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Abstract

Recommender systems analyse user preferences with the purpose of recommending items

to users, that meet their needs and preferences. In the context of my MSc thesis, I studied

a recommendation method based on personalized random walks over a graph that encodes as-

sociations between users, items and contextual attributes. This method was tested in the setting

of recommending locations with basis on data from location-based social networks such as Yelp.

The graph-based representation of the problem is constructed using the explicit feedback con-

tained in a dataset collected from Yelp. An adaptation of the Personalized PageRank algorithm

was used for simulating the random walks, in order to recommend the top−k local business to

users. This dissertation describes the most important related work and it details my MSc the-

sis contributions, presenting the results of an extensive set of experiments made with the Yelp

academic dataset, that attest the adequacy of the proposed method.

Keywords: Recommender Systems , Graph-Based Recommender Systems , PageRank ,

Personalized PageRank.
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Sumário

O
s sistemas de recomendação analisam as preferências de um dado utilizador com o intu-

ito de lhe recomendar items, indo de encontro às suas necessidades e preferências. No

contexto da minha tese de mestrado, estudei um sistema de recomendação baseado em pas-

seios aleatórios (i.e., random walks) personalizados num grafo. O grafo representa associações

existentes entre utilizadores, items e atributos contextuais. Este sistema foi testado de modo

a recomendar negócios locais, tendo como referência informação contida em redes sociais

baseadas na localização, tais como o Yelp. Assim, o grafo foi construı́do tendo como base a

informação explı́cita contida num dataset recolhido da rede Yelp. Uma adaptação do algoritmo

Personalized PageRank foi utilizada, a fim de recomendar os top−K negócios locais aos uti-

lizadores. Esta dissertação descreve os trabalhos relacionados mais importantes e detalha as

contribuições feitas na minha tese de mestrado. O documento apresenta ainda os resultados

obtidos após um extenso conjunto de experiências realizadas com o conjunto de dados do Yelp,

as quais atestam a adequação do método proposto.

Keywords: Sistemas de Recomendação , Sistemas de Recomendação Baseados em Grafos

, PageRank , PageRank Personalizado
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Chapter 1

Introduction

Recommendation systems constitute nowadays an important sub-area of information re-

trieval. Typically, these systems are used on e-commerce services, and they try to pre-

dict the preference that a user would give to an item. The predictions are made with basis on

the information submitted by the user, or by other users, and with these predictions the system

can then recommend products or services that are potentially of interest to the user (Ricci et al.,

2011). On the other hand, the recent emergence of online social networks provides us with large

amounts of information about user behavior. Moreover, location-based social networks like Yelp

register the local business that users frequently visit, providing huge datasets with information

about the services that are preferred by the users. This work argues that this information can

be used by a recommender system in order to discover new interesting business to be recom-

mended to users. In my MSc thesis, I developed a recommendation method based on personal-

ized random walks over a graph that encodes associations between users, items and contextual

attributes. The purpose of this method is to recommend local-businesses to users based on data

from location-based social networks such as Yelp. The graph-based representation of the prob-

lem is constructed using the explicit feedback contained in the Yelp Academic dataset, available

from https://www.yelp.com/academic_dataset. This dataset consists of reviews given

by users to business. It contains 152326 reviews of 65888 users, on 6899 business. An adaptation

of the Personalized PageRank algorithm was used for simulating the random walks, in order to

recommend the top−k local business to users. A series of experiments with the Yelp Academic

dataset was made, testing different graph-based representations for the local business recom-

mendation task. The results from my experiments show that an increased usage of contextual

information indeed results in an increased accuracy.

1
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1.1 Hypothesis and Methodology

The scientific hypothesis behind my research work is:

• Can an approach based on multidimensional information graph improve the recommenda-

tion of the top-k venues to a user in the context of location-based social networks?

To validate the aforementioned hypothesis I did experiments with the Yelp Academic Dataset.

Through the dataset, a graph was constructed, and one thousand users were selected based on

the ones who had the highest degree (i.e., the users who had a larger number of edges linking

them to the business). The reviews of these one thousand users were employed in order to

generate test sets.

Most recommender systems use the opinions of a group of users to help other users identifying

contents of interest to them. Evaluating these systems and their algorithms can be a very dif-

ficult task, since evaluation has to take into account which attributes should be measured and

which metrics should be used in each attribute. Therefore, and since the focus was only on the

top-k ranked business, the metrics used were: Precision@10, Mean Average Precision (MAP)

and Normalized Discounted Cumulative Gain (NDCG)@10. These metrics were used in order to

evaluate the following multidimensional graphs, as the representations:

• A bipartite graph with nodes corresponding to users and local business, with a weight of

one in the undirected edges connecting users to the local business.

• A bipartite graph with nodes corresponding to users and local business, with weighted

undirected edges connecting users to the local business that they rated with a star score

greater or equal to three.

• A tripartite graph with nodes corresponding to users, local business and cities, with weighted

edges connecting users to the local business that they rated with a star score greater or

equal to three, and without weights in the undirected edges connecting local business to

their corresponding cities.

• A tripartite graph with nodes corresponding to users, local business, cities, and local busi-

ness categories, with weighted edges connecting users to the local business that they rated

with a star score greater or equal to three. No weights were used in the undirected edges

connecting local business to their cities and to their corresponding categories.
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1.2 Contributions

A new approach for recommending items to users was developed. From the experiments made

in the context of my MSc thesis, the following contributions resulted:

1. First, I presented a highly-flexible graph-based multidimensional recommendation method.

2. Second, through experiments using Yelp academic dataset, I showed that the method

shows reasonably high top-k recommendation performance. I also showed that exploit-

ing multidimensional information associated to an implicit feedback dataset can improve

recommendation quality.

1.3 Document Organization

The rest of this dissertation is organized as follows: Chapter 2 describes the fundamental con-

cepts required to understand the proposed work. Chapter 3 describes related work previously

developed in the area. Chapter 4 presents the proposed approach. Chapter 5 describes the

studies made in the context of the validation of the hypothesis of the thesis. Finally, Chapter 6

summarizes the most important aspects, and presents possible directions for future work.





Chapter 2

Fundamental Concepts

This section introduces the fundamental concepts required to understand the proposed work.

First, Section 2.1 presents the information filtering and the information retrieval models, ex-

plaining the major differences. Section 2.2 presents a specific well-known approach for document

retrieval, known as the vector space model. Section 2.3 introduces the different types of recom-

mender systems. Section 2.4 presents different metrics for evaluating recommendation systems.

Finally, Section 2.5 presents a mechanism for estimating the importance of nodes in a graph,

which can be used for the purpose of recommending important nodes.

2.1 Information Filtering and Information Retrieval

The problem of identifying user’s interests, afterwards filtering only the pieces of information

that a user would find interesting, is typically addressed in the area of Information Filtering (IF).

Similarly, finding useful information in a large document collection, in order to provide specific

information to assist user’s needs, is a typical problem in the area of Information Retrieval (IR).

These two similar areas are described in more detail in the next paragraphs.

Generally, IF is a process that filters preferential information to an individual or to a group of

people. This filtering is based on the preferences described by the individual or the group of indi-

viduals, and these preferences represent long term interests, often called profiles. The process

of filtering usually deals with large amounts of textual information. Typically, it involves streams of

incoming data that can be broadcast from remote sources, sent directly by other sources or from

remote databases.

A general model for IF can be seen in Figure 2.1. It begins with an individual, or a group of

5
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Text

Goals or tasks 
of a user or 

group of users

Representation 
in Profiles

Comparison or 
Filtering

Modification

Use and/or Evaluation

(a) IF

Text 

Goals or tasks 
of a person

Representation 
in a query 

Comparison or 
interaction

Use and/or Evaluation

Modification

(b) IR

Figure 2.1: Information Filtering and Information Retrieval, Based on Belkin & Croft (1992).

individuals, who have periodic or long-term goals or desires, that lead to regular information

interests. These interests may change over the time, since the goals or desires may change too.

This information over individual’s interests is represented as profiles, in order to be considered

by the filtering system. The filtering system compares texts to the profiles by evaluating how well

the terms in a text respond to the interests of a profile. The texts that most correspond to the

profile are delivered to the individual (Belkin & Croft, 1992).

On the other hand, IR is a process that finds, in a large collection of documents, the items that

best satisfy an information need of a user (Manning et al., 2008). The documents are grouped

into collections, like databases, and the representation of the meaning of the documents has to

be in a form understood by the computer. In IR, building these representations is sometimes

called indexing.

A general model for IR can also be see in Figure 2.1. It begins with an information need for an

individual. This information need is expressed through a query, which must be in a language

understood by the IR system. The IR system then searches a collection of documents for texts

that satisfy the user need. Then, the system assigns a numeric score to every text, and ranks
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the texts by estimating their relevance to a user query. The texts with the highest scores are then

delivered to the user. These retrieved documents are then evaluated or used, and either the user

leaves the system or the user leads the system to a change in status, for instance by modifying

the query, known in IR as relevance feedback (Belkin & Croft, 1992).

The IF process and the IR process are almost identical, but there are some important differences

between the two:

• The main concern of IF is to satisfy a person or a group of persons with a long-term goal or

interest and that repeatedly uses the system, whereas IR concerns with a person who has

a one-time goal and that may use the system only a single time.

• IR concerns with inferring the information needs from a query, while IF assumes that the

information interests that should be considered for filtering are correctly specified in the

profiles of the users.

• IF concerns with the distribution of texts to groups of persons or to a person, whereas IR

concerns with the collection and posterior organization of the text.

• IR selects texts from a relatively static database, whereas filtering selects or eliminates

texts from a dynamic data stream.

Recommendation systems constitute a particular sub-area of IF, having also many commonalities

with IR systems. Recommendation systems filter items of interest with basis on user profiles,

most commonly from a database describing the items to recommend.

2.2 Document Retrieval

Many models have been developed in IR, but a fundamental model that is nowadays still com-

monly used is the vector space model. This model is based on representing documents as

vectors in a n-dimensional vector space.

The vectors have the weights of the terms occurring in the document collection, since a weight is

assigned to each term in a document and this weight depends on the number of occurrences of

the term in the document. The length of the vectors corresponds to the size of the lexicon used

in the set of documents (de Gemmis et al., 2010). The weight of terms that do not occur in a

document is considered to be zero. A query can also be represented as a vector of terms. In this

model, terms are typically the individual words (Singhal, 2001).
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The simplest approach that one can use in order to assign a numeric score expressing the relation

between a query term t and a document d is based on the frequency of t in d, with this frequency

being equal to the number of occurrences of t in d. This approach is referred to as term frequency

and it is denoted by tft,d, where t denotes the term and the d denotes the document. The term

frequency can be calculated by the following formula, where the maximum is obtained over the

frequencies ft,d off all terms t which occur in document d (Ricci et al., 2011):

tft,d =
ft,d

max ft,d
(2.1)

With the term frequency approach, all frequent terms are considered important, relatively to the

relevancy on a query, but in fact some terms have no discriminating power when determining

the relevancy, since they occur too often in the collection. In order to attenuate this effect, it is

common to use the document frequency, dft, which denotes the number of documents in the

collection that contain a term t. This frequency is used to calculate the weight of a term:

idft = log
N

dft
. (2.2)

In the formula, N is the total number of documents in a collection. If the result of the idf is high,

this means that the term is rare. Contrarily, if the result is low, this means that the term is frequent.

Having the tf and idf weights of the terms, a better weighting for each term occurring in a

document can be obtained by the formula shown bellow:

tf − idft,d = tft,d × idft. (2.3)

With the tf − idf weighting scheme, it is possible to score a document for a query, and this is

given by the following expression, where the sum is over all terms of a query q:

Score (q,d) =
∑
tεq

tf − idft,d. (2.4)

The resulting scores can then used to select the top scoring documents for a query (Manning

et al., 2008). Alternatively one can also use the cosine of the angle between two vectors to

measure their similarity, since the cosine has the property that it is one for identical vectors and

zero for orthogonal vectors (Singhal, 2001). Let us consider
−→
V (d) the vector derived from the

document d and the
−→
V (q) the vector derived from the query q. Then, the similarity of document

d to query q can also be represented as (Andomavicius & Tuzhilin, 2005):
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Sim (d, q) =

−→
V (d) ·

−→
V (q)∥∥∥−→V (d)

∥∥∥ · ∥∥∥−→V (q)
∥∥∥ =

∑‖n‖
i=1 Vi,dVi,q√∑‖n‖

i=1 V
2
i,d

√∑‖n‖
i=1 V

2
i,q

. (2.5)

Finding the most similar document in relation to the query can be made by sorting documents

according to their similarity (Manning et al., 2008). However, a document may have a high similar-

ity for a query even if it does not contain all the terms of the query. Nevertheless, content-based

recommender systems, which rely on vector operations, derive their predictions of user’s interest

in a particular item by computing the cosine similarity (Ricci et al., 2011).

2.3 Recommendation Systems

Recommender systems are a specific type of IF systems. They recommend items which may

be of interest to the considered user, with basis on user profiles. In the simplest formulation,

recommendation systems predict the utility of an item, which is represented by a rating indicating

how a user liked a item. These predictions are, for instance, based on the ratings given by the

user to other items (Andomavicius & Tuzhilin, 2005).

Information about user’s interests and preferences is stored in a user profile, being latter pro-

cessed by recommendation algorithms (de Gemmis et al., 2010). The simplest way of creating a

profile is to initially create an empty profile that will be updated each time the user interacts with

the system. Notice however that, with this explicit approach, the system can only provide any

recommendation after the user interacted with the system for a while.

Another way of creating a user profile is to request the user to implicitly register its interests in

the system. The main disadvantages of this approach are in the fact that a user can be unknown

of some interests, and the profile creation effort is performed by the user (Óscar Celma, 2010).

However, to avoid the creation of a profile manually, the system may ask the user for information

available externally, which describes his interests. This information has to be imported by the

system from the external source. Another approach is to request the user to evaluate concrete

items as relevant or irrelevant, according to his interests. In this method, a pre-defined training

set is used and the main problem relies on gathering representative items. The system can also

collect initial information using stereotyping. The idea of this method is to assign a new user into

a group of similar users which are represented by their stereotyped profiles (Óscar Celma, 2010).
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Notice however that profiles do not stay static, since user’s interests may change with time (Paz-

zani & Billsus, 2007). Therefore, recommender systems need to update the user profiles, for

instance by using feedback from the users. Such feedback can be of two types:

Explicit feedback which can be acquired in two ways. One option is to let users express their

opinions about items. This is done by using ratings that can be positive or negative. Such

rates can be a binary value such as like or dislike, or a discrete value in a scale as from

zero to N. The other option is to permit written comments and opinions about items to be

made by the users. This feedback contributes to the user model matching, required in the

recommendation process.

Implicit feedback which minimizes user collaboration and can be acquired by inferring user’s

preferences, through monitoring of their actions. However, implicit feedback does not ob-

serve negative feedback, because it only analyses actions made by the user’s and these

actions produce a positive feedback since user’s actions are made according to interests.

When the system updates the profiles, new interests are gradually added and the old ones are

forgotten. This process can be done in three different ways. The first way is to manually introduce

the new interests and have this done by the user. In the second way, information about user’s

interests is added to the profiles, while the old interests are kept. Finally, in the third way, the new

interests are promoted, while the old ones are gradually forgotten.

Although, many systems use on-line learning approaches in order to build, learn and update user

profiles to make real time recommendations, some learning methods are done offline, since user

preferences change slowly with respect to the time needed to build the profile (de Gemmis et al.,

2010). Typically, machine learning techniques are used in the task of learning user profiles in

model-based recommender systems. It is common to build a classifier to learn the user profile,

and this classifier is a model able to assign a category to a specific input. Many different machine

learning strategies may be used to implement the classifiers, and these strategies are described

below (de Gemmis et al., 2010; Pazzani & Billsus, 1997, 2007):

- Naı̈ve Bayes: This is the most commonly used probabilistic algorithm. The model estimates

the a posteriori probability of a document d belonging to a class c, P (c | d). This estimation

is based on the priori probability P (c) of observing a document in class c, on the proba-

bility P (d | c) of observing the document d given c, and on the probability of observing the

instance d. With these probabilities, the Bayes rule can calculate P (c | d):

P (c | d) =
P (c)P (d | c)

P (d)
. (2.6)
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To classify the document d, the class with the highest probability is chosen:

c = arg max
cj

P (cj)P (d | cj)
P (d)

. (2.7)

This model is usually employed in content-based recommender systems, where the items

which are going to be recommended are represented by textual documents.

- Rocchio’s Method: this method is used for inducing linear profile-style classifiers, since some

linear classifiers consist of an explicit profile of the category. Thus, Rocchio’s method uses

the TF − IDF weight for each informative word. Formally, Rocchio’s method computes a

classifier ~ci =
(
ω1i,··· ,ω|T |i

)
for category ci, where T is the vocabulary of the distinct terms

in the training set, through the formula:

ωki = β ·
∑

dj∈POSi

ωkj
|POSi|

− γ ·
∑

dj∈NEGi

ωkj
|NEGi|

. (2.8)

The term ωkj is the TF − IDF weight of the term tk in document dj , while POSi and

NEGi are respectively the set of positive and negative examples in the training set for the

specific class cj , the parameters β and γ are control parameters which allow setting the

relative importance of all the POSi and NEGi examples. In order to assign a class c̃ to a

document dj , the similarity between each prototype vector ~ci and the document vector ~dj is

calculated and c̃ will be the ci with the highest value of similarity.

- Decision Tree Learners: in these trees, internal nodes are labeled by terms, branches are

labeled by tests on the weight that the term has in the test document, and leaves are labeled

by categories. Decision trees are built by recursively partitioning data into subgroups until

they contain instances of a single class. The partition is performed on the weights that the

terms labeling the internal nodes have in the document.

- Decision Rule Classifiers: these classifiers are similar to decision trees, but they tend to gener-

ate more compact classifiers than decision trees. Decision rule methods usually attempt to

select from the possible covering rules, the best rules which correctly classify all the training

examples.

- Neural Networks: these classifiers use networks to model complex relationships between input

cells and output cells. The output cells represent the user interests, and they are achievable

by a specific pattern in the network. Whenever, an error occurs a backward propagation is

performed in order to achieve the responsible cell, and this cell is adjusted.
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- Bayesian Networks: these models encode is a probability distribution represented in a directed

acyclic graph. The nodes are attributes and the arcs are probability correlations. Bayesian

networks are used to model relationships between items that users have liked.

- Nearest Neighbor Algorithms: these algorithms simply store training data, here textual de-

scriptions of implicitly or explicitly labeled items, in memory, and they classify a new unseen

item by comparing it to all memory stored items, using a similarity function. The nearest

neighbours of the new item are determined, and the class label of this item is derived from

the class labels of the nearest neighbour. The similarity function used by these algorithms

depends on the type of data.

Once the user profile is created, the following step is the exploration of this profile. This is done

in order to provide recommendations of items to the users, according to their preferences. Rec-

ommendation systems can be classified in three categories, namely content-based, collaborative

and hybrid. The next sections explain in detail these recommendation systems.

2.3.0.1 Content-Based Recommender Systems

In content-based recommender systems, items are recommended to the users based on the ones

that the user preferred in the past. These recommendations are made by matching user profiles

with descriptions of the items. In particular, let Profile (c) be the profile of a user c, which con-

tains his tastes and preferences. This profile is constructed by analysing the content of the items

previously seen and rated by a user c (Andomavicius & Tuzhilin, 2005). Latter, the description of

other items is compared with the Profile (c), and those who best match with the interests of c

are recommended. The process of matching the items can for instance be done using the cosine

similarity measure. However, in some cases, after the recommendation, feedback is asked from

the users. If the user likes the recommendation, then the weights of the recommended items are

increased. This process is designated by relevance feedback (de Gemmis et al., 2010).

Content-based systems have some limitations. One of them is that these systems are limited by

the features which are associated manually or automatically with the items selected by the users.

This means that no good suggestion will be provided by these systems if the content does not

contain enough information to distinguish between items the user likes, and the ones that the

user does not like (de Gemmis et al., 2010). Another limitation associated with content-based

systems has to do with items that are represented with the same set of features. Content-based

recommenders will not be able to distinguish between them. Still another limitation is that these

systems only recommend items similar to those already rated, and they cannot recommend items

which are too different from those that the user has seen before (Andomavicius & Tuzhilin, 2005).
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Finally, sufficient ratings have to be collected when a user is introduced in the system, so as to

understand his preferences and provide reliable recommendations (de Gemmis et al., 2010).

2.3.0.2 Collaborative Recommender Systems

On collaborative recommender systems, the opinions of the users are used to recommend items

the user likes, and these recommendations are based on the similar preferences shared among

a group of users (Herlocker et al., 2000). The main idea of these systems is that a group of

users who liked the same items in the past, probably share the same preferences. This group

of users is called the nearest neighbours. In this way, recommendations can be made to a user

of this group, suggesting him items that he never saw, but that have been seen by his nearest

neighbour, who share the same tastes and who liked items in common in the past (de Gemmis

et al., 2010). Formally, let p (c, s) be the preference of user c for an item s. This preference is

estimated based on the preference p (cnn, s), assigned to item s by the nearest neighbours cnn

of the user c (Andomavicius & Tuzhilin, 2005).

The main advantage of collaborative systems is that items in different categories can be recom-

mended (de Gemmis et al., 2010). However, collaborative systems also have some limitations.

One limitation lays on the problem of a new user. First, the system needs to learn the pref-

erences of the user from the ratings he gives to the items (de Gemmis et al., 2010). Another

limitation is that new items are regularly added to recommender systems, and since collaborative

systems rely on user’s preferences in order to make recommendations, these systems need to

wait for a substantial number of ratings given to the new item, in order to recommend it (An-

domavicius & Tuzhilin, 2005). Another problem of these systems is that for users whose tastes

are unusual, there will not be other users with similar tastes, leading to a poor recommendation

performance (Balabanović & Shoham, 1997).

Collaborative recommender systems have nonetheless many significant advantages over content-

based recommender systems. The following advantages and disadvantages can be seen when

comparing content-based against collaborative methods (de Gemmis et al., 2010):

- User Independence: content-based recommendation systems only use ratings provided by the

active users in order to build their profiles. On the other hand, collaborative recommenders

need ratings from the nearest neighbours of the active user, and only the items that are

most liked by the neighbours are recommended to the active user.

- Transparency: on content-based recommenders, descriptions or features of an item are the
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main explanations of recommendation when an item is recommended. Instead, collabora-

tive recommenders are like a black box, since the only explanation for a recommendation

is that users with similar preferences liked the item that is to recommended.

- New Item: content-based systems are able to recommended items not yet rated by any user.

Contrarily, the new item problem affects collaborative systems since these systems need

user’s ratings to make recommendations.

2.3.0.3 Hybrid Recommender Systems

Hybrid recommender systems aim to combine multiple recommender techniques, or combine to-

gether multiple results of different recommender systems, to produce a single output. Therefore,

hybrid systems exploit the advantages of different recommender systems, while avoiding their

shortcomings. The hybrid recommender integrates the individual recommender systems using

one of the hybridization methods shown bellow (Burke, 2002; de Gemmis et al., 2010):

- Weighted: a weighted recommender is the simplest form of hybrid recommenders. In this

recommender all the scores of the different modules are combined together to produce a

single recommendation.

- Switching: a switching hybrid uses some criterion to decide when to switch between differ-

ent recommenders. Additional complexity is introduced into the recommendation process,

since the switching criteria selects one of its modules as appropriate in a current situation.

Each module generates an individual recommendation, and posteriorly the switching hy-

brid selects one of the individual recommendations as the final recommendation, based on

either the performance of the individual recommenders, or in some other measure.

- Mixed: in a mixed hybrid, recommendations from several different modules are presented

at the same time. These types of hybrid systems are practical when a large number of

recommendations are simultaneously made.

- Feature Combination: features from different recommendation systems are associated with

each item to be recommended. Feature combination is a hybrid approach, in the way that

it uses different knowledge from different recommender systems by combining them, and it

adds new kinds of features to the items.

- Feature Augmentation: this method is similar in some ways to the feature combination method.

In feature augmentation, one recommender system is employed to produce a rating of an

item and the information of the rating is then incorporated into the processing of the next
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recommendation system. The advantage of feature augmentation in relation to the feature

combination is that it adds a smaller number of features into the input of a recommender

system, in order to improve is performance.

- Cascade: these systems involves a staged process, since one recommender refines the rec-

ommendations given by another recommender. Therefore, one recommender system pro-

duces a coarse ranking of candidates, and a subsequent recommender system uses the

filtered candidates, refining the final suggestions.

- Meta-Level: in these systems, an actual recommender system uses as input on his computa-

tion a model learned by another recommender system. This hybrid system is not feasible

for all recomendation systems, since the contributing recommender has to produce a model

which can be used as input by the actual final recommender.

The more frequent approach in hybrid systems is to combine content-based and collaborative

recommenders systems, avoiding some limitations of these two methods and emphasizing their

strengths (de Gemmis et al., 2010).

2.4 Evaluating Recommendation Systems

Most recommender systems use the opinions of a group of users to help other users identifying

contents of interest to them. Evaluating these systems and their algorithms can be a very difficult

task, since evaluation has to take into account which attributes should be measured and which

metrics should be used in each attribute. Therefore, important decisions should be taken, such

as deciding if it is the user’s tasks that are going to be evaluated, or instead if what is going to be

evaluated is the recommendation success or the user satisfaction.

However, there are some specific previous contributions towards the evaluation of recommender

systems, which can be used in this work (Herlocker et al., 2004). First it is important to know

exactly which is the goal and the task for which the system is to be used. The content has to be

recommended according to the ratings previously attributed to it, since a content with a highest

rating is more likely to be considered by a user, than one with an inferior rating. However, the

recommendation has to take into account also the interest of the user in order to recommend

good items that will give satisfaction to the user. Therefore, a way of evaluating a system is

based on the recommendations made by the system. If a system recommends desired content,

obtaining satisfaction from an user, than the system should obtain a high evaluation score, and

otherwise the system should obtain a low evaluation score. It is also important to select a good



16 CHAPTER 2. FUNDAMENTAL CONCEPTS

data set when evaluating a recommender system, and this data should reflect the nature of the

content being recommended.

Accuracy has been the most commonly used evaluation method for collaborative filtering sys-

tems. The objective is to measure the difference from the predicted ratings of items, produced

by a recommender system to a user, to the real rating given by a user to an item. In order to

measure the accuracy of a recommender system it is important to select one or more adequate

metrics. Some possible metrics are described bellow:

- Predictive accuracy measures how close is the difference between the predicted ratings

given by the recommender system in relation to the true rate given by a user. This metric is

particularly important for evaluating tasks in which the predicted rating will be displayed to

the user. The difference between the predicted and the real rate can be obtained through

the computation of the Mean Average Error (MAE) (Cacheda et al., 2011). MAE mea-

sures the absolute average deviation between a predicted rating and the user’s true rating,

through the formula:

MAE =

∑N
i=1 |pi − ri|

N
. (2.9)

In the formula, pi is the predicted rate and ri is the true rate.

- Classification accuracy measures the frequency of how often a recommender system makes

correct or incorrect decisions about if an item is good or bad. Thus, this metric is appro-

priate for tasks such as finding good items when users have binary preferences. In order

to measure the frequency of the correct or incorrect decisions, precision and recall are the

most popular metrics used. In these metrics, the item set must be separated into classes

of relevant or not relevant.

Precision is defined as the ratio between the relevant items selected and the number of

items selected (Cacheda et al., 2011), as shown bellow:

P =
Nrs
Ns

. (2.10)

Recall is defined as the ratio between the relevant items selected and the total number of

relevant items available (Cacheda et al., 2011), as shown bellow:

R =
Nrs
Nr

. (2.11)
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An alternate approach is the MAP. MAP computes the average precision across several

different levels of recall. Formally, if the set of relevant documents for an information need

qj ∈ Q is {d1, · · · , dmj} and Rjk is the set of ranked retrieval results from the top result until

document dk is get, then the MAP is given by the formula below (Manning et al., 2008):

MAP (Q) =
1

|Q|

|Q|∑
j=1

1

mj

mj∑
k=1

Precision(Rjk). (2.12)

When a relevant document is not retrieved, the precision value is taken to be zero.

A final approach measures the cumulative gain in a particular ranked list. Similarly to the

precision at k, NDCG evaluates over some number k of the top search results, and it is

given by the following formula:

NDCG (Q, k) =
1

|Q|

|Q|∑
j=1

Zkj

k∑
m=1

2R(j,m) − 1

log2 (1 +m)
. (2.13)

In the formula, Q is a set of queries, R (j, d) is the relevance score evaluators gave to

document d for query j, and Zkj is a normalization factor calculated in order to a perfect

ranking’s NDCG at K for a query j (Manning et al., 2008).

Usefulness measures the suitability of the recommendations to users. In order to evaluate the

usefulness of a recommender system, it is important to take into account the following metrics:

- The coverage measures the domain of the content over which the system can perform

predictions or make recommendations. A lower coverage means a limitation in the system,

since it will be limited in the recommendations they can be produced. This measure is

important for the task of finding good items, since systems that cannot evaluate many of

the contents in the domain will not find all the good items in the domain.

- The learning rate measures how fast an algorithm can produce good recommendations.

These metrics are important for learning algorithms that operate on statistical models. Their

performance varies based on the amount of learning data available. With the increase of

the quantity of learning data, the quality of the predictions or recommendations increases

too. In recommender systems, three different learning rates have been considered:
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Overall learning rate: this metric rates recommendation quality as a function of the overall

number of ratings in the system.

Per-item learning rate: the quality of the predictions of the items is seen as a function of

the number of ratings available for that item.

Per-user learning rate: the quality of the recommendations produced for a user is seen

as a function of the number of ratings that a user has contributed.

- In order to measure whether a recommendation is a novel possibility for a user, two di-

mensions are considered. Novelty measures the reaction of a user when a recommender

system recommends him a new content. Serendipity measures how surprising a user finds

a recommended content that he might not have otherwise discovered. In these two di-

mensions, the expected result is the degree of satisfaction of the users in relation to the

recommendation.

2.5 Estimating the Importance of Nodes in Graphs

One particular technique which has been widely used in recommendation systems is graph-

ranking. This technique estimates the importance of a node in a graph, and it has been introduced

into recommendation systems to model the interaction between users and items, through a graph.

Several graph-based recommendation methods have been introduced, such as the random walk

method which showed a rather good performance in recommendation studies by Xiang et al.

(2010). One famous random walk model is the PageRank algorithm, which has been used in

search engines to rank items.

In a directed graph, a highly linked node can be said to be a more important node than a node with

few links. However, this property is not always true, since if a node is referenced by an important

node, although only by one link, consequently this node is going to be important too (Page

et al., 1998). Therefore, the purpose of the ranking technique named PageRank is to recursively

measure the importance of a node in terms of the importance assigned to the nodes linking to

it (Franceschet, 2011).



2.5. ESTIMATING THE IMPORTANCE OF NODES IN GRAPHS 19

PageRank assigns a numerical weight to every node in a directed graph, and this weight corre-

sponds to the sum of the ranks of the back links of a node. However, since this technique should

form a probability distribution over nodes, the numerical weight is a value between zero and one

and, consequently, the sum of all node’s PageRank’s will be one (Brin & Page, 1998).

Considering u a node, let Fu be a set of forward links of u and Bu be a set of back links to u, and

let Nu = |Fu| be the total number of links from u. In a general case, the PageRank of a node u

can be expressed as follows (Page et al., 1998):

PR (u) =
∑
vεBu

PR (v)

N (v)
. (2.14)

This simple PageRank model has three main problems. The first one is the presence of dangling

nodes, that are nodes with no forward links whose PageRank is zero. To solve the problem of

dangling nodes, PageRank replaces these zero values by an uniform probability vector u = 1
ne ,

where e is a vector of length n with all elements equal to one (Franceschet, 2011). The second

one relates to the fact that this model can also be seen as a user behavior, namely for a user that

is randomly surfing through the graph. In this case, the PageRank corresponds to the probability

that a user visits a node. Nevertheless, d is a damping factor which represents the probability

at each node a user will get bored of surfing through that node and will request another random

node. Since d is a probability it has to be less then one and it is usually set to d = 0.85 (Brin &

Page, 1998). In this case, the calculation of the PageRank is given by the following formula:

PR (u) = d
∑
vεBu

PR (v)

N (v)
. (2.15)

The third problem of this model is that a surfer can get trapped into a bucket of the graph, which

are strongly connected sets of nodes without forward links for the rest of the graph. In this case

a loop, usually called rank sink, will be generated and it will accumulate rank but it will never

distribute any rank. In order to calculate the PageRank in a case of rank sink, a vector over the

nodes E (u) has to be considered, and this vector corresponds to a source of rank. Then, the

PageRank is given by the formula shown bellow (Page et al., 1998):

PR (u) = d
∑
vεBu

PR (v)

N (v)
+ dE (u) . (2.16)

A simple example of the calculation of the PageRank for a small universe of four nodes is provided

in Figure 2.2. Node A is a dangling node, while node D does not receive any inlink. Nodes B

and D have a initial rank of 0.25 which corresponds to the minimum amount of status of each
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A
0.32

B
0.25

D
0.25

C
0.17

0.08

0.17

0.08

0.08

0.120.12

Figure 2.2: A Graph Illustrating the PageRank Algorithm, Based on Page et al. (1998).

node. Node C receives just two links from nodes B and D which have the same rank, although

node B only has two outedges while node D has three outedges, therefore node C receives a

higher PageRank from B than from D. Node A receives three links one from node B, one from

node D and the other one from node C which PageRank is the highest since node C only has

one outedge. Therefore, a node can have a high PageRank if it has many nodes pointing to it, or

if a node have only some nodes with a high PageRank pointing to it, this node will have a high

PageRank too.

The PageRank technique can be used on recommendation systems, in order to determine the

importance of an item. If the item has a higher PageRank, then the higher will be the probability

that a user will prefer the item to a lower PageRank item. The PageRank technique being used

on recommendation systems can be seen on Section 3.4.4.

2.6 Summary

The problem of identifying user’s interest, afterwards filtering only the pieces of information that

a user would find interesting, is typically addressed in the area of IF. Similarly, finding useful

information in a large document collection, in order to provide specific information to assist user’s

needs, is a typical problem in the area of IR. Recommendation systems are a specific type of

IF systems. In the simplest formulation, recommendation predicts the utility of an item, which is

represented by a rating indicating how a user liked a item. Recommendation systems can be

classified in three categories, namely content-based, collaborative and hybrid. In content-based
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recommender systems, items are recommended to the users based on the ones that the user

preferred in the past. On collaborative recommender systems, the opinions of the users are

used to recommend items the user likes, and these recommendations are based on the similar

preferences shared among a group of users. Hybrid recommender systems aim to combine

multiple recommender techniques, or combine together multiple results of different recommender

systems to produce a single output. Evaluating these systems and their algorithms can be a very

difficult task, since evaluation has to take into account which attributes should be measured and

which metrics should be used in each attribute. Therefore, important decisions should be taken,

such as deciding if it is the user’s tasks that is going to be evaluated, or instead if it is going to be

evaluated the recommendation success or the user satisfaction. However, the evaluation metrics

most used on the evaluation of the recommender systems are the Precision, the Recall, the

MAP, and the NDCG. One particular technique which has been widely used in recommendation

systems is graph-ranking. This technique estimates the importance of a node in a graph, and it

has been introduced into recommendation systems to model the interaction between users and

items, through a graph. Several graph-based recommendation methods have been introduced,

such as the random walk method. One famous random walk model is the PageRank algorithm,

which has been used in search engines to rank items.





Chapter 3

Related Work

This section presents previous related work, where different approaches to the development

of recommendation systems have been presented. Section 3.1 describes a method which

recommends items similar to items a given user liked in the past. Section 3.2 presents a method

which identifies users who have similar tastes, and then recommends items that they have liked.

Section 3.3 describes how a hybrid system can combine content-based and collaborative tech-

niques, by incorporating the advantages of both these types of methods while eliminating many

of the disadvantages found in each system. Finally, Section 3.4 describes how to make recom-

mendations based on random walks in a graph.

3.1 Content-Based Recommendation Systems

In social tagging systems, users create or upload items, annotate these items with tags, and

share them with other users. A whole set of tags is commonly known as folksonomy, and these

sets are used to search and discover items of interest. In these systems, profiles defined in terms

of weighted lists of social tags, can be assigned to users and items. Generally, users annotate on

their profiles items which are relevant for them, so the tags they provide are assumed to describe

their tastes, needs and preferences. Therefore, these leads to assume the more a tag is used by

a user, the more important that tag is for a user. Moreover, items can be described by the number

of times a item has been annotated with a tag, which usually describe their contents (Cantador

et al., 2010).

In brief, a folksonomy F can be defined as a tuple F = {T,U, I, A}, where T = {t1, · · · , tL} is the

set of tags that comprise the vocabulary expressed by the folksonomy, U = {u1, · · · , uM} is the

23
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set of users, and I = {i1, · · · , iN} is the set of items. The set of the users and the set of the items

are annotated with the tags of T , and A = {(um, tl, in)} ∈ U × T × I is the set of assignments

of each tag tl to an item in by a user um. Thereby, the profile of user um is defined as a vector

um = (um,1, · · · , um,L), where um,l = |{(um, tl, i) ∈ A | i ∈ I}| is the number of times the user

has annotated items with tag tl. In the same way, the profile of item in is defined as a vector

in = (in,1, · · · , in,L), where un,l = |{(u, tl, in) ∈ A | u ∈ U}| is the number of times the item has

been annotated with tag tl (Cantador et al., 2010).

According to Cantador et al. (2010), social tags are content features which describes both user

and item profiles. In order to measure the importance of a given tag for each user and item, the

authors proposed three different schemes to weight the components of tag-based user and item

profiles. Some of these weighting scheme are based on single profiles, while others are based

on the whole folksonomy. The authors proposed for each tag weighting scheme, five models to

evaluate the similarities between user and item profiles (Cantador et al., 2010).

The three weighting schemes proposed for weighting the components of tag-based user and

items profiles are described below:

TF Profile Model: in a user or item profile, the easiest way of assigning a weight, to a particular

tag, is by counting the number of times the tag was used by the user or the number of times

the tag was used by the community to annotate the item. Therefore, the user profile for

user um consists of a vector um = (um,1, · · · , um,L), where um,l = tfu,m (tl) is the number

of times user um has annotated items with tag tl. In the same way, the profile of item in is

defined as a vector in = (in,1, · · · , in,L), where in,l = tfi,n (tl) is the number of times item

in has been annotated with tag tl.

TF-IDF Profile Model: the TF − IDF weighting scheme distinguishes relevant documents for

a given query, and this model is usually applied to the document profile. The TF − IDF

model was adopted and adapted to social tagging systems, in order to create a profile

model defined as follows:

- the user profile is defined through the formula:

um,l = tfiufum
(tl) = tfum

(tl) · iuf (tl) . (3.17)

In the formula, tfum
(tl) is the number of times user um has annotated items with tag

tl. Thus, iuf (tl) is the user-based inverse tag frequency defined as:
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iuf (tl) = log
M

nu (tl)
, (3.18)

where nu (tl) = |{um ∈ U |um,l > 0|}| .

- the item profile is defined through the formula:

in,l = tfiifim (tl) = tfin (tl) · iif (tl) . (3.19)

In the formula, tfin (tl) is the number of times item in has been annotated with tag tl.

Thus, iif (tl) is the item-based inverse tag frequency defined as:

iif (tl) = log
N

ni (tl)
, (3.20)

where ni (tl) = |{in ∈ I | in,l > 0}| .

BM25 Profile Model: The Okapi BM25 weighting scheme uses a probabilistic approach, in order

to assign a document with a ranking score given a query. BM25 was adapted to social

tagging systems, by assigning to each tag with a score given a determined user or item.

The BM25 profile model is defined by the following formulas:

- First, the user profile is defined through the formula:

um,l = bm25um (tl) =
um,l · (k1 + 1)

um,l + k1

(
1− b+ b ·|um| \avg (|um|)

) · iuf (tl) . (3.21)

In the formula b and k1 are set to be the standard values 0.75 and 2, respectively.

Thus, |um| =
∑L
i=1 um,l is the user profile size, and iuf (tl) is the user-based inverse

tag frequency as defined in the Equation 3.18.

- The item profile is defined through the formula:

in,l = bm25in (tl) =
in,l · (k1 + 1)

in,l + k1

(
1− b+ b ·|in| \avg (|in|)

) · iif (tl) . (3.22)

In the formula b and k1 are set to be the standard values 0.75 and 2, respectively.

Thus, |in| =
∑L
i=1 in,l is the item profile size, and iif (tl) is the item-based inverse tag

frequency as defined in the Equation 3.20.

The five similarity measures proposed for evaluating the similarities between user and item pro-

files, are described bellow:
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- TF-based Similarity: the model proposed by Noll & Meinel (2007), which is a personalised

similarity measure based on the user’s tag frequencies, was adapted to social tagging sys-

tems and it measures the similarity based on the tag frequencies in the item profiles:

g (um, in) = tfi (um, in) =

∑
1:um,l>0 tfin (tl)

maxi∈I,t∈T (tfi (t))
. (3.23)

In this model, the user’s usage of tags appearing in the item profile is considered. However,

the model does not take into account the weights of the tags in the item profile. In the

formula, Tfin (tl) is the number of times item in has been annotated with tag tl. Neverthe-

less, a normalization factor was introduced in the formula, and this factor scales the utility

function to values in the range [0, 1] , but without altering the user’s item ranking.

- TF Cosine-based Similarity: Noll & Meinel (2007) proposed a model which explores the

weights of the user profiles and item profiles, by calculating the cosine between their pro-

files vectors as similarity measure. This model was adapted to social tagging systems, and

it is given by the following formula:

g (um, in) = costf (um, in) =

∑
1 tfum

(tl) · tfin (tl)√∑
1 (tfum (tl))

2 ·
√∑

1 (tfin (tl))
2
. (3.24)

In the equation, tfum
(tl) is the number of times user um has annotated items with tag tl,

and tfin (tl) is the number of times item in has been annotated with tag tl.

- TF-IDF Cosine-based Similarity: Xu et al. (2008) used the cosine similarity measure, in order

to compute the similarity between user and item profiles. Since, it was a profile component

weighting scheme, they have used TF − IDF. This approach was used in social tagging

systems, and it is defined as follows:

g (um, in) = costf−idf (um, in) =

∑
1 tfum (tl) · iuf (tl) · tfin (tl) · iif (tl)√∑

1 (tfum
(tl) · iuf (tl))

2 ·
√∑

1 (tfin (tl) · iif (tl))
2
.

(3.25)
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In the equation, tfum (tl) is the number of times user um has annotated items with tag tl,

and tfin (tl) is the number of times item in has been annotated with tag tl. Thus, iif (tl)

is the item-based inverse tag frequency as defined in the Equation 3.20, and iuf (tl) is the

user-based inverse tag frequency as defined in the Equation 3.18.

- BM25-based Similarity: this approach is analogous to that similarity based tag frequencies,

but in this case using a BM25 weighting scheme, which is used for modelling personalized

Web search. The authors adapted the BM25 to the social tagging systems as showed

bellow:

- the user profile: g (um, in) = bm25u (um, in) =
∑

(l|in,l>0) bm25um
(tl) In the equation,

bm25um
(tl) is defined as in Equation 3.21

- the item profile: g (um, in) = bm25i (um, in) =
∑

(l|um,l>0) bm25in (tl)

In the equation, bm25in (tl) is defined as in Equation 3.22.

- BM25 Cosine-based Similarity: Xu et al. (2008) also proposed a model for the cosine sim-

ilarity measure with a BM25 weighting scheme. This model was adapted and defined for

social tagging systems as showed bellow:

g (um, in) = cosbm25 (um, in) =

∑
1 (bm25um (tl) · bm25in (tl))√∑

1 (bm25um
(tl))

2 ·
√∑

1 (bm25in (tl))
2
. (3.26)

In the equation, bm25um
(tl) is defined as in Equation 3.21, and bm25in (tl) is defined as in

Equation 3.22.

3.2 Collaborative Recommendation Systems

Item-based collaborative filtering aims to predict the ratings that a user would give to an item,

based on the ratings given by the user to other items. Typically, these predictions are made using

linear regression models on the form f (x) = ax+ b. In order to use a simpler form of regression,
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instead of using the linear regression, Lemire & Maclachlan (2005) proposed an algorithm which

precomputes the average difference between the ratings of one item and another item for users

who rated both, with the aim of determining how much one item is prefered by a user, in relation

to another item. The proposed algorithm, called Slope One, attempts to find the best function f

that predicts a rating for one item, based on the rating of another item. The function f is of the

form f (x) = x+ b, where b is a constant and x is a variable which represents the rating values.

Item 1 Item 2 Item 3

3 2 4 User A

User B

User C

5 1Didn’t Rate

5 2 Didn’t Rate

Figure 3.3: An Example of the Slope One Method, Based on Lemire & Maclachlan (2005).

Figure 3.3 shows an example of the Slope One algorithm, where the average difference in the

ratings between item 1 and item 3 is (3 + (−2)) /2 = 0.5. This means that item 3 on average is

rated above item 1 by 0.5. Similarly, the average difference between item 3 and 2 is 3. The rate

of User C for item 3 can be calculated using his rate of item 1 obtaining 5 + 0.5 = 5.5. Hence,

obtaining the rate of User C for item 3 using his rate of item 2 is 2 + 3 = 5. User C is designated

as the predictee user and item 3 is the predictee item.

According to Lemire & Maclachlan (2005) the general Slope One scheme can be divided into

three related approaches:

Basic Slope One Scheme: When rating a user’s item, the Basic Slope One method takes into

account information from other users who rated the same item, and from the other items

rated by the same user. Nevertheless, the Slope One algorithm formally exploits predictors

of the form f (x) = x+ b, where the constant b must be chosen to be the average difference.

Given a training set χ which corresponds to the set of all evaluations in the training set,

and two items j and i (j 6= i) with ratings uj and ui, in some user evaluation u where
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u ∈ Sj,i (χ), is the set of all evaluations u ∈ χ such that they contain item i (i ∈ S (u)) and

j (j ∈ S (u)). The average deviation of item i with respect to item j is considered as:

devj,i =
∑

u∈Sj,i(χ)

uj − ui
card (Sj,i (χ))

. (3.27)

Since, devj,i+ui is a prediction for uj given ui, a predictor P (u) can be made to represents

a vector where each component is the prediction corresponding to one item and depends

on the training set χ. The average of all such predictions is:

P (u)j =
1

card (Rj)

∑
i∈Rj

(devj,i + ui) . (3.28)

In the formula,Rj = {i | i ∈ S (u) , i 6= j, card (Sj,i (χ)) > 0} is the set of all relevant items.

When all pairs of items have ratings, the calculation of this prediction can be simplified. For

almost all i, j where card (Sj,i (χ)) > 0, nearly most of the time Rj = S (u) for j /∈ S (u)

and Rj = S (u)−{j} when j ∈ S (u). Whereas ū =
∑
i∈S(u)

ui

card(S(u)) '
∑
i∈Rj

ui

card(Rj) for

most j, the simplified prediction formula is given by:

PS1 (u)j = ū+
1

card (Rj)

∑
i∈Rj

devj,i. (3.29)

Therefore, the Basic Slope One scheme does not depend on how users rated individual

items, it depends on the user’s average rating and on which items the user has rated.

Weighted Slope One Scheme: The Basic Slope One scheme averages the predictions calcu-

lated from each individual’s items in order to generate a final prediction. However, the

number of observed ratings is not taken into consideration (Wang et al., 2012). In order to

favour frequently occurring rating patterns over infrequent ones, another predictor, called

the Weighted Slope One scheme, was proposed as the following weighted average:

PwS1 (u)j =

∑
i∈S(u)−{j} (devj,i + ui) cj,i∑

i∈S(u)−{j} cj,i
. (3.30)

In the equation cj,i is the number of users who rated both item j and item i and it is equal

to cj,i = card (Sj,i (χ)) .
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Bi-Polar Slope One Scheme: The Bi-Polar Slope One scheme is based on Weighted Slope

One scheme and splits the predictions into two parts. One prediction is derived from

items users liked and the other prediction is derived from items that the user did not

liked. This scheme restricts even more the set of ratings that are predictive. In relation

to the items, the scheme only takes into account deviations between two liked items or

deviations between two disliked items. With respect to users, only deviations from pairs

of users who rated both items and who share a liked or dislike of one item are used

to predict ratings for another item. Therefore, each evaluation in u is divided into two

sets of rated items: the set of the liked items Slike (u) = {i ∈ S (u) | ui > ū}, where ū is

the average of ratings in an evaluation u, and the set of the disliked items Sdislike (u) =

{i ∈ S (u) | ui < ū}. And for each pair of items i, j, divide the set of all evaluations χ into

Slikei,j =
{
u ∈ χ | i, j ∈ Slike (u)

}
and Sdislikei,j =

{
u ∈ χ | i, j ∈ Sdislike (u)

}
. With these two

sets a deviation matrix for the liked items can be calculated, even as the derivation matrix

devdislikej,i , devlikej,i =
∑
u∈Slike

j,i

uj−ui

card(Slike
j,i (χ))

. Thereby, the prediction for the rate of an item j

based on the rate of an item i is either plikej,i = devlikej,i + ui or pdislikej,i = devdislikej,i + ui which

depends on whether i belongs to Slike (u) or to Sdislike (u). Formally, the Bi-Polar Slope

One scheme is given by:

PbpS1 (u)j =

∑
i∈Slike(u)−{j} P

like
j,i clikej,i +

∑
i∈Sdislike(u)−{j} P

dislike
j,i cdislikej,i∑

i∈Slike(u)−{j} c
like
j,i +

∑
i∈Sdislike(u)−{j} c

dislike
j,i

. (3.31)

The weights clikej,i = card
(
Slikej,i

)
and cdislikej,i = card

(
Sdislikej,i

)
are similar to the weights in

the Weighted Slope One scheme.

3.3 Hybrid Recommendation Systems

This section describes previous related work on the context of the hybrid recommendation sys-

tems. Section 3.3.1 describes Fab, a recommendation system which recommends items to users

through the Web. Section 3.3.2 describes Hydra, which makes rating predictions by combin-

ing collaborative and content-based recommender systems in the context of web-based recom-

mender systems.
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3.3.1 Fab

Balabanović & Shoham (1997) proposed a recommendation system which recommends items

to users through the Web. The proposed system, called Fab, combines two recommendation

methods, namely a content-based and a collaborative scheme, into a single hybrid system, in-

corporating the advantages of these two methods and eliminating the disadvantages of both.

In brief, the user’s profiles are maintained through content analysis, and these profiles are directly

compared with similar users for collaborative recommendation. Thus, the process of recommen-

dation has a stage of collecting items to form a manageable database or index, and a stage of

selecting items from this database for a particular user. In the case of the Web, in the collection

stage, relevant pages are gathered in order to generates clusters of interests which follow the

changing tastes of the group of users. Then, these pages are delivered to a larger number of

users, according to their interests, via the selection stage.

The Fab system is a distributed implementation of a hybrid system and consists of different

functional components. The overall architecture is shown in Figure 3.4, and there are three main

components:

1. collection agents find pages for a specific topic and maintains a collection agent’s profile,

based on words contained in rated Web pages, which represent the current topic.

2. selection agents finds pages for a specific user and maintains a selection agent’s profile

that represents a single user’s interests. Similarly to the collection agents, the selection

agent’s profile is also based on words contained in rated Web pages.

3. central router which receives pages from the collection agents and recommends this pages

to the users through the selection agents.

Central Router

The Web

Recommended 
Web Page

Selection 
Agent

Collection 
Agent

Figure 3.4: An Overview of the Fab Architecture, Based on Balabanović & Shoham (1997).
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When the collection agents find interesting pages, the agents send them to the central router and

then the router forwards the pages to those users whose interest described on their profiles match

the pages. Then, the user’s personal selection agent guarantees that pages already seen by the

user are discarded, and in any batch of recommended pages it is ensured that at most one page

is from any site. Thereby, feedback is required from the users in relation to the recommendation

received, and they are asked to assign to them a rating on a 7-point scale. These ratings are used

on the update of the profile of the selection agents, and are forwarded to the collection agents,

which use them to adapt their profiles. Additionally, pages with a high rate are recommended to

the user’s nearest neighbours, and these collaborative recommendations are processed in the

same way as the pages from the central router by their selection agents.

The construction of an accurate profile is a crucial task, since the success of the hybrid system

depends on the ability of the learned profiles to represent the actual user’s interests. With this ac-

curate profile the content-based component insures that the recommendations are appropriated,

and the collaborative component insures that users with similar profiles, are indeed similar.

3.3.2 Hydra

Spiegel et al. (2009) proposed a hybrid recommender system, called Hydra, which combines

collaborative and content-based recommender systems. The aim of the Hydra system is to make

rating predictions. Particularly, in the development and evaluation of Hydra recommender system,

the MovieLens rating data as well as the IMDB movie database were used. Figure 3.5 illustrates

the User-Movie ratings as well as the MovieCountry, and UserOccupation feature relations. The

unified matrix of rating and content information is the core of Hydra recommender system.

Figure 3.5: Extended Rating Matrix (Spiegel et al., 2009).
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In brief, user-item ratings show different kinds of global effects. For instance, some users give

higher ratings on items than other users, or some items receive more positive user feedback than

other items. To compute accurate rating predictions these global effect need to be removed using

the Subtractive Normalization. A weighted combination of overall user and item average rating

values (r̄, r̄u, r̄i) is subtracted from the original entries (rui), in order to remove user’s individual

preferences and item effects:

r̃ui = rui − αr̄ − βr̄u − γr̄i. (3.32)

In the formula, α, β and γ determine the influence of the observed effects on the final normaliza-

tion result.

However, since the entries of the content features are existent or not (0, 1), then all average

values equal to one (r̄, r̄u, r̄i = 1). Therefore, the multiplicative normalization is used in order

to regularizes all entries within a feature matrix F , according to the respective row and column

length of the matrix of Figure 3.5:

F̃ = M · F ·N. (3.33)

The diagonals of matrices M and N contain the specific row and column multipliers, Mxx =

1√∑
n Fxn

and Nyy = 1√∑
m Fmy

. Although, all off-diagonal entries are within the multiplication

matrices are zero, this does not affect the normalization.

As showed in Figure 3.5, the rating matrix R, and the retrieved user U and item I feature matrices

are combined in a unified model:

Hm×n =

Ru×i Uu×y ·W2

Ix×i·1 0x×y

 , (3.34)

with

m = u+ x

n = i+ y

. In Hydra, Singular Value Decomposition (SVD) approach is used in order to

factorize the inflated rating matrix H into three low-dimensional matrices, which contain the left-

singular vector (V ), the singular values (S) and the right-singular vector (W ). When a reduction

to dimension k is done, the product of the resulting matrices is a rank-k approximation of the

extended rating matrix Hm×n:

HK = Vm×k · Sk×k ·WT
k×n. (3.35)
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The generated matrices V , S and W are used in the Hydra rating prediction. The most straight-

forward method to estimate an unknown user-item rating (rui), is to simply multiply the singular

vectors and the singular values:

r̂ui =
[
V S

1
2

]
u
·
[
S

1
2WT

]
i
. (3.36)

However, on Hydra the compound matrices X =
[
V S

1
2

]
and Y =

[
S

1
2WT

]
are considered as

a separated user and a separated item concepts, which can be considered for user-oriented

or rather item-oriented collaborative filtering. Thus, in the case of item-oriented collaborative

filtering, a missing user-item rating is calculated based on known ratings which are given by the

same user on similar items:

r̂ui =

∑
j⊂ratedItems(u) sij · ruj∑
j∈ratedItems(u) |sij |

. (3.37)

In the formula, sij represents the cosine similarity of the item vectors, given by:

sij =
Vi · Vj

‖Vi‖ · ‖Vj‖
=

∑‖n‖
i=1 Vi,dVi,q√∑‖n‖

i=1 V
2
i,d

√∑‖n‖
i=1 V

2
i,q

. (3.38)

3.4 Recommendation with Random Walks

This section describes previous related work in the context of recommendation with random

walks. Section 3.4.1 describes a Random Walk based Entity Ranking method which adapts

the Personalized PageRank algorithm to rank entities. Section 3.4.2 describes a graph-based

recommendation method, which models user’s long-term and short-term preferences over time.

Section 3.4.3 describes a previous work entitled arandom walk around the city, which proposed

a new venue recommendation system based on data from location-based social network. Fi-

nally, Section 3.4.4 describes arRandom-walk method named ItemRank, which ranks products

according to the expected user preferences.

3.4.1 Recommendation with Random Walks for Entity Ranking

Most recommendation systems perform recommendation only in the two dimensions space, and

do not take other dimensions into consideration. This means, that the recommendation problem

is considered as an effective utility function: u : User × Item → Utility. The estimation of the
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utility function u is based on the previous preferences of a user, and then it is used in order to

predict the utility of items to the given user. Then, the top-k items with the highest utility values

are recommended to a given user (Andomavicius & Tuzhilin, 2005). However, it is not sufficient

to assume that there are only user and item dimensions, because in many real life applications,

there is a wide range of information which can be incorporated into the recommendation leading

to a better quality of recommendation.

Therefore, in order to incorporate various dimensions into recommendation, Lee et al. (2011)

proposed a graph-based multidimensional recommendation method. In the graph a node is either

an entity or a combination of entities. Weights between nodes are assigned according to the entity

relationships implied in the implicit feedback of the music listening log of the last.fm dataset. In

order to solve the problem, the authors defined a utility function u (Q, eij) where Q is a query that

is represented as a set of entities and eij is an entity. Then, a utility function u is defined based on

a log table which implies user’s implicit preferences. This log table is constructed based on music

listening log of the last.fm dataset. The authors considered each attribute of the log as a domain

and the values of the attributes as entities of the domain. The authors also considered that, a

flexible recommender system should be able to reflect service provider’s various requirements,

which are used in the graph data model. They assumed that the set F = {f1, f2, · · · fnF } is

given by service provider, where each fi is a recommendation factor defined as a set of one

or more than one non-target domains. A weight value wi was defined for the value fi, where

w1 +w2 + · · ·+wnF = 1. Each fi decides what affects the recommendation results, and each wi

decides how much the factor affects the recommendation.

In order to create the bipartite graph model, the following set of nodes V = V1∪V2∪· · ·∪VnF ∪VT
were created. In the set of nodes, nodes in Vi correspond to the entity combinations whose

domains match the domains in fi, and the nodes in VT correspond to the entities of target domain

DT . Then, a |V |×|V | weighted adjacent matrixM was defined for the bipartite graphG = {V,E}.

Edges exist only from the nodes that are not in VT to the nodes in VT , leading the graph G to be

a bipartite graph. The authors used the number of co-occurrences in the same tuples of the log

table to assign the weight between two nodes vi, vj ∈ V1, · · · , VnF , VT . Therefore, element mij of

matrix M can be defined as:

mij =


C (i, j) , ifvi /∈ VT and vj ∈ VT

C (i, j)× wk , ifvi ∈ VT , vj /∈ VT , and vj ∈ VK
0 , otherwise

(3.39)

In the equation C (i, j) is the co-occurrence number of entities, which vi and vj correspond to,

and wk is the weight of fk that Vk corresponds to. Posteriorly, a computation of the transition
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possibility matrix P is calculated by normalizing the matrix M as presented below:

pi,j =


mij∑

vk∈outlink[vi]
mik

, ifoutlink [vi] 6= 0

0 , otherwise
(3.40)

Thus, the authors adapted the Personalized PageRank algorithm for ranking entities in their graph

model. This algorithm is a variation of the PageRank algorithm, which can be calculated as,

~r = cPT~r + (1 − c) 1
n~e. In the formula, n is the number of nodes, ri is the rank score for node

vi, ~e = (1, 1, · · · , 1)
T , and c = 0.85 is a damping factor constant. Therefore, for calculating

the Personalized PageRank score of a node, 1
n~e was substituted for a personalized teleport ~t

vector, which is a personalized bias vector that represents user’s interest. Then, the Personalized

PageRank is calculated as ~r = cT~r + (1 − c)~t, where ti is one if the node is user’s interest, and

otherwise ti is zero (Lee et al., 2011).

However, the authors used a query vector ~q as the teleport vector instead of using the personal-

ized teleport ~t. The vector ~q was defined as following:

~qi =

1 , ifεvi ⊆ Q

0 , otherwise
(3.41)

In the equation εvi is a set of entities that the node vi corresponds to. The, the vector ~q was

normalized, and this normalization was used as the teleport vector for ranking entities on the

graph. As result, the authors can use the rank ri for each node vi, and then use the value as the

rank score rt for entity et ∈ DT that vt corresponds to. Then, by sorting the entities in DT the

top−K entities for a query can be found (Lee et al., 2011).

3.4.2 Graph-Based Recommendation with Long- and Short-Term Prefer-

ence

Capturing user preferences over time is a challenge in recommender systems, since users can

change their preferences due to different external events. Since user behavior can be determined

by individual’s long-term and short-term preferences, Xiang et. al. presented a graph-based

recommendation method, which models user’s long-term and short-term preferences over time

(Xiang et al., 2010). This model, called Session-based Temporal Graph (STG), introduces ses-

sion nodes which capture a user-specific time aspect. The graph is a bipartite graph and it is

created based on < user, item > and < session, item >. In STG, long-term interests are cap-

tured through user-item connections, and short-term interests through session-item connections.
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The graph is defined as G (U, S, I, E,w), where U denotes the set of user nodes, S is the set of

session nodes, I is the set of item nodes, and w : E → R denotes a non-negative weight function

for edges. In STG, user node uu connects to all items viewed by user u, which is denoted as

N (u) and represents u′s long-term preferences. Session node uut only connects to items user

u viewed at time t, which is denoted as N (u, t), representing u′s short-term preferences at time

t. Thereby, if we start a walk from the user node uu, we will pass through N (u) and then reach

unknown items which are similar to items in N (u). On the other hand if we walk from the session

node uut, we will reach unknown items which are similar to items in N (u, t).

Based on this framework, the authors proposed a new algorithm, Injected Preference Fusion

(IPF), to balance the impacts of user’s time preferences for accurate recommendation. The idea

of the IPF is to consider the user node nu and its related session node nut as the source to be

injected with user preferences. The preferences injected into the user node will be propagated

to items N (u) viewed by the user over long periods of time, and then they tend to propagate

to unknown items approximate to u′s long-term preferences. The preferences injected in the

session node will propagate to items in N (u, t) viewed by the user at time t, and then they

tend to propagate to unknown items approximate to u′s short-term preferences. Consequently,

the user preferences to an unknown item node is the sum of the weights of all incoming paths

from both user and session nodes, and then the node with the highest preference is the one

recommended to the user (Xiang et al., 2010).

Considering a user u and the time t, both the user node uu and the session node uut will be

chosen as source nodes. Then, considering P {u0, u1, · · · , un} as the path from the source node

u0 ∈ {uu, uut} to an unknown item node un, the final preference value propagated to un is defined

as shown below:

φ (P ) =
∏

uk∈P,0≤k≤n

ψ (uk, uk+1) γ (u0) (3.42)

In the equation, γ (u0) is the value of the injected preferences on the source node, and this value

depends on the node type:

γ (u0) =

 β u0 = uu

1− β u0 = uut
(3.43)

In the equation, β is a parameter used to tune the ratio of the injected preferences on the user

node against the session node. If β = 0 this means that no preferences are injected into the

user node, while β = 1 means that no preferences are injected into the session node. Thus,
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ψ (uk, uk+1) is a propagation function which measures how many preferences of uk are propa-

gated to its succeed node uk+1. This function is defined as:

ψ (uk, uk+1) =

(
w (uk, uk+1)∑

u′∈out(uk) w (uk, u′)

)ρ
(3.44)

In the equation, out (uk) = {u′ ∈ U : e (uk, u
′) ∈ E} and ρ ∈ [0, 1] is a parameter to tune the

impact of the out-degree in the propagation process. This means that node uk+1 will get lower

incoming preferences if node uk has larger out-degree.

Posteriorly, the authors extended the PageRank algorithm as Temporal Personalized Random

Walk (TPRW) in order to support temporal recommendation. They used the following formulation

of the PageRank algorithm:

PR = α ·M · PR+ (1− α) · d (3.45)

In the equation α is the damping factor, M is a transition matrix, and vector d is a user-specific

personalized vector which indicates which nodes the random walker will jump to after a restart.

The vector d is defined as:

d (u) =

1 u = uu

0 otherwise
(3.46)

The idea of TPRW is similar to the personalized PageRank algorithm. When making recom-

mendation for the active user u at time t, vector d should bias both user node uu and related

session node uut. This means that the active user would like to jump to his own user node and

corresponding session node after a restart.

In order to make the recommendation to user u at time t, a d vector must be constructed to each

user, and then the equation (3.45) must be calculated in order to rank all nodes on STG. Finally,

only the top−N item nodes are recommended (Xiang et al., 2010).

3.4.3 A Random Walk Around the City

A particular application of recommendation systems relates to location-based social networks.

These social services, such as Foursquare and Google Places, are available on mobile devices,

and people can use them to trace, annotate, and share their experience about the locations they

visit, as they navigate through their daily lives. Users share their experiences, by notifying their
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friends of the place where they are with a check-in. This means that users’ mobility can be linked

both to their social connections, as well as to the spatial layout of their cities. For instance Noulas

et al. (2012) proposed a recommendation approach named random walk around the city, which

is a new venue recommendation system based in location-based social networks (Noulas et al.,

2012). The authors considered a sample of check-in data over a pre-determined temporal period,

from Foursquare and Gowalla. They restricted the analysis to the 11 most popular cities across

both services, and this allowed to focus on where these services are most used, restricting the

prediction space to areas with the highest venue availability, which maximizes the number of

candidate venues that can be recommended.

The data was represented in an undirected graph G = (V,E), where the nodes were users and

venues, and the set of edges E is composed of pairs of users that are present in each other’s

friend lists. Thus, user i is linked to venue j if the number of check-ins ci,j made by i on j is

non-zero. Furthermore, a user is linked to another user if the pair is friends (Noulas et al., 2012).

The authors discovered that the users of Foursquare and Gowalla tend to visit places they have

not visited before. This demonstrates how recommending new, unvisited places to users has an

important value. Therefore, the authors defined the new recommendation problem as follows:

given a sample of check-in data taken over a time period t, a set of users U and their check-

in across a set of venues L, the aim is to predict the values of the set ψti =
Θt+1

i

Θt
i

that is the

set of new places visited by each user i in next time period (t+ 1). Then, the authors used the

PageRank algorithm, in order to calculate a rate in the random walk with restart to the node of the

user. In the random walk, the transition probability is arranged in a matrix Q = αW + (1− α)R,

where W encodes the transition probabilities according to the graph G which contains a uniform

transition probability for each edge. For every user i a random walk with restart is defined, which

means that at every step there is a constant probability of jumping back to the node of the user.

In each case, the matrix R encodes the probability of randomly jumping back from every node to

the node of the user. The parameter α = 0.85 is used to tune the behavior. In order to compute

predictions for user i, a steady-state probabilities of the random walk was computed. The steady-

state probability of a node i is pi, and the steady-state probability vector p can be defined as the

solution of the matrix equation p = pQ. This prediction was used in the recommendation of new

places to the users.

The authors also introduced a weighted and directed version of the random walk approach,,

where each link is annotated with a weight. Further, a link from user i to user j receives a

weight that is inversely proportional to the total number of friends. A link from user i to place k is

weighted proportionally to the user’s check-ins to that venue over the total number of check-ins for

that user. Finally, a link from place k to user i is weighted as the user’s check-in frequency at that
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place over the total number of check-ins for that place. All weights were normalized by computing

the sum of all the weights on the links going out from a node, and then dividing every weight by

this value. The random walk favours places that are more connected to the user, through friends,

through visited places, or through any combinations of factors (Noulas et al., 2012).

3.4.4 The ItemRank Method

Recommender systems suggest to a user top ranked items with respect to a personalized or-

dering. The items are ranked according to a scoring algorithm, which ranks products or items

for every given user, respecting the user expected preferences. In order to recommend the top

rank items to potentially interested users, Gori & Pucci (2006) proposed a random-walk based

scoring algorithm called Item-Rank, which ranks products according to the expected user prefer-

ences (Gori & Pucci, 2006). It is important to note that this work used the MovieLens data set,

so in the following, items correspond to movies.

In brief, L is the set of tuples used for training set in the ItemRank, and τ is the set of tuples used

for testing in the ItemRank. The items in the training set rated by user ui are refereed as Lui
,

and the items in the testing set are refereed as τui . More formally, Lui = {tk,j ∈ L : k = i} and

τui
= {tk,i ∈ τ : k = i}, where ti,j is a tuple ti,j = (ui, ij , ri,j) which represents the user opinion,

and ui ∈ U is a user, ij ∈ I is an item, and ri,j is a integer score between one, which represents

a bad item, and five, which represents a good item. Thus, ui,j ⊆ U is the set of users who have

gave their opinion for both item ii and ij , defined as

Ui,j =

{uk : (tk,i ∈ Luk
) ∧ (tk,j ∈ Luk

)} if i 6= j

0 if i = j

. (3.47)

The matrix (|I| × |I|) containing the number of users who gave their opinion to each pair of items

is computed as C̃i,j = |Ui,j |, where || is the cardinality of a set, C̃ is a symmetric matrix, and

∀iC̃i,i = 0. The C̃ matrix was normalized, in order to obtain a stochastic matrix Ci,j =
C̃i,j

wj
,

where wj is the sum of entries in j − th column of C̃. C is the Correlation Matrix , in which every

entry contains the correlation index between items pairs. However, the correlation matrix can be

considered as a weighted connectivity matrix for a Correlation Graph GC , which can be a useful

graphical model to exploit correlation between items. In graph GC nodes are the items in I and

there will exist an edge (ii, ij) if Ci,j > 0. The weight associated to link (ii, ij) will be Ci,j , yet C̃

is symmetrical C is not, so this means the weight associated to (ii, ij) can differ from (ij , ii) (Gori

& Pucci, 2006). A simple Correlation Graph is presented in Figure 3.6.
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Figure 3.6: A Simple Correlation Graph, Adapted from Gori & Pucci (2006).

ItemRank algorithm uses the model expressed by the Correlation Graph in order to forecast user

preferences. Since Lui is the ratings a user gave to a certain number of items, with Lui and

the GC users preferences can be spread through GC . In order to spread users preferences, the

properties propagation and attenuation have to be considered, and they reflect two assumptions.

Therefore, an item ik is related to one or more good items, then this item is either a good sug-

gestion to a given user ui. Analysing GC , relationships between items can be discovered as well

as the strengths of these connections, which are the weight associated to every link connecting

two items. Thus, good items transfer their influence through GC , although this effect decrease

if an item move further away from good items, moreover if an item ii is connected to two or

more nodes, these nodes have to share the good influence of ii according to the weights of

their connections computed through matrix C (Gori & Pucci, 2006). Considering a generic graph

G = (ν, ε), where ν is the set of nodes where ε are directed links between nodes. The classic

PageRank algorithm determines an important score PR (n) for every node n ∈ ν according to

graph connectivity. The PageRank score for node n is defined as follows (Gori & Pucci, 2006):

PR (n) = α ·
∑

q:(q,n)∈ε

PR (q)

ωq
+ (1− α) · 1

|ν|
. (3.48)
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In the equation, ωq is the out degree of node q, and α is a decay factor. The equivalent matrix

form of Equation 3.48 is :

PR = α · C · PR+ (1− α) · 1

|ν|
· 1|ν|, (3.49)

where C is the normalized connectivity matrix for graph G, and 1|ν| is a |ν| long vector of ones.

However, by applying the Jacobi method (Golub & Loan, 1996), PageRank can be computed iter-

ating Equation 3.49. Then, the classic PageRank can be extended by generalizing Equation 3.49

as following:

PR = α ·M · PR+ (1− α) · d, (3.50)

where M is a stochastic matrix which controls the propagation and attenuation mode, and its non

negative entries has to sum one for every column. Vector d has non negative entries summing

up to one.

The ItemRank algorithm is a biased version of PageRank, designed for recommender systems.

ItemRank equation is easily derived from Equation 3.50. The graph GC is used in order to

compute a ItemRank value IRui for every item node and for every user profile. Particularly, the

stochastic matrix M will be the Correlation Matrix C, and for every user ui, a different IRui
is

computed by choosing a different static score distribution vector dui
. The ItemRank equation is

as follows (Golub & Loan, 1996):

IRui = α · C · IRui + (1− α) · dui (3.51)

In the formula, dui was build according to the preferences of user ui. However, the unnormalized

d̃ui with respect to the j − th component is defined as:

d̃2
ui

=

0 if ti,j /∈ Lui

ri,j if ti,j ∈ Lui ∧ ti,j = (ui, ij , ri,j)

. (3.52)

Therefore, the normalized vector dui
is simply defined as dui

=
d̃ui

|d̃ui| . Nevertheless, as defined in

the Equation 3.51, ItemRank can also be defined iteratively as:

 IR
ui (0) = 1

|M | · 1|M |
IR

ui (t+ 1) = α · C · IR
ui (t) + (1− α) · d

ui

(3.53)

ItemRank scores induce a sorting of items according to their expected liking for a given user. The
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higher is the ItemRank for an item, the higher will be the probability that a user will prefer the item

to a lower score item.

3.5 Summary and Critical Discussion

Recommendation systems are widely used on e-commerce services, and they try to predict

the preference that a user would give to an item. The predictions are made with basis on the

information submitted by the user, or by other users, and with these predictions the system can

then recommend products or services that are potentially of interest to the user.

One particular technique which has been widely used in recommendation systems is graph-

ranking. This technique has been introduced into recommendation systems to model the interac-

tion between users and items on a graph, and compute node similarity from a global perspective.

Several graph-based recommendation methods have been introduced, most of them based on

random walks, which in turn are based on the idea that the connections between items encode

information that is usefull to rank then in a useful way. Most systems using random walks, con-

sider that each node in the graph can have on equal probability of restart to a node. In the case

of my work I consider that the restarts should happen according to a personalized vector. There-

fore, I developed a recommendation method based on personalized random walks over a graph

that encodes associations between users, items and contextual attributes. The purpose of this

method is to recommend locations to users, and the graph-based representation of the problem

is constructed using the explicit feedback contained in the Yelp Academic dataset. An adaptation

of the Personalized PageRank algorithm was used for simulating the random walks, in order to

recommend the top−k local business to users.





Chapter 4

Recommendation Based on

Random Walks with Restarts

This section presents the main contributions of this thesis, describing the proposed recom-

mendation method. Section 4.1 presents an overview on the proposed method. Sec-

tion 4.2 describes the graph-based representations that were considered.

4.1 Overview on the Proposed Method

In many applications of recommender systems, the flexibility of the recommendation process is

a very important property. This property is the capacity of handling multiple dimensions, as well

as various recommendation types. However, the recommendation problem has typically been

considered as a problem of defining an utility function f : User × Item → Utility, where the

estimation of the utility function f is done based on prior user preferences. This function is latter

used to predict the utility of items to the given user (Lee et al., 2011). Afterwards, the top−k

items with the highest utility are recommended to a given user (Andomavicius & Tuzhilin, 2005).

However, it is not enough to assume that there are only the user and the item dimensions in a

recommendation application. In most of the real world applications there are a range of other

attributes which can be incorporated into the recommendation process. For example, in the case

of my work, the task is to recommend interesting local business to users. Therefore, contextual

attributes such as the location of the business, or even the category to which it belongs, can be

important factors to take into account. Thus, considering only the typical form of recommendation

is not enough, because other types of information can be very useful too, and they can improve

45



46 CHAPTER 4. RECOMMENDATION BASED ON RANDOM WALKS WITH RESTARTS

the quality on the recommendation (Lee et al., 2011).

In order to incorporate flexibility and contextual information in the recommendation of local busi-

ness to users, I propose a graph-based multidimensional recommendation method based on

random-walks with personalized restarts. A node in the graph is either a user, a local business,

or any contextual attribute of the local business. Positive weights between nodes corresponding

to users and businesses are assigned using the relationships implied in the explicit feedback

dataset. Then, the recommendation is considered as the problem of ranking business nodes ac-

cording to a given personalized vector, that is also represented as a set of nodes. An adaptation

of the personalized PageRank algorithm was used to rank the business nodes. This algorithm

is a variation of the PageRank algorithm (Page et al., 1998). The PageRank algorithm is based

on a process of random-walks with restarts on graphs. In its simplified version, the process is

based on the stationary probability distribution of a random walk on the graph of the web. This

process models the behaviour of a random surfer which keeps following successive links at ran-

dom. However, if the surfer gets into a loop of nodes, it is unlikely that the surfer will continue

in the loop forever. The surfer will randomly jump to some other node. This behaviour can be

modelled as: the surfer periodically gets bored and jumps to a random node for restarting (Page

et al., 1998). This restart is done according to some transition probability during the random walk

process. In the regular PageRank algorithm this transition probability is constant. Still, personal-

ized and weighted versions of PageRank have been developed, in order to calculate the scores

according to the user’s interest. In the PageRank algorithm, the random walk process is defined

by the following recursive definition:

PR (pi) =
1− d
N

+ d
∑

pj∈M(pi)

PR (pj)

L (pj)
(4.54)

In the formula, pi is the node of the graph to be ranked, N is the total number of nodes, M (pi)

is the set of nodes that are connected to pi, L (pj) is the number of forward links of the node pj ,

and 1−d
N is a residual probability where d is a damping factor usually set to be d = 0.95, and it

represents the uniform random jump with restart to the node pi.

As said before, the Personalized PageRank algorithm is an adaptation of the PageRank algo-

rithm. On the Personalized PageRank, the random walks are personalized by a vector that nor-

mally represents a user’s interest. In this case, the probability of jumping to a random node in the

graph is determined according to this personalization vector. Thus, the Personalized PageRank

is calculated as follows:
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PersonalizedPR (pi) = (1− d)
1

N
spi + d

∑
pj∈M(pi)

PersonalizedPR (pj)

L (pj)
(4.55)

In the formula, spi indicates the score of the node pi in the personalization vector which defines

the probability of restarting in a random walk (Lee et al., 2011). The following section explains

how the personalization vector was created.

4.2 Graph-Based Representations

My experiments involved the recommendation of interesting local business to users, based on the

explicit feedback from the Yelp academic dataset. The data was represented as an undirected

graph, where the nodes are users, business, or contextual information such as the business lo-

cation and the business category. A user is connected to a business if the user has rated the

business in the Yelp with a value > 3. To be more precise, in the Yelp users rate local business

with a star value between one and five, where values bellow three indicate that the business is

not of the interest of the user, so these values are considered negative values. Since, the per-

sonalized random walks only account with positive weights associated to the edges, the rates

with a value bellow three were discarded. A relevance number, on a scale of [1; 3], was attributed

to every rating given by a user to a business. Furthermore, for each user, a personalized vector

was created, and this vector represents the user’s interest for each business, to which the user

is connected. The links between users and business were annotated with a weight, which in-

fluences the transition probability for the business that had higher ratings, instead of having an

uniform probability on all the links that leave from a node. These weights were stored in each

personalized vector. Latter, each personalized vector was normalized by dividing the values, in

each position in the array, by the sum of all the values contained in the array.

In order to see the effect of adding different types of contextual information into the graph rep-

resentation, the personalized random walk recommendation method was tested over different

types of graphs, namely:

1. A bipartite graph with nodes corresponding to users and local business, with weighted

undirected edges connecting users to the local business that they rated with a star score

greater or equal to three;

2. A bipartite graph with nodes corresponding to users and local business, with a weight of

one in the undirected edges connecting users to the local business;
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Users Businesses

Rate 1

Rate 2

Rate 3

Users Businesses Users Businesses

Rate 1

Rate 2

Rate 3

Cities Users Businesses Cities

Rate 1

Rate 2

Rate 3

Categories

(a) (b) (c) (d)

Figure 4.7: Different Graph Representations for the Yelp Academic Dataset.

3. A tripartite graph with nodes corresponding to users, local business and cities, with weighted

edges connecting users to the local business that they rated with a star score greater or

equal to three, and without weights in the undirected edges connecting local business to

their corresponding cities;

4. A tripartite graph with nodes corresponding to users, local business, cities, and local busi-

ness categories, with weighted edges connecting users to the local business that they rated

with a star score greater or equal to three. No weights were used in the undirected edges

connecting local business to their cities and to their corresponding categories.

Figure 1 provides an illustration for the four types of graph structures described on the previous

page, where (a) illustrates Setting 1, (b) illustrates Setting 2, Setting 3 is illustrated with the graph

shown in (c) , and Setting 4 with the graph in (d).

4.3 Summary

A recommendation method based on personalized random walks over a graph that encodes

associations between users, items and contextual attributes, was developed. The purpose of this

method is to recommend locations to users based on data from location-based social networks

such as Yelp, and the graph based representation of the problem is constructed using the explicit

feedback contained in the Yalp Academic dataset. An adaptation of the Personalized PageRank

algorithm was used for simulating the random walks, in order to recommend the top−k local

business to users.
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Experimental Evaluation

Several experiments have been conducted in order to evaluate the proposed method. Sec-

tion 5.1 describes the dataset that was used, as well as the evaluation measures used to

evaluate the system. Finally, Section 5.2 explains the experiments that were carried out, and the

results that were obtained.

5.1 Dataset and Evaluation Measures

In the evaluation of the recommendation method based on personalized random walks, four dif-

ferent types of graphs were used in order to represent the available information in the domain of

the recommendation of local business, with the objective of seeing if the use of more contextual

information leads to an increase in recommendation quality. Section 4 explained the four different

graph representation that were considered, and the results of these different graphs were effec-

tively compared. The experiments were performed with Yelp’s Academic Dataset. This dataset

consists of reviews given by user’s to local business. The dataset contains 152, 326 reviews of

65, 888 users, on 6, 899 business. Table 5.1 presents a general statistical characterization of the

data. Using the dataset, a graph was constructed and one thousand users were selected based

on the ones who had the highest degree, that is the users who had a larger number of edges

linking them to local business. The reviews of these one thousand users were considered for

generating a test set.

Most recommender systems use the opinions of a group of users to help other users identifying

contents of interest to them. Evaluating these systems and their algorithms can be a very difficult

task, since evaluation has to take into account which attributes should be measured and which
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Statistic Value
Number of Users 65,888
Number of Local Businesses 6,899
Number of Individual Reviews 152,326
Number of Cities 76
Number of Business Categories 435

Table 5.1: General Descriptive Statistics for the Yelp Academic Dataset.

metrics should be used in each attribute. Therefore, and since the focus was only on the quality

of the top-10 ranked business, the metrics used were the Precision@10, MAP and NDCG@10.

These metrics were defined in section 2.4.

5.2 Experimental Results

Precision@10 MAP NDCG@10
Users and Businesses 0.8505 0.9923 0.7726
Weighted Graph with Users and Businesses 0.8506 0.9927 0.7515
Users, Businesses and Categories 0.8536 0.9963 0.7519
Users, Businesses, Categories and Cities 0.8508 0.9931 0.7515

Table 5.2: Results Obtained with Different Graph-Based Representations.

After characterizing the dataset, we began to compare the proposed recommendation method

over the four graph-based representations, with a parameter of 40 iterations for computing the

steady-state probabilities of the random walk, and the value d = 0.8. An evaluation methodology

was used in which, using the dataset, a graph was constructed and 1000 users were selected

based on the ones who had the highest degree, this is the users who had a larger number of

edges linking them to business. Recommendations were generated for this set of 1000 users with

more ratings in the Yelp Academic, using half of their ratings to build the personalization vector

and the other half for measuring the results. In order to quantify the quality of the generated

recommendations, three evaluations metrics were used. These evaluations metrics are Preci-

sion@10, the Mean Average Precision (MAP ), and the Normalized Discount Cumulative Gain,

also at a cutoff 10 (MDCG@10).

Table 5.2 presents the results obtained when comparing the four different graph representation.

The results show that the inclusion of the contextual information results in an increase in the

recommendation accuracy. The best results correspond to the representation which considers

the nodes corresponding to users, business, business categories.

Besides analyzing the performance of the recommendation over the entire set of 1000 users in

the four different graph-based representations, I also analysed the effect of varying the number
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of iterations on the PageRank algorithm. Also, the effect of varying the value of the probability

of a random restart was analyzed. Figure 5.8 shows the effects of changing these parameters,

when considering the graph with nodes corresponding to users and local business, with weighted

undirected edges. Figure 5.8 shows that when changing the number of iterations, the results

stabilize within a small number of iterations. Figure 5.8 also shows that accuracy decreases if the

restart probability is greater than 0.8, showing that taking longer random-walks in the graph can

start to deviate the rankings towards incorrect results.

Figure 5.8: Effect on Results when Changing the Number of Iterations or Restart Probability.

5.3 Summary

A recommendation method based on personalized random walks over a graph that encodes as-

sociations between users, items and contextual attributes was developed. This chapter presents

the dataset and the different experiments which have been conducted in order to evaluate the

proposed method.
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Conclusions and Future Work

The generality of the research in recommendation systems has been focused in improving

accuracy, diversity and novelty. However, the effort to include flexibility in recommender

systems has been very little. In most of the real world applications there are a range of at-

tributes which can be incorporated into the recommendation process. Therefore, the flexibility of

the recommendation process is a very important property in many applications of recommender

systems, because it deals with multidimensional information. This is important not only for the

accuracy of recommendation, but also for many other aspects, such as the performance of rec-

ommendation.

6.1 Contributions

This was done through the usage of a graph-based In my MSc thesis, I developed a recom-

mendation method based on personalized random walks, which involved the recommendation

of interesting local business to users of the Yelp location-based social network. This was done

through the usage of a graph-based representation of the available information. The use of a

graph data model in the recommendation process has several advantages. Any type of informa-

tion can be modeled as nodes in a graph, and various types of contextual information can easily

be incorporated into the recommendation method.

The results of several experiments with the Yelp academic dataset showed that the introduction

of contextual information results in an increase in the accuracy. The best results correspond

to a representation which considers nodes corresponding to users, businesses and business

categories, with weighted edges between users and businesses.
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6.2 Future Work

Exploiting contextual information can improve the accuracy of recommender systems. In this

sense, many promising directions are now available for future work. Even in the same context

of recommending interesting local business to users, it would be interesting to see if other types

of contextual information would also help to increase the recommendation accuracy, such as

friendship and the proximity associations between the users.
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