimator with respect to the values actually observed [29] .

RMSE =

√ ∑
(u,c)∈TestSet

(eu,c)2/|TestSet| (5.1)
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To conduct a comparative analysis, we selected two well-known recommendation

techniques as baselines for the same test dataset and compared the calculated RMSE

based on their results. The first implemented technique for comparison is traditional

user-based collaborative filtering and the second one is the adjusted collaborative

filtering (ACF) technique used by Bell and Koren.

5.2 Test Description and Results

To evaluate our algorithm with Yelp’s dataset and since some Yelp users have a few

ratings, we reduced Yelp’s data set by considering only users who have at least 20

ratings. The reduced data set which is our test data set has 58,069 ratings distributed

over 313 product or service categories by 1,683 users. These 313 categories, mapped to

Groupon’s categories, belong to 17 parent categories instead of 18 parent categories

because, by reducing the dataset the “Legal Services” Groupon parent category was

deleted since it had only 11 ratings in total.

To measure user-user similarities, we applied the Pearson Collaborative Coefficient

as shown by Formula 3.1 for all three recommendation methods. Then, for the ACF

approach we computed baseline predictors as shown in Formulas 3.2, 3.3 and 3.4. To

estimate baseline predictors as proposed by our approach, we used Formulas shown

in 3.3, 3.5, 3.6. Finally, to predict the rating ruc by user u for category c which

has been hidden from the test dataset, for the traditional user-based collaborative

filtering method we used the weighted sum aggregation function shown in Formula

2.7 and for both ACF and our approach we used the neighborhood model shown in

Formula 3.7.

Because the focus of our approach is on the difference between parent categories,

we designed our test in a way that at each step, it hides and predicts all the ratings
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of a single parent category one at a time; computes the RMSE associated with this

parent category; then continues the same process for next parent category. Hence,

we are able to calculate and report RMSE based on each parent category separately

and compare the performance of the methods under test. We also report the average

RMSE of all parent categories for each recommendation technique. Table 5.1 presents

the resulting RMSE for all three approaches. Note that parent categories shown in

this figure are those having at least 50 ratings.

Table 5.1 presents our validation results. Column Parent Category contains the 14

Groupon parent categories included in the reduced Yelp data set. Columns Classic

CF (C), ACF (A), and SmarterDeals (S) present the RMSE for the two baselines—

the traditional user-based collaborative filtering method and ACF approach, and our

context-driven approach, respectively. Column (AiC), calculated as ((C−A)/C)∗100,

corresponds to the improvement of A over C. That is an example of the improvement

in the error measurement (RMSE) of the ACF approach with respect to the tradi-

tional user-based recommendation method. Similarly, Column (SiC) represents the

improvement of SmarterDeals (S) over the traditional method (C), and calculates

as ((C − S)/C) ∗ 100. Column SiC-AiC is to compare the improvement of S over C

with respect to the improvement of A over C. Finally, Column Relative Performance

(RP), calculated as ((SiC−AiC)/SiC) ∗ 100, represents the relative improvement of

our approach with respect to ACF approach. Figure 5.1 presents the improvement in

terms of accuracy of the ACF approach (AiC), and our approach (SiC), with respect

to the traditional user-based collaborative filtering method (C). Figure 5.2 presents

the relative performance of SmarterDeals with respect to the ACF approach.

Our approach is about 8.1% more accurate than classic CF and 1.3% than ACF.

For about half of the categories, SmarterDeals is more than 2% better than ACF,

with some more than 3% better.
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Table 5.1: Validation Results

Parent Category
Classic CF

(C)
ACF
(A)

SmarterDeals
(S)

(AiC) (SiC) SiC-AiC
Relative

Performance (RP)

Automotive 1.16 1.15 1.12 1.4% 3.9% 2.5% 173.4%

Financial Services 1.67 1.60 1.55 3.9% 6.8% 2.9% 74.8%

Real Estate 1.74 1.68 1.64 3.1% 5.3% 2.3% 73.2%

Health & Fitness 1.09 1.02 0.99 6.2% 9.3% 3.0% 48.4%

Beauty & Spas 1.17 1.08 1.04 7.4% 11.0% 3.5% 47.1%

Education 1.16 1.11 1.09 4.5% 6.6% 2.1% 45.5%

Travel 0.97 0.91 0.89 6.1% 8.4% 2.3% 36.8%

Food & Drink 0.95 0.87 0.85 8.1% 10.3% 2.2% 26.7%

Arts and
Entertainment

0.93 0.86 0.84 7.2% 9.0% 1.9% 26.2%

Restaurants 0.95 0.87 0.86 8.7% 9.8% 1.1% 12.7%

Shopping 1.60 1.55 1.55 3.1% 3.3% 0.2% 7.6%

Nightlife 0.85 0.76 0.75 11.6% 12.2% 0.6% 5.3%

Professional
Services

0.90 0.78 0.80 12.6% 10.3% -2.3% -18.5%

Public Services
& Government

1.11 0.98 1.03 11.8% 7.8% -4.0% -34.0%

Average 1.16 1.09 1.07 6.8% 8.1% 1.3% 37.5%

In order to put these results in perspective, we note that the Netflix competition

(which carried a 1 million dollar prize) was about improving the RMSE compared to

the recommender system of Netflix by 10%.1

In terms of multiplicative relative performance, for some categories the accuracy

of SmarterDeals is much better than ACF’s (e.g., for Automotive our approach

outperforms ACF by 173.4%, and 37.5% on average).

There are two parent categories, Professional Services and Public Services and

Government, for which our method did not do very well. These two parent categories

seem very generic and they are not properly categorized in specific sub-categories.

They cover a wide variety of services and it might be the reason for negative results

for the relative improvement of our approach with respect to ACF approach. If we

could divide these services into more specific categories, there is the possibility that

our method outperforms the ACF method.

1The last years of the competition saw most of the teams improving by less than 2%.



53

!"!#$

%"!#$

&!"!#$

&%"!#$

'
(
)*
+
*
,
-
.
$

/
01
2
1
30
2
4$
5
.
6-
03
.
7$

8
.
2
4$
9
7)
2
).
$

:
.
2
4)
;
$<
$/
0)
1
.
77
$

=
.
2
(
)>
$<
$5
?
2
7$

9
@
(
32
,
*
1
$

A
62
-
.
4$

/
*
*
@
$<
$B
60
1
C
$

'
6)
7$
2
1
@
$9
1
).
6)
2
01
+
.
1
)$

8
.
7)
2
(
62
1
)7
$

5
;
*
?
?
01
D
$

E
0D
;
)4
0F
.
$

G
6*
F.
77
0*
1
2
4$
5
.
6-
03
.
7$

G
(
H
40
3$
5
.
6-
03
.
7$
<
$I
*
-
.
61
+
.
1
)$

'0J$ 50J$

Figure 5.1: Improvement of ACF (AiC), and SmarterDeals (SiC) with respect to
classic CF (C)



54

!"#$#%&

#$#%&

"#$#%&

'##$#%&

'"#$#%&

(##$#%&

)
*
+,
-
,
.
/
0
&

1
23
4
3
52
4
6&
7
0
8/
25
0
9&

:
0
4
6&
;
9+
4
+0
&

<
0
4
6+
=
&>
&1
2+
3
0
99
&

?
0
4
*
+@
&>
&7
A
4
9&

;
B
*
54
.
,
3
&

C
84
/
0
6&

1
,
,
B
&>
&D
82
3
E
&

)
8+
9&
4
3
B
&;
3
+0
8+
4
23
-
0
3
+&

:
0
9+
4
*
84
3
+9
&

7
=
,
A
A
23
F
&

G
2F
=
+6
2H
0
&

I
8,
H0
99
2,
3
4
6&
7
0
8/
25
0
9&

I
*
J
62
5&
7
0
8/
25
0
9&
>
&K
,
/
0
83
-
0
3
+&

:I&

Figure 5.2: Relative performance of SmarterDeals (S) with respect to ACF (A)



55

Chapter 6

Conclusions

Recommender systems are software applications and tools that provide recommen-

dations to users for different products and services. The recommendation techniques

are based on user preferences and profiles to suggest relevant recommendations for

each user. By providing personalized recommendations, recommender systems help

users find the products and services which may be more interesting for them with

less effort. Although, due to the overload and fast growth of digital information and

technology in today’s world, there is still significant need and space for improve-

ments and optimizations in recommendation techniques. Moreover, there are many

more application areas that can benefit from recommender systems. An important

part of these improvement techniques involves incorporating contextual information

in recommender systems.

This research proposed a context-aware recommendation technique which is devel-

oped as a deal recommendation system. A large number of users and the popularity

of Groupon, a daily deal website, made us think about developing a deal recom-

mendation system using Groupon as a resource for interesting deals. To implement

our recommender system, we applied one of the most advanced recommendation tech-
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niques introduced by Bell and Koren, winners of the grand Netflix prize. However, the

most important contribution of our system is context-awareness. We took advantage

of SmarterContext, a dynamic context management system, to gather, evaluate,

and maintain contextual information for our system. Finally, by incorporating con-

textual information in our recommendation engine and evaluating the system using

Yelp’s Academic Dataset, we demonstrated that our context-aware recommendation

system outperforms both the traditional collaborative filtering technique and Bell and

Koren’s advanced collaborative filtering approach in most cases.

Limitations in public data sets containing real user contextual information results

in constraints for studying and experimenting with our system according to other

interesting areas of users’ contextual information (e.g., their social relationships).

Since SmarterContext is designed to be able to provide a large variety of users’

context information, we are interested in developing and evaluating our system for

other possible contextual areas in the future.
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Appendix A

Additional Information

The Resource Description Framework (RDF) is a general method for conceptual de-

scription or modelling of information in web resources [49]. The following RDF file

presents a sample of user’s contextual information which has been modelled with the

RDF method using the SmarterContext vocabulary.

sources/user4.rdf

<rdf:RDF

xmlns : rd f=” ht t p : //www. w3 . org /1999/02/22− rdf−syntax−ns#”

xmlns:pwc=” h t t p : // smartercontext . org / v o c a b u l a r i e s /pwc/v1 .1/ pwc . owl#”

xmlns:gc=” h t t p : // smartercontext . org / v o c a b u l a r i e s /gc/v1 .1/ gc . owl#”

xmlns:shopping=” h t t p : // smartercontext . org / v o c a b u l a r i e s / shopping /v1

.1/ shopping . owl#” >

<r d f : D e s c r i p t i o n rd f : about=” ht t p : // smartercontext . org / v o c a b u l a r i e s / rd f

/ user4 . rd f#user4 ”>

<r d f : t y p e r d f : r e s o u r c e=” h t t p : // smartercontext . org / v o c a b u l a r i e s /pwc/

v1 .1/ pwc . owl#User”/>

<pwc:givenName r d f : d a t a t y p e=” h t t p : //www. w3 . org /2001/XMLSchema#s t r i n g

”>Nicho las M.</pwc:givenName>

<pwc :pre f e r r edLocat i on r d f : r e s o u r c e=” h t t p : // smartercontext . org /

v o c a b u l a r i e s / rd f / geo . rd f#Berke ley ”/>
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<pwc:ranked r d f : r e s o u r c e=” h t t p : // smartercontext . org / v o c a b u l a r i e s / rd f

/ d e a l c a t e g o r i e s . owl#Fi tne s s &amp ; I n s t r u c t i o n ”/>

<pwc:ranked r d f : r e s o u r c e=” h t t p : // smartercontext . org / v o c a b u l a r i e s / rd f
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