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Abstract 
 

 Web 2.0 represents a paradigm shift in the way that internet is consumed. Users’ role 

has evolved from that of passive consumers of content to active prosumers, implying a plethora 

of information sources and an ever increasing ocean of content. Collaborative Recommender 

systems have thus emerged as Web 2.0 personalization tools which aid users in grappling with 

the overload of information by allowing the “discovery” of content in contrast to plain search 

popularized by prior web technologies. To this end Collaborative filtering (CF) exploit the 

preferences of users who have liked similar items in the past to help a user to identify 

interesting products and services. The success of CF algorithms, however, is hugely dependent 

on the technique designed to determine the set of users whose opinion is sought. Traditionally 

user closeness is assessed by matching their preferences on a set of common experiences that 

both share. The challenge with this kind of computation is the overabundance of available 

content to be experienced, at the user’s disposal, thus rendering the user-preference space very 

sparse. The similarity so computed is thus unstable for user pairs sharing a small set of 

experiences and is in fact incomputable for most user pairs due to a lack of expressed common 

preferences.  

To remedy the sparsity problems we propose methods to enrich the set of user 

connections obtained using measures such as Pearson Correlation Coefficient(PCC) and Cosine 

Similarity(COS). We achieve this by leveraging on explicit trust elicitation and trust transitivity. 

When interacting with anonymous users online, in the absence of physical cues apparent in our 

daily life, trust provides a reliable measure of quality and guides the user decision process on 

whether or not to interact with an entity. These trust statements in addition to identifying 

malicious users also enhance user connectivity by establishing links between pairs of users 

whose closeness cannot be determined through preference data. In addition transitivity of trust 

can also be leveraged to further expand the set of neighbors to collaborate with. We first explore 

a bifurcated view of trust: functional and referral trust i.e. trust in an entity to recommend items 

and the trust in an entity to recommend recommenders and propose models to quantify referral 

trust. Such a referral-functional trust framework leads to more meaningful derivation of trust 

through transitivity resulting in better quality recommendations.  
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Though trust has been extensively used in literature to support the CF process, distrust 

information has been explored very little in this context. We thus propose a tri-component 

computation of trust and distrust using preference, functional trust and referral trust in order to 

densify the network of user interconnections. To maintain a balance between increased 

coverage and the quality of recommendations, however, we quantify risk measures for each 

trust and distrust relationship so derived and prune the network to retain high quality 

relationships thus ensuring good connections formed between users through transitivity of 

trust and distrust. 

In the absence of supplemental information such as trust/distrust to provide extra 

knowledge about user links the local similarity connections can be harnessed to deem a pair of 

users similar if they are share preferences with the same set of users thus estimating the global 

similarity between user pairs. We investigate the effectiveness of various graph based global or 

indirect similarity computation schemes in enhancing the user or item neighborhood thus 

bettering the quality and number of recommendations obtained.  

In addition to the inadequacy of similarity measures such as PCC and VS in forming a 

rich user neighborhood they are static and may not capture user matching satisfactorily and 

guarantee optimal performance under diverse data situations. We propose to learn similarity 

measures which not only adjust to the type of data at hand but also ensure optimal performance 

over time. Evolutionary techniques are employed to learn such adaptive similarity measures. 

Finally sparsity variant fusion of predictions from local and global similarity measures 

have been shown to offer quality recommendations. In particular the fact that local similarity 

measures suffice when the preference data is dense but overtaken in performance by global 

similarity links when preference data is scarce can be leveraged to fuse the recommendations 

from the two systems. We define sparsity not only for the overall system but also at the user 

and user-item level. We utilize these measures to suggest a fusion scheme tailored for each user 

and/or for each item to be predicted by estimating the apportionment of influence local and 

global similarity measures have on each prediction. 

We demonstrate the effectiveness of the proposed techniques through experiments 

performed on real world datasets.  
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Introduction  
   

"As long as the centuries continue to unfold, the number of books will 

grow continually, and one can predict that a time will come when it will 

be almost as difficult to learn anything from books as from the direct 

study of the whole universe. It will be almost as convenient to search for 

some bit of truth concealed in nature as it will be to find it hidden away in 

an immense multitude of bound volumes." 

                                             –Denis Diderot, "Encyclopédie" (1755) 

 The dot com era also termed Web 1.0 of internet was characterized by static web pages doled 

out to users whose role was limited to searching for or reading the content. Though Internet 

applications such as emails, online retailing and banking etc. bloomed, there was little active 

communication or information flow between the producer and the reader of the contents on the 

web. Web 1.0 typically involved sites that were created and managed by distinct producers and 

used more or less passively by separable consumers. The latter not only did not produce the 

websites, but usually could not alter them in any meaningful way. Websites were created by a 

few professionals who understood the technology and this phase of the Web evolution was 

appropriately termed Read-Only Web. The year 1999 marked the beginning of the Read-Write-

Publish era with notable contributions from sites like LiveJournal and Blogger. The end-users’ 

role evolved from that of information seekers to prosumers (consumers who also produce) of 

content [Ritzer, 2009] with the inception of several novel applications such as Facebook, Twitter, 

MySpace, Wikipedia etc. These sites empowered the users by allowing collaboration, sharing, 

and assimilation to bring about exchanges of ideas from many different perspectives in the form 

of text, photos, videos, and/or other multimedia components. Unfortunately the multiple 

channels of expression also meant production of massive amounts of data making it very 

difficult for people to process and prioritize. The fact that the scale of the web keeps expanding 

also does not help. According to the InternetWorldStats an estimated 2,095,006,005 people, who 
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constitute 30.2% of the world’s population, access the internet. The growth in the users in the 

past 10 years is a mammoth 480.4%. This growing influx of users and content results in the 

information overload problem which refers to the reduction is a user’s capability to understand 

and make decisions in the presence of too much information. The enormity of the problem of 

information overload can be gauged from the fact that a physical disorder “Information Fatigue 

Syndrome” is associated with anxiety and a reduced faculty for decision making when dealing 

with excessive amounts of information. This inability to cope with the growing content means 

that search and browsing, which require active participation, are not always the most practical 

or preferable ways of locating new and interesting content. The focus is therefore on a paradigm 

shift from “searching for items” to “discovery of items”[O’Brien, J., 2006].  Web Personalization 

techniques fulfill this requirement and attempt to tailor the web experiences for a user 

according to his preferences. The quote “If I have 3 million customers on the web, I should have 

three million stores on the web” by Jeff Bezos, CEO of Amazon, conveys the essence of what 

web personalization is all about. 

Recommender systems are the most notable application of Web Personalization.  They 

are intelligent applications aimed at assisting users in a decision-making process when users 

don't have sufficient personal experience to choose one item amongst a potentially 

overwhelming set of alternative products or services [Ricci et al., 2011]. Research on 

recommender systems has been going on for almost two decades now, but with the increase in 

the number of e-commerce applications, online users, vendors and increasingly complex 

products and services, the demand for new intelligent recommendation techniques has also 

increased dramatically. 

 In the following sections we present a brief introduction to Recommender systems, 

collaborative filtering techniques and Evolutionary Techniques with respect to the work done in 

the current work. A detailed overview of recommender systems is presented in Chapter 2. 

1.1 RECOMMENDER SYSTEMS 

Recommender Systems (RS) work by learning about user preferences proactively, and using 

this knowledge to generate recommendations for items which the user may not have 

experienced before. They have become fundamental applications in electronic commerce and 

information access, providing suggestions that effectively prune large information spaces so 
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that users are directed toward those items that best meet their needs and preferences [Burke, 

2002]. RS have become ubiquitous with their presence felt in varied fields from the conventional 

recommenders for books, CDs, music, (Amazon) movies (NetFlix , MovieLens) to mutual funds, 

travel, e-learning, jobs and dating.  

 To realize the goal of delivering the right content to users at the right time, RS collect 

from their users their preferences, which can be expressed either explicitly (rating an item) or 

implicitly. The implicit preference can be deduced from the user’s browsing behavior. For 

example the time spent by a user on a product’s webpage can be presumed to be a sign of 

interest in the product by the user. Such preference information along with the user 

demographics, item details and past transactions involving preferences of other users can give 

rise to a varied set of recommendation techniques depending on the knowledge and data 

available to the RS. Accordingly RS can be classified into three broad categories: Collaborative 

Filtering, Content Based and Hybrid Algorithms. 

Collaborative Filtering (CF) systems tap into the “wisdom of the crowd” by 

recommending items to a user based on preferences of other “like-minded” users. Content 

based recommenders exploit item feature space to find items similar to the items that user has 

liked in the past. They view the recommendation problem as finding related items to a set of 

items. The narrow range of items on offer(Users who have read “J.K.Rowling” will be suggested 

books by the same author), combined with their inability to operate on complex domains with 

inadequate content descriptions restrict the effectiveness of content based RS as compared to CF 

techniques.  

 CF systems measure the like mindedness of a pair of users by comparing their 

inclination for items which they have evaluated. This degree of similarity is then exploited 

while selecting the set of users whose views influence the final recommendations. The similarity 

computation is thus an important step in the CF process. Traditionally several measures to 

approximate the taste similarity, such as Pearson Correlation Coefficient (PCC), Cosine 

Similarity(COS) etc [Adomavicius & Tuzhilin, 2005] have been proposed. However, the 

effectiveness of any CF algorithm is dictated by the system setup and the data features.  The 

merit of one similarity measure over the others has been argued in literature. However, there is 

no consensus on a single measure which accurately reflects the closeness in tastes between users 

[Lathia et al., 2008] and consequently research or techniques for choosing a situation-dependent 
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RS framework is essential to support/avoid manual decision making. Adaptive RS methods 

[O’Donovan & Dunnion, 2004] which leverage on the performance differences and adopt 

different recommendation approaches in line with the current system setup is a step in this 

direction. 

In any recommender system, the number of ratings already obtained is usually very 

small compared to the number of ratings that need to be predicted. Effective prediction of 

ratings from a small number of examples is important [Adomavicius & Tuzhilin, 2005]. This 

presents a problem to traditional measures of similarity such as PCC and COS since they utilize 

the “local” information, i.e. the common set of expressed preferences for a pair of users. Such 

local similarity measures might adjudge users similar based on very little evidence or in many 

cases fail to estimate their closeness. Indirect similarity measures [Luo et al, 2008; Dell’Amico & 

Capra, 2008] attempt to overcome the disadvantage of local similarity schemes by attempting to 

connect users through other users either by utilizing already existing local links or by exploiting 

an existing social network. 

Indirect or global similarity measures are not only effective in enhancing the quality of 

recommendations but also are able to evaluate and predict user preferences for more number of 

items when the ratings space is scarce. However, in the presence of sufficiently large ratings set, 

measures using the locally available ratings data are more effective [Luo et al, 2008]. Methods 

assigning different importance to appropriate prediction schemes under varying data scenarios 

attempt to extract the advantages of both techniques thus ensuring better recommendation 

quality under all circumstances. 

1.2  TRUST AND THE WEB BASED SOCIAL NETWORKS 

The social web is an open, global, distributed data sharing network similar to the world wide 

web  set except instead of linking documents, the Social Web links people, groups, companies 

and even concepts[O’Donovan, 2007]. Trust/distrust links between entities in this web is 

particularly relevant to RS and have been exploited in the past to aid RS [Golbeck, 2006; Victor, 

2010; Dell’Amico & Capra, 2008]. RS have harnessed such trust statements between users to 

overcome several of its challenges such as malicious users[Dell’Amico & Capra, 2008], 

sparsity[Massa & Avesani, 2007], cold start problem[Massa & Avesani, 2004] etc. Users on social 

network sites like Facebook, can add users known to them in their friends list and similarly 
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(sometimes) specify a block list. Similarly in E-Commerce sites such as Epinions, users can rate 

reviews of products written by other users. These actions of adding users to friend/block list or 

expressing rating for a reviewer can be considered as an expression of degree of trust/distrust 

on an entity. The trust and distrust links from the social network aid the CF process by allowing 

more users to be compared with respect to their similarity or dissimilarity. Moreover, the 

concept of friend of friend can be exploited to expand the neighborhood base especially for 

users with a meager neighborhood set. Trust/Distrust based recommendations also offer the 

advantage of filtering out malicious users who attempt to influence the system for gains (losses) 

[Dell’Amico & Capra, 2008]. The advantages offered by trust and distrust information has been 

investigated separately [Massa & Avesani, 2007] or as a method to complement CF techniques 

in improving the recommendation quality [Victor, 2010; Dell’Amico & Capra, 2008].  

However, when linking users transitively using the web of trust, the indirect trust 

computation loses its meaning especially over longer chains. One reason is may be the lack of 

distinction between trust in an entity to perform a specific task or trust in his ability to furnish 

referrals for entities who perform the task well [Jøsang, 2006]. When the trust or distrust in an 

entity is derived from evidence in the form of past transactions then the degree of trust or 

distrust derived may not be reliable due to the evidence space being meager or there being a 

high degree of disagreement as to the entity’s trust/distrust worthiness and thus may result in 

poor estimate of trust derived through transitivity. 

1.3  EVOLUTIONARY APPROACHES 

Genetic algorithms are a commonly applied technique for solving optimization and machine 

learning tasks in numerous application fields. Genetic algorithms base their operation on the 

Darwinian principle of “survival of the fittest” and utilize artificial evolution to get enhanced 

solutions with each iteration and it bases the search on chance. The intuition behind the success 

of Evolutionary approaches is explained as below by Golberg, 1983. 

 

   Intuitively, GA’s work in a manner somewhat similar to human innovation. What do we do 

when we innovate? We often take notions (partial ideas) that worked well once and notions 

that worked some other time, and we combine them to form new, possibly better ideas. In the 

same way, GAs reproduce the best old strings (ideas) and cross good substrings (notions or 
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partial ideas) to form new, possibly better strings in future generations. It is interesting to 

note that even the language we use when talking about innovations – words like synergy, 

cross-fertilization, a useful interchange of views – seem to support the GA strategy of 

emphasizing and recombining good notions. 

 

The GA process starts with a population of candidate solutions known as chromosome or 

genotype. Each chromosome in the population has an associated fitness and these scores are 

used in a competition to determine which chromosomes are used to form new ones [De Jong, 

1988].As the population evolves from one generation of chromosomes to a new population by 

using a kind of natural selection together with the genetics inspired operations of crossover, 

mutation and inversion[Mitchell, 1998], the solutions tend to approach the global optimum 

regardless of the topography of the fitness landscape. Genetic algorithms generally represent 

chromosomes as bit strings. Due to the limitations of a bit string representation various other 

chromosome representation techniques, which are more natural for the kind of optimization 

problem to be solved, have been employed. In this thesis we make use of real valued GA, 

Genetic Programming and Evolutionary Programs to learn and optimize various aspects of 

recommendation. Real valued GA follows a represent a vector representation of the 

chromosome where each component is a floating point number. The real valued GA and the 

related operations are discussed in detail in Chapter 8. 

 Genetic programming, which was introduced by Koza, 1992, works on similar premise 

as that of GA but adapts the approach used in GA to search through program space in an 

attempt to find a program which solves a predefined problem as accurately as possible. Instead 

of the bit string representation as in a typical GA approach GP represents each program as a 

variable length trees. A bit string representation for a program may not suffice due to the 

variation in length of programs in the population and because a natural representation of 

programs as vector components is non trivial. New candidate solutions in the form of programs 

are generated through operations such as crossover, mutation and selection. Evolution 

algorithms also work by mimicking the process of natural evolution and adaptation but they 

use a more natural chromosome representation according to the solution structure. 

  Previously approaches utilizing GA to assess proximity between entities have been 

proposed in the area of RS [Min & Han, 2005; Ujjin & Bentley, 2003]. GA has been used to 

estimate the significance of each item in similarity computation for a user. Al-Shamri & 
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Bharadwaj, 2008 propose a better and efficient algorithm which exploits the content based 

features of items in the movie domain to narrow user preference representation according to the 

movie genres he is interested in and his demographic data. They then employ GA to learn the 

optimal influence that each of the condensed feature should have in the similarity estimation for 

each individual. 

1.4 THESIS OUTLINE 

This thesis focuses on three main issues 

Rigid Similarity Measures – The absence of guarantee of optimal performance of any single 

proposed similarity measure under all data environments prompts us to base the similarity 

computation on techniques which are learnt from the data at hand. These learnt measures adapt 

their way of measuring similarity between different users according to the system features thus 

achieving optimal/near optimal performance not possible with any hand crafted similarity 

computation scheme. Chapter 4 outlines an approach to learn user similarity, by employing 

Genetic algorithm, based on comparison of individual hybrid user features. The user similarity 

is determined for each feature by learning a distance to similarity function for numeric 

attributes and a similarity table for symbolic discrete valued features. The rating for each item is 

then predicted as an aggregate of estimates garnered from predictors based on each attribute. 

Chapter 5 presents a two-stage process to assess user similarity, the first is to learn the optimal 

transformation function to convert the raw ratings data to preference data by employing genetic 

programming, and the second is to utilize the  preference values, so derived, to compute user 

similarity. The application of such learnt user bias or user similarity derivation schemes gives 

rise to adaptive similarity measures, i.e. similarity estimates that are dataset dependent and 

hence expected to work best under any data environment. 

Sparsity – The failure of local similarity measures in satisfactorily capturing proximity between 

entities under ratings sparsity encourages the use of indirect or global similarity estimation 

schemes. The “indirect” here can either refer to users connected to each other through other 

similar users or connected to each other in a different context (trust links). We first explore the 

value addition provided by trust information derived from a web of trust in enhancing the 

recommender quality. Chapter 5 details a referral-functional trust framework for RS suggesting 



 

C
h

ap
te

r 
O

n
e 

8 
 

different ways of modeling referral trust for a binary trust network and incorporating it in the 

trust propagation scheme. This offers the twin advantage of meaningful trust derivation 

through transitivity and grading tie strength for edges in a binary trust network.  

A collaborative filtering framework based on computing user trust by exploiting 

functional and referral trust/distrust information and user preference data is presented in 

Chapter 6. Multiple sources of opinions are utilized to populate the trust network. We also 

model the risk in relying on trust statements as a function of knowledge contained in the 

statement and the conflict in opinions about an entity and argue that pruning the trust graph by 

discarding risky and retaining reliable trust statements results in more accurate 

recommendations while not compromising on the coverage. 

Finally in the absence of additional information about user relationships existing chain of 

locally connected neighbors can be utilized to connect users indirectly. Chapter 7 investigates 

several indirect/global similarity computation scheme based on local user/item graphs to 

estimate the similarity of tastes and we also investigate the appropriateness of the proposed 

techniques under differing data features. 

  

Fusion Schemes for Local and Global - A static fusion scheme to combine local and global 

predictions was proposed by [Luo et al, 2008]. The scheme was static since for all sparsity 

variations the influence of local and global predictions remained constant. In chapter 8 we 

present several sparsity measures which can be used to weigh local and global predictions. 

These sparsity measures not only vary the influence of the individual components according to 

the overall sparsity but also according to the lack of ratings at the user and item level. 

 

We conclude our thesis with Chapter 9 which summaries the major contributions of our work 

and list some pointers for future research. 
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  BACKGROUND   
   

“The things you don't know you don't know is a much more 

interesting domain” 

- Cory Doctorow, The Taste Test 

We are surrounded by choices in our everyday life be it dozens of television channels, hundreds 

of products from catalogs, thousands of videos etc. The web in particular offers myriad 

possibilities- in addition to interactive documents there are conversations to join in and items to 

purchase [Terveen & Hill, 2001]. Unfortunately the human faculty for information processing 

and assimilation remains the same. Recommender systems help users to filter items which are 

interesting, novel, and serendipitous. They differ from the information retrieval systems since 

they retrieve objects matching user preferences without being queried thus supporting 

“discovery” rather than “search”. The user profile observed and learnt by a recommender 

system acts analogous to queries expressed by users in an information retrieval system. The 

quote above conveys the enhanced filtering capabilities that recommender systems offers over 

traditional query based search. Recommender systems have emerged over the last several years 

as an important area of research borrowing from the disciplines such as data mining, machine 

learning, information retrieval, human-computer interaction, marketing and operations 

research.  

 Interest in recommender systems was further enhanced when Netflix announced its 

$1,000,000 prize competition in October 2006 that attracted over 20,000 participants from 167 

different countries who spent over three years before a winner was announced. In the following 

subsections we briefly review the various forms of input to RS and the types of 

recommendations received. We follow this by a discussion on the types of recommender 

systems and the various techniques of local and global similarity computation. 

  

Chapter 

2 
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Table 2.1 

User-Item preference matrix along with item based and user based attributes[Pazzani, 1999] 

 People Content 

 Karen Lynn Jill Noodle Shrimp basil 

R
e

st
a

u
ra

n
ts

  
   

  
  

  
  

  

Kitima - + - Y Y Y 

Marco Polo + + +  Y Y 

Dolce + - ?  Y Y 

D
e
m

o
g

ra
p

h
ic

s Gender F F F    

Age 15 17 10   

Area Code 714 714 714    

 Collaborative Profile                   Content Based Profile               Demographic Profile 

2.1  DATA ELICITATION 

Typically RS operate on a user-rating matrix to generate recommendations. This matrix 

generally represents the ratings bestowed by various users on the items they have experienced. 

Table 2.1 shows a user-item matrix (shaded in blue) for a restaurant recommender system. Here 

the rating or preferences expressed are binary. However, some system may allow users to 

express degree of preference for an item. For e.g. MovieLens which is a movie recommendation 

system allows users to assign numerical ratings 1-5 to movies they have seen. Though such 

ratings allow users to directly express their likes (dislikes) explicitly, they may be considered 

intrusive since some CF systems require the newly registered users to rate some items apart 

from the popular ones in order to receive personalized recommendations from the system. This 

may act as a disincentive and may degrade the user’s experience. Implicit feedback techniques 

may infer user preferences from their browsing patterns thus allowing the systems to deduce 

more information about the inclination of a user for different items. Implicit ratings are likely to 

lead to greater density, since less effort is needed by the user [Herlocker et al., 2004] but they 
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often are less accurate than the explicitly specified ratings. Moreover, negative feedback cannot 

be gathered through such non-intrusive rating elicitation methods since users generally browse 

items they like. Depending on the type of RS other kinds of data such as item features and user 

attributes such as age, occupation, country etc. can be operated upon to deduce future user 

preferences (Table. 2.1). 

2.2 RECOMMENDATION TYPES 

The goal of a system employing recommender system dictates the type of recommendations 

received. Herlocker et al., 2004, in a paper that has become a classical reference in this field, 

define eleven popular tasks that a RS can assist in implementing [Ricci et al., 2011]. The most 

commonly required recommendation tasks are [Ricci et al., 2011]; 

Find Some Good Items: Recommend to a user some items as a ranked list along with their 

predicted ratings. Several RS use this format of recommendations (Ringo  [Shardanand & Maes, 

1995] and the Bellcore Video Recommender [Hill et al. 1995]). 

Find all good items: Recommend all the items that can satisfy some user needs. This is 

especially true when the number of items is relatively small or when the RS is mission-critical, 

such as in medical or financial applications.  

 Annotation in context: Given an existing context, e.g., a list of items, emphasize some of them 

depending on the user’s long-term preferences. For example, a TV recommender system might 

annotate which TV shows displayed in the electronic program guide (EPG) are worth watching  

2.3   TYPES OF RECOMMENDER SYSTEMS 

Recommender systems were first introduced in the 90’s, when their role was limited combining 

inputs from users in the form of recommendations and directing them to appropriate recipients. 

Developers of Tapestry, which was the first recommender system, followed this approach. 

Tapestry was an electronic messaging system that allowed users to either rate messages (“good” 

or “bad”) or associate free text annotations with messages. Messages were stored in a database, 

and could be retrieved based not only on their content, but also on the opinions of others. The 
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researchers coined the term “collaborative filtering” [Goldberg et al., 1992] to describe such a 

system. However, the recommendations provided by the system were manual since users 

themselves identified people with similar tastes and specifically requested documents 

annotated by those people. The process of automating the selection and weighting of similar 

users by exploiting sets of usage patterns was proposed in subsequent works [Shardanand & 

Maes, 1995; Resnick et al., 1994].  The collaborative filtering (social filtering) technique proposed 

in these approaches automated the process of "word-of-mouth" recommendations by 

determining a set of similar users and collating their views to recommend (or advise against) 

items.  The user for whom the recommendations are generated is termed the active user. Other 

sources of information such as item features, user attributes, trust links and tag annotations 

have been harnessed either individually or hybridized with CF to accurately guess user 

preferences. In the following subsections we briefly review the various alternative 

recommendation strategies that have been proposed in literature and subsequently discuss CF 

technique. 

2.3.1  CONTENT BASED FILTERING 

Content based recommenders construct the user profile based on the feature of items that a user 

prefers. The recommendations are then derived by comparing these preferred item features 

with the features of items available. The type of use profile derived by a content-based 

recommender depends on the learning method employed [Burke, 2002]. For example a content 

based RS for restaurants uses a structured representation by storing attributes of a restaurant 

such as cuisine, décor, budget etc. whereas for a news articles RS the data at hand is 

unstructured free form content, in which case the words in the text are themselves considered 

attributes. Decision trees, neural nets, and vector-based representations [Billsus & Pazzani, 

2007] have been used to represent the user profile. For example Personalized News (Google), 

newsgroup filtering applications (NewsWeeder) etc store the profile of keywords associated 

with items liked by a user. Content based filtering techniques have limited success compared to 

their collaborative counterpart due to its shortcomings;  

Requires Rich Description of Contents: Content based systems can be applied in domains 

having rich description of items. Whereas it is successful in domains having textual description 
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of items such as web pages, UseNet articles etc, it suffers from inadequacy of background data 

when dealing with media such as videos, images etc.  

No Filtering on Taste and Quality: Two articles described by the same set of keywords would 

be equally recommended to a user even if one of them is good and the other is not 

[Adomavicius & Tuzhilin, 2005]. Similarly, while it would be possible to tell a lawyer joke from 

a chicken joke based upon word frequencies, it would be difficult to distinguish a funny lawyer 

joke from other lawyer jokes [Billsus & Pazzani, 2007]. 

Narrow Range of Choices: Users are suggested items similar to what they already like which 

implies an absence of diversity in recommendations. 

New User Problem: A new user entering the system cannot be furnished with recommendations 

unless he expresses his preference on a minimum number of items. 

2.3.2 DEMOGRAPHIC FILTERING 

Demographic techniques form ‘people-to-people’ correlations like collaborative ones, but use 

different data [Burke, 2002]. The user profile consists of user personal features such as age, 

occupation, pin code etc.  Users who fit into a similar demographic segment are then chosen to 

contribute to the recommendation for the active user. One of the most popular demographic 

recommender systems is the Lifestyle Finder [Krulwich, 1997]. It uses 62 predefined 

demographic clusters according to purchasing history, lifestyle characteristics and survey 

responses. Recommendations are obtained for the users by aggregating the preferences of users 

in the cluster he belongs to. The benefit of a demographic approach is that it may not require a 

history of user ratings of the type needed by collaborative and content-based techniques [Burke, 

2002]. However, they suffer from several challenges as well; 

 

Data elicitation: Gathering demographic user data may be an expensive and difficult task due 

to the reluctance of users in parting with personal information. Also researchers speculate that a 

large percentage of the demographic answers may be false (based on user suspicion of 

“marketing questions”) [Herlocker et al., 2004] . One of the solutions to this has been to extract 

demographic information from the homepages created by the users [Pazzani, 1999]  
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Gray Sheep Problem: People with unusual or esoteric tastes may not find sufficient overlap with 

any particular group of users. 

2.3.3 OTHER RECOMMENDATION TECHNIQUES 

Utility based recommenders offer suggestions based on a computation of the utility of each item 

for the user for whom a utility function is stored [Manouselis & Costopoulou, 2007]. The utility 

function may be gathered using a dialogue between the system and the user, to infer the 

product features that the user emphasizes on. For example to recommend a bike, Personalogic , 

an e-commerce site, asks the user how important the bike features are, such as frame durability, 

weight etc. Tête-à-tête is another example of a utility based recommender system. The 

advantage of utility based recommender system is that it can take into account non-product 

features such as product reliability, delivery date etc. [Burke, 2002].  

 Knowledge based recommender systems[O’Sullivan et al, 2002] use information about 

items and users in order to draw inferences about user requirements. They use functional 

knowledge i.e. how an item meets a particular user requirement to draw these inferences. 

Popular knowledge based recommender systems are the recommender.com and the Entrée 

system [Burke, 2002]. StumbleUpon system (www.stumbleupon.com) is another knowledge 

based recommender system which is part of the Social Web. Though knowledge based 

recommender systems can map user needs to products, it requires product domain knowledge 

which has to be stored and organized properly, thus requiring the services of a knowledge 

engineer. They however, do not suffer from the drawbacks such as new-user or new-item 

problem. Both, knowledge based and utility based recommender systems do not rely on a long 

term profile of a user unlike the other three strategies. 

2.3.4 COLLABORATIVE FILTERING 

Collaborative Filtering is based on our everyday practice of consulting our friends and 

acquaintances or reading reviews to help us with our routine, daily decisions such as which 

book to read, which movie to watch etc. The only difference is that instead of a maximum dozen 

opinions from our acquaintances, CF are able to harness thousands of opinions expressed by 

other users in the system.  
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Fig 2.1            User based CF Process [Konstan, J.A., 2006] 

 

CF relies on the fact that user preferences are stable and is based on the premise of “people who 

have agreed in the past tend to agree in future”. CF has been successfully used in several 

popular recommender applications such as MovieLens, Amazon, Ringo etc. Among all 

recommendation techniques CF is the most popular.  

The CF systems are broadly classified into memory-based and model-based methods 

[Breese et al, 1998]. Model-based algorithms employ machine learning techniques to abstract a 

user model from the available preference data and use the learnt model for recommendations. 

Model-based recommender systems build a user-model in an off-line learning phase and then 

apply this model on-line for recommendation. User models can be generated using different 

machine learning techniques such as latent semantic analysis [Yu et al, 2004] clustering [Kim & 

Ahn, 2008], decision trees, neural networks[Billsus & Pazzani, 1998], and Bayesian 

networks[Breese et al, 1998]. Model-based CF algorithms are generally probabilistic in nature 

where the expected value of the rating is calculated. Model-based recommender systems have 

lower memory requirement and a rapid recommendation process but lack the accuracy of the 

memory-based algorithms. 



 

C
h

ap
te

r 
Tw

o
 

16 
 

Memory-based algorithms are heuristics based algorithms, which utilize the entire 

rating history to arrive at predictions. These include the commonly implemented class of user-

based and item-based CF methods. Memory based algorithms, which include the popular k-NN 

methods, employ lazy evaluation techniques and assess user pairs for their similarity at the time 

of prediction. Once a neighborhood set is formed, rating for the item in question is decided 

based on the ratings given by the neighbors. These algorithms are the most popular and are 

widely in use [Resnick et.al. 1994; Luo et al., 2008]. Memory based CF algorithms offer more 

accuracy since prediction computation happens in real-time and the effect of any new ratings is 

experienced instantaneously. However, these algorithms don’t scale well, since they are 

memory intensive. The online computation of recommendations especially proves to be a 

bottleneck in online recommender systems, with millions of customers and items and 

thousands of recommendations to be made per minute. 

 In the past few years CF approaches have focused on leveraging the strengths of both 

the methods with many memory based algorithms relying on rigorous models and some model 

based algorithms improving their accuracy by examining the entire rating database [Koren, 

2008]. Memory-based and model-based approaches have been combined in [Al-Shamri & 

Bharadwaj, 2008] using a fuzzy-genetic approach that retains the accuracy of memory-based CF 

and the scalability of model-based CF. 

 The improved prediction quality combined with a clear structure and simplicity make 

memory-based algorithms the dominant method for generating recommendations. In addition 

to the increased accuracy offered by memory based algorithms, the recommendations obtained 

through memory-based methods can be more easily explained or justified to users than model-

based approaches. In addition new data coming in can be added easily and incrementally. The 

process of recommending items for an active user A, using memory based approaches 

comprises of three main steps; 

Similarity assessment: Estimate similarity of A with all users in the database. Several 

approaches have been proposed in literature to accomplish this task [Resnick et al, 1994; Breese 

et al, 1998]. A detailed discussion on the various similarity schemes is presented in the next 

section. 
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Neighborhood formation: Selection of the appropriate subset of users on the basis of their 

computed similarity to the active user is a very important task. The most popular in this regard 

is the k-NN approach which selects the k most similar users who have also rated the item to take 

part in the suggestion process. A disadvantage of this approach is that users with small degrees 

of similarity may also participate in the recommendation process thus hampering the quality. 

To overcome this problem several schemes impose a threshold on the degree of similarity that a 

user shares with A. If the similarity is below the preset threshold the user may not be in A’s 

neighborhood. Though this ensures that the quality of neighbors is not compromised the 

number of neighbors may be highly restricted. It can happen that in some cases there are no 

users satisfying the similarity requirement.  Several approaches advocate the selection of all 

users who are positively correlated to A irrespective of how small the similarity [Desrosiers & 

Karypis, 2008] especially when the rating space is sparse.  

Generating recommendations: Based on the set of neighbors identified, their ratings for the item 

in question can be aggregated to estimate the rating that the active user will confer on the item. 

By far the most common approach to aggregate ratings as proposed by Resnick et al, 1994, for 

an item i for active user u. 
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where kipr ,  is the predicted rating for user i for item k, ir  is the mean rating for user i, jisim ,  

is the similarity between users i and j, and N(i) is the neighborhood of user i. Other alternatives 

to this approach may be to use weighted median and weighted mode approaches. A 

comparison of various aggregation methods is presented in [Garcon et al, 2009]. Once the 

ratings are predicted the recommendations can be presented in a form as required by the 

application. A list of items ranked by their predicted preference is generally presented to the 

user. 

 Though the discussion above was focused on generating user neighborhood a parallel 

approach from the item view point is also followed and has been applied successfully in one of 

the most successful RS , Amazon[Linden et al, 2003]. Item based techniques first analyze the 

user-item matrix to identify relationships between different items, and then use these 
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relationships to indirectly compute relationships between users [Sarwar, 2001]. Note here that 

even though content based RS also follow an item approach it differs from item-based CF which 

compares items on the basis of ratings given to them by the different users, whereas content 

based RS examine item contents for similarity assessment. Once similar items are identified, the 

recommendation is done by aggregating the ratings of similar items rated by the user.  

 It is impossible to decide the superior recommendation technique between user and item 

based CF, with any authority. However, when number of users is greater than items then item 

based CF is more scalable while achieving a comparable accuracy w.r.t the user based 

techniques. Collaborative Filtering techniques have been the most widely used scheme for 

recommendations since they offer serendipitous choices as in Example 

2.1(http://www.moyak.com/papers/collaborative-filtering.html). 

Example 2.1: Sally and Jane both enjoy herbal horticulture, yoga and collect antique tea pots, so 

they do have interests in common about which they can share information. Sally is also quite 

knowledgeable about Feng Shui and is a member of the Feng Shui Society. Jane might also like 

to learn about Feng Shui since both Sally and Jane have so many other shared interests. 

Due to their reliance on people ratings filtering by taste and quality is made possible whereas 

their independence on the content description means that they can be applied in any domain as 

 

Fig 2.2      Ratings Sparsity Challenge for Collaborative Filtering Systems[Konstan, J.A., 2006] 
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long as personal preference information is available. The popularity of CF systems is mitigated 

by some of its challenges : 

 

Sparsity: The sparsity problem in Collaborative Filtering (CF) (Fig 2.2) refers to the scarcity of 

available user ratings which renders the estimation of similarity between most user/item pairs 

infeasible (Fig. 2.2). This happens since it cannot be determined whether the user did not 

evaluate an item because he did not like it or simply because he has not experienced it. Since the 

subset of items rated by any user is only a small fraction of the set of all available items the 

overlap in ratings between two users, which  is the foundation of many similarity judgment 

schemes, may be very little or nonexistent. There are other challenges related to the sparsity 

problem such as “Cold start” which refers to the lack of data in the initial state and due to 

which appropriate recommendations cannot be made. There are two shades of this problem, the 

new user and the new item problem [Adomavicius & Tuzhilin, 2005]. There have been several 

attempts to address the sparsity problem in the past and will be discussed later in the chapter. 

Scalability: Scalability for memory-based CF is a challenge since all computations are 

performed at the prediction time. This can partly be solved by pre computing the user 

similarities in the background and aggregating preferences at prediction time. Some of the main 

solutions to this problem have been based on model based techniques such as dimensionality 

reduction techniques. Billsus and Pazzani , 1998, employ singular value decomposition(SVD) of 

the original user ratings matrix is used to project user ratings and rated items into a lower-

dimensional space. Bell et al., 2007, present a scheme to improve the nearest neighbor approach 

which removes global effects from ratings data thus making entities more comparable, and 

chalk an approach to simultaneously derive similarity weights between all pairs of entities. The 

method in addition to providing better recommendations than traditional similarity schemes 

also is very time efficient. 

 

Privacy: Recommender systems operate by collecting user data and creating and storing user 

profiles in order to match them and find similar users. It has been argued that the richness or 

details of the user profile hugely influences the quality of recommendations received. However, 

a possible and valid concern that a user might have while parting with personal, sensitive data 
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is that of misuse of the data for malicious purposes. Thus there exists a trade-off between user’s 

privacy and the quality of recommendations produced. 

 

Vulnerability to attacks: Collaborative recommender systems are dependent on the goodwill of 

their users, i.e., there is an implicit assumption that users will interact with the system with the 

aim of getting good recommendations for themselves while providing useful data for their 

neighbors. However, users will have a range of purposes in interacting with RSs and in some 

cases, these purposes may be counter to those of the system owner or those of the majority of its 

user population[Ricci et al, 2011].  Malicious users may enter the system with sole purpose of 

swaying user opinions for or against an item [Al-Shamri & Bharadwaj, 2008]. Several proposed 

attack resistant CF approaches rely on trust scores derived from user social network in addition 

to ratings data in order to deduce predictions from trustworthy individuals [Dell’Amico & 

Capra, 2008]. 

2.3.5  HYBRID RECOMMENDER SYSTEMS 

Hybrid techniques operate by extracting the best of various recommendation techniques to 

enhance the recommendations obtained. Hybrid techniques [Balabanovic & Shoham, 1997; 

Pazzani, 1999] combine CF with the content based, demographic and other techniques to offer 

better quality and a higher number of predictions that any single technique. For example the 

new user problem present with user based CF and demographic filtering can be addressed by 

using the content based recommendation technique. A rich survey of hybrid recommender 

systems is presented [Burke, 2002]. 

2.4  LOCAL SIMILARITY MEASURES 

Similarity measurement between users plays an elemental role in both user-based and item-

based algorithms. Most similarity techniques only rely on the overlap of rating between a pair 

of users to estimate similarity and we term this approach ‘Local similarity’. The most commonly 

used measurement techniques of the local similarity between users are the Pearson Correlation 

Coefficient [Resnick et al., 1994] and Cosine similarity [Breese et al., 1998] algorithms. Typically 

the similarity computation is based on finding the similarity between the rating vectors, 



 

C
h

ap
te

r 
Tw

o
 

21 
 

containing ratings of items in the system by different users. Pearson correlation coefficient 

measures the degree to which a linear relationship exists between the ratings of a pair of users 

(x and y) and is defined as: 
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(2.2) 

where Sxy is the set of items which users x and y have co-rated. Another popular similarity 

metric used for CF, the Cosine similarity (COS)[Breese et al, 1998] is defined as; 
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For item based CF the one of the most effective strategy for computing similarity is using the 

Adjusted Cosine  Similarity(ACS) [Sarwar et al, 2001], which takes the variation in user rating 

scale into consideration and is defined as follows; 
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The Spearman Rank Correlation is similar to PCC but the similarity is computed by finding 

correlation between rank of items in the users’ preference list rather than actual ratings 

[Herlocker et al, 1999]. Lathia et al, 2007, use concordance based methods to measure the 

association between a pair of users. The closeness among a pair of users is estimated based on 

the number of concordant, discordant and tied pairs of common ratings. When the preference 

information is binary i.e. like or don’t like an item, then the Jaccard coefficient which computes 

the similarity proportional to the number of items co-liked by the users is employed.  

 The similarity computed solely on the basis of commonly rated items may not be a good 

indicator of the actual affinity between the users. Weighing schemes, thus, factor in other 

parameters to scale the similarities up or down to make the similarity derived more intuitive. 

For example, [Herlocker et al, 2002] report that it is common for the active user to have highly 

correlated neighbors that were based on a very small number of co-rated items. 
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These neighbors that were based on tiny samples (often three to five co-rated items) 

frequently proved to be terrible predictors for the active user. The more data points compared 

between two users, the more is the surety that the computed correlation is representative of the 

true correlation between the two users. [Herlocker et al, 2002] introduce a significance weighing 

scheme which applies a linear drop-off to correlations that were based on less than a certain 

threshold of number of items. [Candillier et. al. 2008] introduce several weighted similarity 

measures for user-based and item-based collaborative filtering. The method proposed, uses 

Jaccard similarity as a weighting scheme and combines it with other similarity measures such as 

Pearson correlation coefficient to emphasize similarity of users who share appreciation on 

several items with the active users. This method differs from that proposed by [Herlocker, 2002] 

since the emphasis here is on item “corated and liked” rather on items “co-rated”. 

Other approaches propose assigning weights to items so that different items may be 

weighted according to their discriminative capability. Variance-weighing schemes[Herlocker, 

2002] assign weights to various items proportional to variance in item ratings based on the 

Table 2.2 

Local  Similarity Measures and Extensions 

Local Similarity Computation Representative Examples 

Comparison of Ratings 

PCC[Resnick et al., 1994], COS[Breese et al., 1998], 

Spearmen Correlation[Herlocker et al, 1999],  

Adjusted Cosine  Similarity(ACS)[Sarwar et al, 2001] 

Concordance-Discordance[Lathia et al, 2007] 

Significance Weighting 
Herlocker et al, 2002 , Candillier et. al. 2008, Ma et al., 

2007 

Item weighting schemes 

Variance Weighing[Herlocker et al, 2002],Learning Item 

Weights[Jin et al, 2004], Inverse User Frequency[Breese et 

al., 1998], Modified CF[Liu et al., 2009] 

Rating Weighing scheme Surprisal Based Vector Similarity[Luo et al, 2008] 
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intuition that ratings for a controversial item i.e. an item having a wide range of ratings, 

captures the actual similarity in shared preferences much more than popular or unpopular 

ones. A similar scheme for binary ratings domains was presented by [Liu et al, 2009] who 

proposed scaling terms in similarity computation by the degree of object whose ratings are 

compared. There have been other item weighting techniques such inverse-user 

frequency[Breese et al, 1998], entropy[Kwon et al, 2009] etc.  Jin et al, 2004, propose an 

automatic item weighing scheme which creates a clustered distribution for user vectors in the 

item space by bringing users of similar interests closer and separating users of different interests 

more distant.  

 Luo et al., 2008, also propose, Surprisal Vector Similarity (SVS), to weigh different 

ratings differently while computing similarity but they propose a novel ratings transformation 

function, instead of item weighting. They exploited the fact that two users whose opinion about 

an item is contrasting to the average attitude about the item, but comparable to each other, can 

be deemed to be more similar, than users who go along with the popular opinion about the 

item. They stressed on the discriminative power of a rating by measuring its “surprisal”, which 

carries information about how distinct a particular rating from the average rating for the item. 

The similarity between two users was computed as the vector space similarity between the 

users’ surprisal vectors. Unlike item weighting schemes where the weight for each item was 

fixed, SVS focuses on weighting similarity in ratings according to their deviation from the 

common ratings for an item. This means that the ratings for the same item can be weighted 

higher or lower depending on the users whose ratings are being compared and the weighting 

does not depend on how popular or unpopular a particular item is. Asymmetric similarity 

measures [Millan et al, 2007; Jin et al, 2004] which distinguish between two users when one 

user’s behavior is quite similar to the other but not vice versa.  

Spertus et al, 2005, report the results of experiments comparing performance of several 

similarity measures for suggesting online communities to users. Each similarity measure 

(possibly asymmetric) indicates how appropriate the related community r is as a 

recommendation for the base community b. 
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2.5 ADDRESSING THE SPARSITY PROBLEM 

As discussed in subsection 2.1.4, collaborative filtering schemes are challenged by scarcity of 

ratings which impairs both the quality and quantity of predictions. Though the quality problem 

(i.e. similarity computation on very few items) can be addressed to some extent by the similarity 

modification schemes as detailed in the previous section, methods to increase the coverage of 

the system are equally important in delivering a good user experience.  

 In this section we discuss schemes to expand the user neighborhood base beyond the set 

constructed using local similarity measures. This expansion is made possible by linking users 

who may not have expressed preferences on any common items. [Breese et al, 1998] propose 

default voting where a preset slightly negative vote is assigned to items which do not have 

explicit votes. Good et al. employ an approach using the variety of different filterbots—

specialized content-analysis agents that act as additional participants in a collaborative filtering 

community. As a result, the users whose ratings agree with some of the filterbots’ ratings would 

be able to receive better recommendations [Adomavicius & Tuzhilin, 2005]. Model based 

techniques such as SVD [Billsus & Pazzani, 1998] are less susceptible to the sparsity problem 

since they utilize an abstracted user model learnt from available ratings. Al-Shamri & 

Bharadwaj, 2008 leverage the genre information associated with each movie to propose user 

Genre Interestingness Measure(GIM) for all genres. This enables comparison of user interests 

for users who may not have watched the same set of movies but may be interested in the same 

genres. Advanced Belief network models which include extended logistic regression on Naïve 

bayes and tree augmented naïve bayes models are robust to sparsity problems than traditional 

schemes for computing similarity [Su & Khoshgoftaar, 2006]. A similarity metric, Generalized 

Cosine Max [Anand et al., 2007], computes user similarity by considering rating closeness on 

different items which are themselves similar, i.e. it uses item similarity within the computation 

of user similarity. 

 A few approaches propose integrating predictions obtained in the past into the 

actual ratings data to deliver other predictions. A recursive algorithm [Zhang & Pu, 

2007] is proposed, which allows nearest-neighbor users to join the prediction process 

even if they have not rated the given item, by recursively predicting the scores for 



 

C
h

ap
te

r 
Tw

o
 

25 
 

neighbors who have not rated the item, and integrating it into the prediction for the 

active user.  

 A related work is proposed by Ma et al., 2007, who present a technique for predicting 

missing data in a ratings matrix for the entries which will positively influence recommendations 

for the active user. The final prediction process leverages on existing ratings information along 

with the entries updates using the algorithm to determine missing data, in order to make 

predictions for the active user. A similar approach is taken by [Piccart et al, 2010] who suggest 

propagating predictions for items based on the certainty of the prediction which is proportional 

to the size and variance of the neighborhood used for the prediction.  A disadvantage of these 

approaches which use previous prediction computations to compute future predictions is that 

these require pre computation of the missing entries before predictions for the active user is 

possible. 

 Other techniques to deal with sparsity can be broadly classified into hybrid algorithms 

and techniques exploiting transitive associations between users. While the former utilizes 

information from other information sources to boost the CF process the latter which are termed 

“global similarity” can be useful in the absence of such additional information about the 

entities. 

2.5.1  SUPPLEMENTARY INFORMATION SOURCES 

Hybridization of collaborative filtering with other filtering mechanisms such as item content or 

demographic data can lessen the problems due to sparsity either by enriching the user 

profile(demographic features) or by obtaining item prediction through other related item(item 

content). Data sources such as the item contents and demographic information [Melville et al, 

2002; Popescul et al, 2001] have been combined with collaborative filtering to enhance existing 

user data, and thus provide personalized suggestions.  

 The growing popularity of social networks and the wealth of interpersonal relationships 

inferable from them have resulted in the utilization of these social links, in the form of trust and 

distrust relations, to extend the number of users who can collaborate. In fact both recommender 

systems and social networks are mediums through which users can interchange useful 

information and have been used in the past to aid each other. Recommendation algorithms can 

be used to search for potential friends and social network links can be used to form 
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relationships between users not sharing any co-rated items. This bidirectional effect of trust and 

rating has been demonstrated in [Matsuo & Yamamoto, 2009] and shows a strong correlation 

between the two quantities i.e. the preference information of a user’s trusted neighbors strongly 

matches with his preferences and tastes. A wide range of methods have been presented in the 

past exploiting trust and distrust information in the CF process [Dell’Amico & Capra, 2008; 

Victor, 2010; Massa & Avesani, 2007; Golbeck, 2006]. 

 An important component of many of the services, under the Web 2.0 label, is social 

tagging; giving the users the power to describe and categorize content for their own purposes 

using tags. Tags are keywords that describe characteristics of the object they are applied to, and 

can be made up of one or more words [Bogers, 2009] and are freely coined by users without the 

constraint of choosing from a set of keywords available. Tags are different from content 

description of items since they are coined by users and not by experts. Hence they are lower-

cost alternative to expensive taxonomies and classification systems that require experts to 

develop controlled vocabularies and hierarchical systems. Moreover, they capture the rapid 

changes in the popular world when terms and concepts change and evolve. This means that an 

item can be described by different keywords by different users thus giving rise to a three 

dimensional user-item-tag relationship. Similar to the relationship between CF and trust data, 

CF and tagging systems can help each other. Several approaches propose using CF techniques 

to suggest tags to user [Jäschke et al., 2007; Xu et al., 2006]. On the other hand the three way 

relationship between user, item and tags have been exploited to derive user-user(users tagging 

with same tags are similar) as well as item-item(items tagged the same keywords are similar) 

relationships thus enhancing the connections that can be derived and improving 

recommendations[Karen et al, 2008; Szomszor et al., 2007].  

 A novel approach to alleviating sparsity involves transferring user-item rating patterns 

from a dense auxiliary ratings matrix in other domains to a sparse rating matrix in a target 

domain. Li et al, 2009, present such a transfer framework which even connects domains whose 

users may not overlap. The ratings from the auxiliary matrix are compressed into an 

informative and compact cluster-level rating pattern representation which is then used to 

reconstruct the target rating matrix. Pan et al., 2010 also present a similar transfer learning 

scheme which propose a principled matrix factorization based framework named as coordinate 

system transfer (CST) for transferring both user and item knowledge from an auxiliary domain 
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2.5.2  GLOBAL SIMILARITY MEASURES 

Global similarity measures explore the transitive correlation between users by considering two 

entities similar if they are both similar to a set of common entities. Lee et al., 2004, propose an 

approach to capturing transitive similarity between users termed discovery hidden similarity 

(DHS). The similarities are captured not only through movie ratings but also through user 

similarities. Though DHS is able to capture more user connections it is able deduce relationship 

between users separated by a single intermediate user only. A similar approach for items is 

suggested by [Nanopoulos, 2007] who propose algorithm to find highly correlative items and 

provides effective recommendations by adapting to user preferences. A pruning criteria is also 

developed which helps save computational effort. A novel collaborative filtering approach 

[Desrosiers & Karypis, 2008], computes global similarities between pairs of items and users, 

based on the solution to system of linear equations relating user similarities to item similarities. 

This approach helps make accurate predictions in the presence of sparsity and also allows 

incorporation of content-based features in the overall similarity computation between users. A 

graph-theoretic approach to collaborative filtering, which used the concepts of horting and 

predictability was proposed in [Aggarwal et al, 1999]. This algorithm did not estimate indirect 

similarity between users but rather based its predictions on items connected through users.  

This algorithm, which is a one of the key engines of Intelligent Recommendation Engine 

developed by IBM Research, enables users to participate in the prediction for an item even if 

they do not share common experiences with the active user.  

 There have been several proposed approaches which view the data as a bipartite graph 

where the nodes are users and items and an edge between a user u and item i exists if and only 

if user u has experienced item i. These algorithms view the graph as representing a stochastic 

process and employ random walk based algorithms to rank items according to user preference. 

For example [Fouss et al., 2007] uses the ‘‘average commute time” and the ‘‘average first 

passage time” between two nodes as similarity measure between two users/items represented 

by the nodes. A similar approach [Yıldırım & Krishnamoorthy, 2008] proposes a random walk 

based approach infer correlations between items based on item graphs. 

 A global similarity scheme based on the notion of distance in a graph was presented by 

[Luo et al. 2008] who computed the global similarities between users as a maximin distance 

between any two nodes in a user graph. The user graph is a graph with nodes as users and 
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connection between a pair of nodes weighed by their local similarity i.e. similarity based on set 

of commonly rated item. Global similarity was shown to work well when data was scarce and 

local similarity was effective under reasonably dense data environments. Hence a fusion of 

predictions using local and global similarity was shown to outperform individual methods 

under all sparsity scenarios. 

 In addition to being a supplementary source of information regarding user links trust 

also facilitates deriving relationships through transitivity. This enables broadening the 

relationships by exploiting the friend of a friend links. SOFIA [Dell’Amico & Capra, 2008] is a 

recommendation algorithm which evaluates a user on his ‘intention’ and ‘competence’ and aims 

at seeking recommenders who are reasonably well intentioned as well as competent. Such an 

evaluation is performed based on trust and ratings data. Jamali et al, 2009, propose a set of 

methods for inferring user similarity, the first one based on a Random Walk on trust networks 

which also considers user similarity and the second combining collaborative filtering and trust 

based approaches for Top-N recommendations, conclude that the combined approaches 

outperform CF approaches based only on ratings data. 

2.6 EVALUATION METRICS 

Recommender systems offering predictions are usually evaluated by dividing the ratings data 

into a training and test set. The training ratings are assumed to be ratings already available to 

the system(background data) and the test ratings are treated as ratings made by users in the 

future. The system is then asked to predict ratings of items in the test set and the accuracy of the 

algorithm is proportionate to the correctness of predictions with respect to the ratings in the test 

set. In this thesis we measures prediction quality through prediction accuracy metrics 

(MAE,RMSE), classification accuracy metrics(Precision, Recall, F-measure) and Coverage. 

2.6.1 PREDICTION ACCURACY METRICS 

We employ two accuracy metrics namely Mean Absolute Error(MAE) and Root Mean Squared 

Error(RMSE). MAE measures the average absolute deviation of the predicted rating of an item 

from the actual rating for the item. Let S be the set of items in the  test set, prk be the predicted 
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rating for the kth rating in the test set and rk be the corresponding actual rating, then MAE is 

defined as; 
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Alternatively the MAE can also be defined per user and the user MAEs can be averaged 

(Herlocker et al., 2004). The MAE (ui) for the active user ui is as follows: 
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where Si is the set of the test ratings set of user ui. The overall average user MAE (UMAE) for N 

users is then defined as; 
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A smaller value of MAE signifies better prediction quality. A related accuracy metric is the 

RMSE which squares the error before summing them and is defined as; 
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Aveage User RMSE (URMSE) can be defined in a similar fashion as average user MAE (Eq. 2.6 

and 2.7). Whereas the MAE weighs the individual differences equally, RMSE gives relatively 

high weight to large errors. It is useful when large errors are particularly undesirable. It has 

been demonstrated in a recent study that a small difference in RMSE can lead to a very 

significant improvement when ordering items by their predicted preferences [Koren, 2008]. 

2.6.2 CLASSIFICATION ACCURACY METRICS 

When preferences are binary i.e. when the task at hand is to guess if a user will or won’t like an 

item, then classification metrics such as precision and recall are used to evaluate the 

performance of a recommendation algorithm. Precision estimates the proportion of useful 

recommendations among all items recommended to the user and is defined as; 
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,
s
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N

N
recisionP   (2.9) 

where Nus is the number of useful items which are selected and Ns is the number of items 

selected. Recall represents the fraction of useful items selected from among the number of 

actual useful items and is defined as; 
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N

N
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where Nu  is the number of useful items. Generally, precision and recall are inversely related 

and are dependent on the length of the result list. One of the primary challenges to using 

precision and recall to compare different algorithms is that precision and recall must be 

considered together to evaluate completely the performance of an algorithm. This is achieved 

by the F-measure which combines recall and precision by computing their harmonic mean. 
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2.6.3 COVERAGE 

The total coverage of the system is the percentage of predictions that a recommendation 

algorithm is able to achieve. High coverage corresponds to being able to predict opinions about 

more number of items and is defined as; 

,
N

p
Coverage i  (2.13) 

Here Coveragei is the coverage for the ith recommendation algorithm, pi is the number of 

predictions so obtained, and N represents the number of unknown ratings to be predicted.  
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LEARNING SIMILARITY MEASURES USING 

EVOLUTIONARY ALGORITHMS  
    

Collaborative Filtering techniques offer recommendations to users by leveraging on the 

preferences of like-minded users. The effectiveness of a memory based collaborative filter thus 

relies highly on similarity measures to determine proximity between two users. However, most 

of the previously proposed measures of user similarity are heuristics based and thus are not 

guaranteed to work well under all data environments. We propose a method employing 

Evolutionary algorithm to learn user similarity based on comparison of individual hybrid user 

features. The user similarity is determined for each feature by learning a distance to similarity 

map for numeric attributes and a similarity table for symbolic discrete valued features. The 

rating for each item is then predicted as an aggregate of estimates garnered from predictors 

based on each attribute. 

3.1    LEARNING SIMILARITY MEASURES 

Measures of similarity such as PCC [Resnick et al, 1994] and CS [Breese et al, 1998] are hand 

crafted and their performance is often dataset dependent. Since the measures of similarity are 

used as weighs in determining the extent to which a user contributes to the prediction, the idea 

of learning such weights seems to be promising, since the weights learnt are adaptive, dataset 

dependent and should result in optimal/near optimal performance. There have been a few 

attempts at learning user similarity from the given dataset. Machine learning techniques have 

been employed to learn similarities between entities in different domains such as [Torres et al., 

2005] for content-based image retrieval,  [Oren, 2002] for information retrieval and [Stahl & 

Gabel, 2003] for case-based reasoning systems. Cheung and Tian, 2004, propose to learn the 

optimal weights representing user similarities as well as the user bias, which removes the 

subjectivity from the ratings, in order to minimize a criterion function. Using gradient descent, 

the weights and user biases are updated and the process iterates till they, converge. A bi-

Chapter 
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directional similarity metric computation technique [Cao et al, 2008], learns the similarity 

between users and items simultaneously by employing matrix factorization. A model-based 

technique [Bell et al., 2007] derives weights for all user-user/ item-item coefficients with the 

objective of minimizing a quadratic cost function. A related work [Jin et al., 2004] applies 

optimization techniques to learn significance weights for items for clustering users according to 

their preferences. 

 We propose a different approach to measuring the closeness between the tastes that two 

users share, by learning their similarity based on comparison of hybrid user attributes. The 

hybrid user features [Al-Shamri & Bharadwaj, 2008] allow us to construct a user profile by 

examining the item contents that the user has preferred thus supporting “collaboration via 

content” [Pazzani, 1999]. Such content-based features are then pooled with demographic user 

data to give a compact and hybrid set of features. The use of hybrid feature, instead of user 

ratings, offers the twin advantage of a compact user profile representation and factoring in 

preference, content-description and user demographic information in the similarity estimation. 

Each attribute is treated as an independent predictor, thus allowing the feature to influence 

utility of an item for the active user. A distance-to-similarity function or a similarity table is 

learnt for each attribute depending on if the attribute is numeric or symbolic respectively. The 

predictions from each of the feature-level predictors are aggregated to give the final predictions. 

 In the subsequent sections we discuss the construction of a user profile based on hybrid 

features, the technique of learning the similarity for each feature and the proposed 

recommendation framework. 

3.2   HYBRID USER FEATURES 

To assess the similarity between users we intend to use hybrid user attributes as was proposed 

in [Al-Shamri & Bharadwaj, 2008]. Such a hybrid user model lends the advantage of reduced 

feature space thus reducing the time complexity of learning attribute-wise similarity measure. 

In the movie domain, each movie can belong to one or more than one genre. In particular 

MovieLens defines 18 movie genres. The inclination of a user towards a particular genre can be 

evaluated by examining the set of movies belonging to a particular genre, which a user has 

highly rated. 
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The degree to which a user prefers a genre is captured through GIM (Genre Interestingness 

Measure). The GIM for a genre Gj for a user ui is defined as  

 (3.1) 

where RGR(I,j) denotes the relative genre rating and MRGF(I,j) denotes the Modified Relative 

Genre Frequency as discussed in in [Al-Shamri & Bharadwaj, 2008]. The GIM measures are 

computed for each of the 18 genres for a user giving rise to 18 content-based features. A pair of 

users can be considered similar not only if their preferences are similar but if they belong to the 

same demographic segment. To enrich the user profile, it is augmented with the available 

demographic attributes such as user age, occupation, gender and state to give a set of 22 hybrid 

features. Hence the user profile which initially consisted of the ratings of a large number of 

movies is squeezed to give a compact user profile, which involves content-based and 

demographic features as well. Fig.3.1 shows the structure of a compact hybrid profile for an 

example user Alice. 

3.3 LEARNING SIMILARITY FUNCTION BY FEATURE COMPARISON 

Traditionally defined similarity measures such as PCC and CS, treat all attributes (item ratings) 

similarly while trying to evaluate user closeness. This may not truly reflect the contribution of 

each attribute towards the similarity.  For example, if we consider the attribute GIMComendy, 

which reveals the degree of interest of any user in genre “Comedy”. It is possible that the 

predictions using this attribute alone gives best performance when all users who have shown 

interest in the genre are weighed equally, rather than weighing them by their degree of interest 

in the genre, i.e. the fact that the user “has liked” the genre is more important than “how much” 

,
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jiMRGFjiRGR

jiMRGFjiRGRnf
jiGIM






Hybrid User Profile (Alice) 

Age Gender Occupation 
Genre Interestingness Meausre (GIM) 

Action Comedy … Romance 

26 F Student 0.21 0.03 … 0.43 

Fig 3.1          Compact User Model with hybrid features[Al-Shamri & Bharadwaj,2008] 
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he has liked it. Whereas for another genre, say romance, a small difference in the GIM values 

may imply a large reduction in the actual similarity between two users.  Moreover, traditional 

similarity measures cannot be easily extended when symbolic attributes such as occupation, 

gender, state etc are involved.  When symbolic attributes are involved then two users are 

considered similar only if they have the same value for that attribute, thus leading to a coarse-

grained approach to similarity computation. In real life, however, a person with occupation 

“teacher” and “student” may be quite similar in their tastes. 

 To overcome all these shortcomings we adopt a different approach by viewing each 

feature as a means to compute predictions for the user, learning an optimal similarity function 

for each attribute and aggregating the predictions so obtained for the final estimated prediction. 

The feature set consists of numeric attributes (GIM1,..,GM18, Age) and symbolic attributes 

(Occupation, State, Gender).  A precise representation of the similarity function depends on the 

data type. The similarity function representation discussed below follows from [Stahl & Gabel, 

2003]. 

3.3.1 SIMILARITY FUNCTION REPRESENTATION FOR SYMBOLIC ATTRIBUTES 

Representing a similarity function, based on symbolic attributes which can assume a finite 

number of values, is possible by enumerating the similarity between each possible pair of 

values. Hence a similarity table is the most natural representation of such a function.   

Definition 1 (Similarity Table)[ Stahl & Gabel, 2003] Let A be a symbolic attribute with the 

value range Arange = (v1, v2, . . . , vn). An n × n-matrix with entries, si,j ∈ [-1, 1] representing the 

similarity between users ua and ub with ua(A) = vi and ub(A) = vj is called a similarity table for 

Arange. 

3.3.2 SIMILARITY FUNCTION REPRESENTATION FOR NUMERIC ATTRIBUTES 

A similarity table approach for numerical attributes is not feasible since the number of values 

they can assume is (possibly)infinite and also since some features are not discrete. A more 

appropriate function would operate on the tuple (XAttribute1, Y Attribute1) where X and Y are two 

users. The ordering of numeric attributes can be exploited to define a difference based similarity 
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function, in order to reduce the dimension of similarity measures from two to one, i.e. we define 

similarity measure as a function as sim(|XAttribute1 - Y Attribute1|) instead of sim(XAttribute1, Y Attribute1). 

Definition 2 (Difference-Based Similarity Function) [Stahl & Gabel, 2003] Let A be a numeric 

attribute with the corresponding value range Arange. Under a difference-based similarity function we 

understand a function simA : R → [-1, 1] that computes a similarity value simA(δ(a1,a2)) = s based 

on some difference function δ : Arange×Arange → R. 

 The difference function δ used here is the absolute difference between the attribute 

values ie: δ(a1,a2) = | a1-a2|. Note that the definition for similarity table as well as distance 

based similarity function is slightly altered from [Stahl & Gabel, 2003] such that the similarity 

values lie in the range [-1,1]. This is to deter users whose values for the particular attribute are 

far apart in terms of preferred items, from contributing to each other‘s prediction. Fig 3.1 

illustrates an example of Difference based similarity function. 

3.4 EVOLUTION PROGRAMS TO LEARN SIMILARITY FUNCTION 

Although traditionally genetic algorithms represent individuals by bit strings, such a 

representation poses challenges, such as slow convergence in applications involving large 

number of parameters, encoding constraints and the inadequacy while representing real 

numbers. These limitations of traditional genetic algorithms prompt us to seek a more natural 

representation of chromosome. An alternative approach avoiding the described problems of 

traditional genetic algorithms, are so-called evolution programs [Michalewicz, 1992]. The idea 

of this approach is the usage of more sophisticated data structures and the application of 

appropriate genetic operators, while still exploiting the evolutionary principle of the traditional 

genetic algorithm approach [Stahl & Gabel, 2003]. We use evolution programs to learn the 

similarity measures for all attributes. The chromosome representation for both numeric and 

symbolic data is presented below followed by a discussion on the genetic operators. 
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Table 3.1                            Example of similarity table for a symbolic attribute               
                                                                 (Occupation) 

 Teacher Student Programmer Engineer 

Teacher 1 0.83 0.52 0.37 

Student 0.83 1 0.22 0.42 

Programmer 0.52 0.22 1 0.91 

Engineer 0.37 0.42 0.91 1 

 
 

δ Sim 

0 1 

0.2 0.7 

 0.4 0.7 

0.6 0.3 

0.8 -0. 

1 -1 

(a) 
 

δ Sim 

0 1 

5 0.7 

10 0.3 

15 -0.15 

20 -0.4 

25 -0.8 

(b) 

Fig. 3.2      Similarity Vector Based on Uniform Sampling for (a) GIM   (b) Age 

3.4.1 CHROMOSOME REPRESENTATION FOR SIMILARITY TABLE 

Each individual I is represented by a matrix of floating numbers, in the range [-1,1], of size n x n 

where n is the number of distinct values taken by the attribute and I(a,b) represents the 

similarity between attribute values ‘a’ and ‘b’.  Table 3.1 displays a similarity table for the 

occupation attribute. Note that such a similarity table can be defined for symbolic attributes 

which can assume a finite predefined set of values. For the MovieLens dataset only the 

occupation and state attributes are symbolic the rest being numerical. No similarity function 

needs to be learnt for the gender attribute since it is binary (‘M’ or ‘F’). Other datasets may 

contain a richer set of demographic features consisting of other symbolic attributes (Religion for 

example) and a similarity table can be used to represent the similarity function for each such 

attribute. 

3.4.2 CHROMOSOME REPRESENTATION OF DIFFERENCE BASED SIMILARITY FUNCTION 

The similarity function for numeric attributes can be approximated by a similarity vector, which 

provides similarity values corresponding to a fixed number of distance values.  

 



 

C
h

ap
te

r 
Th

re
e 

37 
 

  

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

Fig 3.3   Construction of similarity vector for numeric attributes  

 

The distance to similarity mapping for a value not available directly in the vector can be 

computed through a linear interpolation. 

 

Definition 5.6 (Similarity Vector) [Stahl and Gabel, 2003] An individual I representing a 

similarity function simA for the numeric attribute A is coded as a vector I

AV  of fixed size s. The 

elements of that similarity vector are interpreted as sampling points of simA, between which the 

similarity function is linearly interpolated. Accordingly, it holds for all i ∈ {1, . . . , s}: I

Av = ( I

AV )i 

∈ [-1, 1]. 

 … Age … 

U1 … 25 … 

U2 … 18 … 

U3 … 15 … 

U4 … 13 … 

U5 … 62 … 

(a) Age values for 5 users 

 U1 U2 U3 U4 U5 

U1 0 7 10 12 37 

U2 7 0 3 5 44 

U3 10 3 0 2 47 

U4 12 5 2 0 49 

U5 37 44 47 49 0 

(b) Pairwise distance  -          

δ Sim 

0 … 

2 … 

4.5 … 

7 … 

11 … 

44 … 

49 … 

(d) Dynamic Sampling 

points 

Range Actual 
Range 

Freq  Normalized 
Freq 

0-9 2-7 4 3 

10-19 10-12 2 1 

20-29 NA 0 0 

30-39 37 1 0 

40-49 44-49 3 2 

(c) Frequency Table: 5,49  smaxDiff Age  
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3.4.3 CHOOSING SAMPLING POINTS 

A question that arises is that given a fixed size of the similarity vector how should the sampling 

points (for distance) be determined? Uniform Sampling is the simplest since it distributes 

sampling points uniformly over the range of values taken by the attribute. A chromosome 

representation using similarity vector based on uniform sampling is shown in Fig. 3.2. While 

Fig. 3.2(a) represents a similarity vector for a GIM value in the range [0, 1], Fig. 3.2(b) represents 

the similarity vector for age attribute where the maximum difference in age is 25.  

 Dynamic sampling improves over uniform sampling by choosing the sampling points 

from an interval depending on the number of difference values that fall in the interval, gauged 

from the training data. For a numeric attribute A, with values in the range ],[ AA maxmin  the 

distance values will fall in the range ],0[ AA maxDiffRange   where AAA minmaxmaxDiff  . 

ARange  is divided into s1 equal sub ranges such that  





































































1,,)1(

111,,)1(

siif
s

maxDiff
iciel

s

maxDiff
iceil

si
s

maxDiff
ifloor

s

maxDiff
iceil

Range
AA

AA

i
A

 

(3.2) 

We next compute the pair wise distance between attribute values for the feature in question, for 

all user pairs and note the sub range into which these differences fall and their frequency.  We 

refer to the number of values which fall in the sub range i

ARange  as i

AFreq . Fig. 3.3 details this 

process for N= 5, where N is the number of users, and number of subranges 5.  Note here that 

we impose the restriction that similarity computed through tables or vectors must be 

symmetric, so while counting the frequency of distance values we consider the difference value 

between user pairs only once, i.e. only the upper or lower triangular matrix is considered. Also 

note that niuu i

A

i

A  1,0),( , where n is the number of users. Hence these are not 

counted. An example of determining the concentration of distance value is illustrated in 

Fig. 3.3(c).   
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Alice 

 

 

Brenda 

(a) 

 

 

 

 

Alice 

 

 

Brenda 

 

  

  (b) 

Fig 3.4  Mapping attributes values to similarity for  

 (a) Symbolic attribute (Occupation) (b) Numeric Attribute(GIMComedy) 

 

  

 Teacher Student Engineer Doctor 

Teacher 1 0.83 0.52 0.37 

Student 0.83 1 0.22 0.42 

Engineer 0.52 0.22 1 0.91 

Doctor 0.37 0.42 0.91 1 

δ Sim 

0 1 

0.1 0.86 

0.15 0.73 

0.18 0.54 

0.3 0.28 

0.56 -0.15 

1 -1 

 

5.0


Comedy

GIM

 

 Occupation=”Doctor” 

 Occupation=”Teacher” 

Sim(Alice, Brenda)= 496.0
)18.03.0(

)54.028.0(
)18.02.0(54.0 




  

Sim(Alice, Brenda)= 0.37 

δ  =  0.5-0.3 = 0.2 
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While constructing the list of sampling points the first and the last sampling point will be 0 and 

AmaxDiff respectively and hence our goal is to determine the rest of the 2s  sampling points. 

We do so by first normalizing the frequencies to the range 0 to 2s  . 

This is done using the formula 




















)1(

)2(2

NN

sFreqx
floorFreqNormalized

i
Ai

A  (3.3) 

 Since N is the number of users the quantity 
2

)1(  NN
  is the number of pair wise 

differences used to determine the frequency of the values.  The number of pair wise differences 

for the example in Fig. 3.3 is 10 . The actual range of difference value in each sub range is also 

noted. Equidistant sampling points are then chosen from each actual range where the number 

of sampling points is computed using Eq. 3.3. Note that because of the rounding (floor) in Eq. 

3.3 the actual number of sampling points may be less than s(In Fig. 3.3 the number of sampling 

points computed is 7 which is less than s=10). After the first round of computing sampling 

points the remaining are chosen using a roulette wheel scheme where sampling points are 

chosen randomly so that the probability of choosing a sampling point from a range is directly 

proportional to its frequency.  Fig. 3.4 illustrates the process of finding similarity between 

symbolic and numeric attributes using similarity table and vector respectively. 

3.4.4 FITNESS FUNCTION 

A fitness function quantifies the optimality of a chromosome and guides the process towards 

achieving its optimization goal by allowing fitter individuals to breed and thus hopefully 

improve the quality of individuals over the generations. The fitness of a similarity function 

represented as a table or a vector needs to be measured by the prediction accuracy offered by 

the selection and weighting of users according to the similarity function. To evaluate the fitness 

of chromosomes representing similarity functions, the training data for the user is divided into 

training and validation sets. The training data is utilized to build user neighborhood and 

prediction, whereas the validation set is used to learn the optimal similarity function by 

allowing the GA to search for the best similarity table/vector which leads to the least average 

prediction error for the validation set.  The fitness of a similarity vector/table for an attribute A, 

is obtained by computing the average prediction error for the validation set, where the 
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prediction is performed by constructing the neighborhood for the active user based solely on 

similarity of attribute A. The fitness function for an individual I based on attribute A is defined 

as; 

where V is the set of all ratings in the validation set, ra,i is the actual rating for item i by the user 

a, and 
I

Aiapr ,  is the predicted score for the active user using similarity vector/table represented 

by the individual I based on attribute A. 

 

 Teacher Student Engineer Doctor 

Teacher 1 0.83 0.52 0.37 

Student 0.83 1 0.22 0.42 

Engineer 0.52 0.22 1 0.91 

Doctor 0.37 0.42 0.91 1 

Chromosome 1 

 

 

 

 Teacher Student Engineer Doctor 

Teacher 1 0.89 0.415 0.405 

Student 0.89 1 0.27 0.53 

Engineer 0.415 0.27 1 0.53 

Doctor 0.405 0.53 0.53 1 

Arithmetic Crossover 

 

Fig 3.5  Arithmetic and Row Crossover for Similarity Table 

3.4.5 GENETIC OPERATORS 

To maintain the genetic diversity of the population through generations, it is desirable to 

generate new individuals from the ones in the current generation. Crossover and mutation are 




Vi

I

Aiaia
I
A prr

V
fitness ,,

||

1
 (3.4) 

 Teacher Student Engineer Doctor 

Teacher 1 0.95 0.21 0.44 

Student 0.95 1 0.32 0.64 

Engineer 0.21 0.32 1 0.15 

Doctor 0.44 0.64 0.15 1 

Chromosome 2 

 Teacher Student Engineer Doctor 

Teacher 1 0.95 0.21 0.44 

Student 0.95 1 0.22 0.42 

Engineer 0.21 0.22 1 0.91 

Doctor 0.44 0.42 0.91 1 

Row Crossover 

Crossover 
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the two most common genetic transformations. Crossover works by letting a pair of 

chromosomes exchange meaningful information to create two offspring, while mutation 

involves a random manipulation of a single chromosome to create to a new individual. The 

discussion on genetic operators follows from [Stahl & Gabel, 2003]. 

 

A. Crossover Operators for Similarity Vectors/Tables 

Crossover of vectors/ matrices can be performed by various ways; 

Simple crossover: A random split point is chosen and a new individual is created by fusing the 

first part of one parent and the second part of the other parent. 

 

Arithmetic crossover: Each component of the offspring is a linear combination of the 

corresponding component value in both parents. 

 

Row/Column crossover: This type of crossover applies to similarity matrices only. Each 

row/column of the offspring is a copy of the corresponding row/column of one of the parents, 

the choice being random. 

 

δ Sim 

0 1 

0.1 0.86 

0.15 0.73 

0.18 0.54 

0.3 0.28 

0.56 -0.15 

1 -1 

Chromosome 1 
  

δ Sim 

0 1 

0.1 0.78 

0.15 0.32 

0.18 -0.2 

0.3 -0.63 

0.56 -0.87 

1 -1 

Chromosome 2 

 

 

 

δ Sim 

0 1 

0.1 0.86 

0.15 0.32 

0.18 -0.2 

0.3 -0.63 

0.56 -0.87 

1 -1 

Offspring 1 

 

δ Sim 

0 1 

0.1 0.78 

0.15 0.73 

0.18 0.54 

0.3 0.28 

0.56 -0.15 

1 
1 

Offspring 2 

Fig 3.6  Simple Crossover for Similarity Vector  

 

In our framework, the crossover for similarity matrices is performed using arithmetic crossover, 

row crossover and column crossover, with every method having equal probability of selection. 

Simple Crossover 

after δ=0.1 
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Fig 3.5 shows the process of arithmetic crossover and row crossover. A column crossover 

happens in the same fashion as row crossover. It is to be noted that though arithmetic crossover 

preserves the symmetry of similarity matrices, copying different rows may not preserve 

symmetry of the matrix. Hence, while performing a row crossover only the columns in the 

upper triangular portion of the row are copied. After the upper triangular portions of both the 

offspring are filled, they are made symmetrical.  

 The crossover for similarity vectors is done either using simple crossover or arithmetic 

crossover, the probability of choosing among the two methods being equal.  A restriction in the 

similarity vector representation, which must be maintained by the operators, is the 

monotonicity of similarity values, i.e. a higher distance between attribute values should not 

correspond to a higher similarity value than that of a lower distance one. Though arithmetic 

crossover preserved monotonicity, a simple crossover may not and hence it is important to 

choose crossover points to ensure adherence to this property. For e.g. examining the 

chromosomes in Fig. 3.6, using a crossover point chosen after δ = 0.1, enables derivation of valid 

offspring. On the other hand choosing a crossover point after  δ = 0.15 would result in one of the 

offspring with mapping δ = 0.15 => sim =0.32 and δ = 0.18 => sim =0.54, i.e. a higher distance is 

mapped to a higher similarity. Arithmetic crossover for similarity vector is similar to that of 

similarity table.  

 

B. Mutation Operators for Similarity Vectors/Tables 

 

Components of the vector/matrix are mutated by modifying their value randomly. The 

numbers of components thus modified are also random. Note that each time a new individual 

of type similarity vector is created, as was discussed before, the constraint of values being non-

increasing must hold.  

3.5 PROPOSED RECOMMENDATION FRAMEWORK 

The proposed technique of learning similarity at the attribute level can be employed to obtain 

predictions for an active user at the feature level and aggregate them to arrive at the final 

predicted vote for the active user.The dataset is divided into training set, TR, validation set, V, 
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and test set, T. The main steps of the proposed recommender system framework are given 

below: 

Step 1: Compute the GIM values of all users using formula (4) based on the training data set TR.  

Step 2: Find the sampling points for all numeric attributes as described in section 3.3.2.  

Step 3: Find the optimal similarity vector/table  

GA is employed to find the similarity vector for the 18 GIM and age and similarity table for 

occupation and state. For gender feature, two values are similar only if they have the same 

values, and hence no similarity vector/table needs to be learnt. The similarity function is learnt 

with the goal of minimizing the prediction error (Eq. 3.4) for the validation set. 

Step 4: Predict ratings based on feature level similarity function based on Resnick’s prediction 

formula [Resnick et al., 1994]  

The final prediction for user i is obtained by aggregating predictions based on all attributes 

 

(3.5) 

where A is the set of hybrid user features based on which predictions could be obtained. Note 

that some attributes might not contribute to the predictions since the neighborhood set based on 

them might be empty. 

3.6 EXPERIMENTATION AND RESULTS 

To demonstrate the effectiveness of proposed technique of learning user similarities employing 

GA, we conducted experiments on the popular MovieLens  (http://www.MovieLens.umn.edu) 

dataset. The experiments are conducted with the goal of establishing the superiority of the 

proposed similarity learning technique over predefined similarity measures. 
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Table 3.2     

MAE and RMSE comparison of proposed scheme with PCC, WPCC and COS 

Datasets PCC WPCC COS Proposed 

ML100 
MAE 0.856 0.827 0.856 0.770 

RMSE 1.07 0.991 1.164 0.924 

ML200 
MAE 0.862 0.832 0.891 0.803 

RMSE 1.161 1.072 1.309 1.022 

ML300 
MAE 0.847 0.815 0.866 0.776 

RMSE 1.077 0.988 1.216 0.93 

ML400 
MAE 0.827 0.788 0.848 0.761 

RMSE 1.101 1.000 1.191 0.93 

ML500 
MAE 0.831 0.795 0.864 0.760 

RMSE 1.114 1.017 1.259 0.939 

3.6.1 DESIGN OF EXPERIMENTS 

The MovieLens dataset consists of 100,000 ratings provided by 943 users on 1682 movies. The 

ratings scale is in the range 1-5 with 1 - “bad” to 5 –“excellent”. The ratings are discrete. Each 

user in the dataset has rated at least 20 movies. For our experiments we chose five subsets from 

the data, containing 100, 200, 300, 400 and 500 users called ML100, ML200, ML300, ML400 and 

ML500 respectively. 

 This is to illustrate the effectiveness of the proposed scheme under varying number of 

participating users. Each of the datasets was randomly split into 60% training data, 20% 

validation data and 20% test data. The ratings of the items in the test set are treated as items 

unseen by the active user, while the ratings in the training set is used for neighborhood 

construction and for prediction of ratings.  

 The ratings in the validation set are used to guide the GA learning process. For each 

dataset the experiment was run 30 times to eliminate the effect any bias in the data. The 

effectiveness of the proposed scheme is compared with the Pearson correlation coefficient 

(PCC) [Resnick et al., 1994], Cosine similarity (COS) [Breese et al., 1998] and Weighted Pearson 

[Candillier et al., 2008].  
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Table 3.3 Comparison of precision, recall and F1 measure of proposed scheme 
with PCC, WPCC and COS 

Datasets PCC WPCC COS Proposed 

ML100 

Precision 0.632 0.646 0.653 0.683 

Recall 0.787 0.805 0.827 0.861 

F-Measure 0.676 0.688 0.698 0.731 

ML200 

 

Precision 0.627 0.632 0.626 0.627 

Recall 0.799 0.821 0.831 0.847 

F-Measure 0.677 0.689 0.684 0.695 

ML300 

Precision 0.62 0.625 0.621 0.625 

Recall 0.804 0.825 0.841 0.861 

F-Measure 0.676 0.687 0.685 0.70 

ML400 

Precision 0.619 0.626 0.624 0.628 

Recall 0.794 0.82 0.831 0.853 

F-Measure 0.669 0.683 0.68 0.696 

ML500 

Precision 0.612 0.616 0.616 0.619 

Recall 0.792 0.814 0.818 0.856 

F-Measure 0.667 0.677 0.671 0.695 

 

We measure the effectiveness of each of the methods using MAE and RMSE to measure 

predictive accuracy and Precision, Recall and F1 Measure to measure classification accuracy.  

3.6.2 ANALYSIS OF RESULTS 

To demonstrate the ability of the proposed method to offer better prediction accuracy, we 

compare the MAE and RMSE with that PCC, COS and WPCC. The results are as presented in 

Table 3.2. The MAE and RMSE are computed based on the average over 30 runs of the 

experiment over the different datasets. A lower value of MAE and RMSE corresponds to a 

better performance. 
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Fig 3.7          Comparison of F-measure over 30 runs for the ML400 dataset 
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Fig 3.8                  Comparison of MAE over 30 runs for the ML400 dataset 
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As is clear from the results in Table 3.2 the proposed scheme considerably outperforms other 

user-defined similarity measures for all datasets with respect to both MAE and RMSE. This is 

due to the ability of the proposed technique to adapt the user similarity computation according 

to the dataset. Table 3.3 presents the performance comparison (in percentage) based on the 

classification accuracy by comparing the precision, recall and F-Measure for each of the 

different techniques. 

 Higher values of these measures imply better performance. The proposed scheme again 

outperforms the user-defined similarity measures in terms of precision, recall and F-Measure in 

almost all cases, with the only exception being for ML200 where WPCC has a higher precision.  

The F-Measure and MAE for the different runs of the experiment for the dataset ML400 are 

shown in Fig 3.6 and 3.7 respectively. A total of 30 runs were made for each dataset. For all the 

runs the proposed method performed better than any of the user-defined measures in terms of 

predictive as well as classification accuracy. 
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ADAPTIVE SIMILARITY MEASURES USING 

GENETIC PROGRAMMING  
   

In the previous chapter we presented a technique to learn user similarity function utilizing 

evolutionary algorithm. In this chapter we suggest learning a ratings transformation function 

from the available data to compute quantities which actually reflect the preference of the user 

for an item. We propose a two-stage process to assess user similarity, the first is to learn the 

optimal transformation function to convert the raw ratings data to preference data by 

employing genetic programming, and the second is to utilize the  preference values, so derived, 

to compute user similarity. The application of such learnt user bias gives rise to adaptive 

similarity measures, i.e similarity estimates that are dataset dependent and hence expected to 

work best under any data environment. 

4.1 RATING TRANSFORMATION SCHEMES 

Traditionally similarity computation between users is implemented as a two-step process. The 

first step aims at removing the subjectivity from the data i.e. transforms the raw ratings data 

into quantity which truly reflect the preference of a user for the item. For example the Pearson 

Correlation Coefficient tries to remove the user-bias from the ratings by measuring the 

deviation of a rating from the user mean, where the user mean represents a neutral stand (i.e. 

neither like nor dislike). A positive deviation represents like and negative represents dislike for 

the item in question. 

uiuiu rrefPr  ,,  (4.1) 

   

 PCC uses the function in Eq. 4.1 to transform ratings to preference value.  Herlocker et al, 2002, 

suggest the z-score normalization which accounts for differences in variance of the rating 

distributions for a particular user in addition to shift from mean. The intuition here is that some 
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users are willing to give plentiful ratings on the extreme of their scale while other users may 

rarely give extreme ratings[Herlocker et al, 2002]. Z-score normalization appropriately adjusts 

each prediction into ratings distribution of the user receiving the prediction and is defined as ; 

u

uiu

iu

rr
efPr






,

,  (4.2) 

Based on the popular belief, that the absolute magnitudes of ratings/utilities for a set of items of 

two users are not comparable to each other, Pennock et al., 2000, argue that scale invariance is 

one of requisites for a CF algorithm. The non comparability of absolute ratings is because the 

ratings that users confer on items is subjective i.e. a user may be very generous and never give 

ratings below “average” while another may be stingy while rating items. One of the methods 

proposed to overcome this problem of mismatch in the users’ internal ratings scale is to use 

ordinal information rather than absolute ratings to compute user similarity. Yu & Yang, 2007, 

propose an improved collaborative filtering algorithm which computes user similarity from the 

preference order of items, derived implicitly from web browsing history. A similar approach is 

taken by Kamishima, 2003, who assess user similarity based on the order of preference of items 

and suggest a hybrid of memory and model-based approaches to suggest items to the user. 

However, the explicit specification of order of preference for a large set of items, is often 

difficult if not impossible for most users and hence many approaches to converting the surface 

ratings to actual degree of likeness have been suggested (such as in PCC, z-score etc.). Jin et al., 

2003, argue that two users having similar preferences may have different rating patterns and 

build two separate models: a preference model which forms the base for user similarity 

computation  and a ratings model, which is used to convert the final preference to rating for the 

active user. The importance of rating and scale invariance for CF systems is stressed by Lemire, 

2005, who demonstrate that normalizing users with respect to mean, amplitude and the number 

of items rated by them improves CF performance under diverse data conditions. 

4.2 GENETIC PROGRAMMING (GP)  

GP, an evolutionary methodology, is an automated problem-solving system for producing a 

computer program that is able to perform a user-defined task [Koza, 1992]. Such a program is 

generally represented as a tree with operators as non-leaf nodes and leaves as input values from 
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the problem domain. Each individual in the population is associated with a fitness which 

measures the problem-solving ability of the individual for the domain. These scores are used to 

choose the final solution as well as for determining the selection of individuals for participation 

in the next generation. The GP process starts with an initial population of candidate programs 

represented as trees and applies the genetics –inspired operations of crossover and mutation to 

induce new members into the population. While crossover facilitates exchange of meaningful 

information among two parent trees and helps convergence to an optimal solution, mutation 

helps in maintaining genetic diversity in the population and avoids being trapped in local 

maxima/minima. The process iterates for several generations till a stopping criteria is met. Fig. 

4.1 shows the steps in a GP process. 

 Crossover of two chromosomes is performed by selecting a crossover point in both the trees 

representing the chromosome. The crossover point is a node in the corresponding tree. The sub 

trees rooted at the nodes chosen for crossover are then interchanged. Fig. 4.3 illustrates the 

crossover operation of chromosomes representing a Boolean function. The mutation can be 

performed on a chromosome by randomly either changing the value or changing the entire 

subtree rooted at a randomly selected node in the tree. In our work we select a random node 

from the tree representing an individual, prune it and replace it by another randomly generated 

subtree. This process is shown in Fig. 4.2. 

 The application of genetic programming for learning an optimal similarity function is 

prevalent in many areas such as information retrieval [Oren, 2002], content based image 

retrieval [Torres et al., 2005] etc . In the area of CF even though machine learning and 

optimization techniques[Cheung & Tian, 2004; Cao et al., 2008] have been employed to learn 

user proximity, to the best of our knowledge an attempt to utilize Genetic Programming to 

achieve adaptive similarity estimates, has not been explored. 

4.3 PROPOSED APPROACH FOR GP BASED RATING TRANSFORMATON FUNCTION 

CF systems often operate on data where the user preferences are specified explicitly in the form 

of ratings. These ratings are often discrete valued and are graded from very bad to very good, 

where the number of such gradations may vary with the dataset. 
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Fig 4.2                  Mutation of a Chromosome in GP 

The main drawback of memory based CF is the fact the user rating patterns and preference 

behavior are tangled with the result the user similarity is computed based on the surface rating 

patterns [Jin et al., 2003]. However, in reality different people are guided by different semantic 

tendencies, i.e. while generous users give generally high scores to most items, users who are 

critical do the reverse. Moreover, the rating range may also vary from person to person.  Hence 

               

 

 

Fig 4.1                   Steps in Genetic Programming 
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we propose to derive the preference information from the rating pattern to avoid the erroneous 

similarity estimation that will result by only factoring in the surface ratings. 

Fig 4.3                    Crossover of two chromosomes in GP 

The computation of degree of proximity between a pair of users in a CF system operates on the 

ratings vectors for the users. The steps for item recommendation are as outlined below; 

Step 1.  Transform user votes for different items into values which truly reflect the inclination of 

the user for the item in question. 
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Table 4.1                    Nodes for the GP 
 

Terminals Description 

Rat Rating by active user for item 

UAvg Mean rating for active user 

UVar Active user  rating variance 

IAvg Mean  item rating 

IVar Item rating variance 

C Random Constant ∈[0,1] 

NumRatU Number of ratings by active user 

NumRatI Number of ratings for the item 

Operators  

+, - , * , / , log, 
sqrt, 

Mathematical operators 

 

 

                                  

    

Fig. 4.4            Chromosome representation of transformation function used in PCC and z-score 

 

Such a transformation, in addition to balancing the internal user ratings scale can also for 

example factor in other aspects in weighing the preferences such as scaling up the preferences 

of the user for items which are different from the general opinion 

),( ,, Piuiu rfr   (4.3) 

 

where P is the set of data parameters governing the conversion and  ru,i represents the actual 

preference of u for item i. 
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Step 2 The measurement of the like-mindedness of two users is accomplished by computing the 

closeness in the preference vectors of both users. The preference vector for user u is represented 

in bold as ur and the similarity is computed as 

)(),( vu r ,r  simvus  (4.4) 

 

Step 3 Predictions for the active user a is made by aggregating the ratings from similar users.  

),(, Pasgr P
ia   

(4.5) 

         

 where sa is the similarity vector of active user a with all other users in the system. Several 

aggregation formulae are listed in [Garcon et al., 2009]. 

The formulae for ratings transformation, similarity estimation and aggregation are inter-

dependent and the performance of a chosen function for each of these steps determines the best 

combination of functions which will lead to good quality of predictions. The performance of the 

chosen functions for each of the above detailed steps may be different under various contexts. 

Ideally we would like to employ evolutionary techniques to determine the optimal functions for 

each step. However, the large number of users and items in the system may make the cost 

associated, prohibitive. We, therefore, utilize genetic programming approach to evolve the best 

ratings transformation function (Step 1) only, in the current work. We employ Cosine similarity 

(COS) [Breese et al, 1998] for proximity computation between preference vectors and Resnick’s 

formula [Resnick et al., 1994] for prediction. 

 As discussed in Section 2 there have been several approaches to map the ratings data 

into their corresponding preference values, but the success of each method in representing the 

actual preference may be dataset dependent. Instead of proposing a new formula for 

uncovering hidden preferences from the surface ratings, we propose to learn an optimal, rating 

to preference map by utilizing Genetic Programming (GP). For evolving the best ratings 

transformation function we utilize GP with operators and terminals as specified in Table 4.1. 

Fig. 4.4 illustrates the chromosome representation of some of the already existing 

transformation functions being used (PCC, z-score). The fitness of the map represented by each 

chromosome in the population is evaluated based on the prediction error resulting from 

choosing the particular ratings transformation function. For this purpose the training data is 
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divided into training and validation sets( Tr and V respectively). The ratings in Tr are treated as 

items already rated by the user and is utilized for neighborhood construction and ratings 

prediction. The validation set, on the other hand, is utilized for the learning the optimal ratings 

to preference map. The fitness for an individual is evaluated by first converting the training 

ratings(Tr) into preference values using the map represented by the individual. Such preference 

values are used to compute user similarity and arrive at predictions for each vote in the 

validation set(V). The fitness of the individual is then computed as the average absolute 

difference between the predicted and actual votes in the validation set. The fitness of an 

individual I is therefore ; 

||

||

)(
V

rr

Ifitness Vr

I




  (4.6) 

 

where Ir  is the predicted rating using individual I and r is the actual rating in the validation 

set. Though the use of GP for evolving the map makes the process time inefficient, it is to be 

noted that the learning process can be performed offline in a periodic manner to be adjusted 

according to the changes in the dataset. 

4.4 EXPERIMENTAL EVALUATION 

To show the effectiveness of our approach and its ability to evolve a optimal/near optimal 

rating mapping function, we chose to run our experiments on four different datasets 

representing different sparsity levels, user-item ratio, gradation levels etc. We compare the 

results of the experiments against the most popular and well-established similarity estimation 

techniques namely PCC and COS.  

To study the effect of varied dataset conditions we used the Jester, MovieLens, 

EachMovie and Epinions datasets. The characteristics of each of these databases are described in 

Table 4.2. It is clear from the table that the variation in dataset features is wide. For example, the 

gradation in Jester dataset is continous and the rating rate is wide [-10,10], whereas for the 

others it is discrete.   
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TABLE 4.2                              Dataset Characteristics 

Dataset # Users #Items Sparsity Possible ratings 

Jester 73496 100 44.21% [-10,10] 

Eachmovie 72916 1628 97.63% 
{0,0.2,0.4,0.6, 

0.8,1} 

MovieLens 943 1682 93.69% {1,2,3,4,5} 

Epinions 49290 139738 99.99% {1,2,3,4,5} 

  

We randomly extract 200 users from each of these datasets who have rated atleast one 

item and denote the respective datasets as Jester200, ML200, EM200, and Epinions200. Items 

which have not been rated by any user are then removed from the database. The ratings for 

each of the datasets are then divided into training data and test data. For our experiments 70% 

of the ratings were retained for training, 30% of the ratings were used for testing(T). 

 The training data is further split into sets Tr and V as specified in Section 3, with 60% 

ratings in Tr and 40% in V. Each of the ratings in the test data was predicted by using the PCC, 

Cosine and the learnt mapping function and the methods were compared using the MAE 

metric. GPLAB [Silva, 2005] was used for implementing GP. Individuals in the population are 

variable-depth and variable-sized trees. The parameters in the GP were set to default values 

provided in GPLAB. The population size is set to 50 and the GP runs for a maximum of 20 

iterations. The initial population was seeded based on popular similarity measures. For each of 

the above datasets the experiment was run 10 times. The neighborhood set size was fixed at 20 

for all experiments. 

The performance comparison of the different techniques for the datasets Jester200, 

ML200, EM200 and Epinions200 are shown in Fig. 4.5-4.8. It is clear from these figures that the 

proposed technique of using GP for learning the ratings to preference mapping function 

outperforms the PCC and VS measures in almost all datasets and for all runs. Since the datasets 

represent varied data environment we can draw the observation that our proposed method is 

able to learn the best/near best mapping function to convert ratings into preference score 

depending on the context.  
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Fig. 4.5    MAE Comparison of UPGP, PCC, Cosine for the EM200 dataset 

 

 

Fig. 4.6    MAE Comparison of UPGP, PCC, Cosine for the Jester200 dataset 
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 Fig. 4.7    MAE Comparison of UPGP, PCC, Cosine for the Epinions200 dataset 

 

 

Fig. 4.8    MAE Comparison of UPGP, PCC, Cosine for the ML200 dataset 
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 One of the best functions evolved for one run of the EachMovie database is 

)"( numRatratlog"  .This basically ramps up the preferences of users having more “experience” 

in terms of rating more number of items. Another one of the functions evolved is “uAvg” 

surprisingly does not factor in the ratings itself. This may be because the similarity between 

users for the particular dataset would be best estimated by considering the process of rating 

common items as displaying a degree of affinity and thus for such a function the action of rating 

common items itself makes the users similar.  

 Table 4.3 compares the performance of the proposed UPGP method with PCC and VS 

and displays the mean MAE over 10 runs for each dataset. UPGP outperforms both PCC and VS 

in terms of the predictive accuracy for each of the datasets. Table 4.3 also lists the performance 

improvement (%) for UPGP over PCC and COS. It is clear that the maximum performance gain 

over PCC is achieved for the Epinions dataset (7.2%) whereas the greatest improvement in MAE 

as compared to COS is obtained for EachMovie dataset (8.6%). 

 

TABLE 4.3                          Mean MAE over 10 runs 

Dataset UPGP Pearson %IP VS %IC 

Jester 2.713 2.756 1.55% 2.905 6.6% 

Eachmovie 0.976 1.032 5.42% 1.068 8.6% 

MovieLens 0.868 0.889 2.36% 0.898 3.34% 

Epinions 0.959 1.034 7.2% 1.038 7.61% 

%IP=%Improvement of UPGP over Pearson Similarity 
%IC=%Improvement of UPGP over Cosine Similarity 

 

 

 

 

%IC=%Improvement of UPGP over Vector Similarity 
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A REFERRAL-FUNCTIONAL TRUST 

FRAMEWORK FOR ENHANCED RECOMMENDATIONS   
   

The emergence and popularity of virtual communities in the past few years have been by virtue 

of anonymity, being able to interact with a large group of users spanning geographical 

boundaries and participation both as a producer and consumer of content at very little cost. The 

gains from such communities, unfortunately also have been a bane, since online interactions do 

not offer the opportunity of establishing user credibility by means of physical cues apparent in 

our daily life. Trust has emerged as a quality estimation measure of users in online and open 

communities such as electronic markets; social networking sites etc and emulates the notion of 

trust in the real-world where the trustworthiness of a party is determined based on the past 

transactions with it or through word of mouth. Users rate each other based on their past 

interactions thus aiding other users to make decisions regarding the reliability of a party in 

carrying out a particular task. This mechanism also discourages defaulters and enforces 

cooperation.  

 There has been considerable interest recently in trust-enhanced RS and trust is employed 

as an aid to overcome the sparsity problem in RS by utilizing the web of trust to discover 

proximity between users who can otherwise not be deemed similar. Such similar user discovery 

process utilizes trust transitivity to infer the quantum of trust between a pair of users who do 

not have a trust link between them but are connected through the network and thus broaden 

the set of users contributing to the recommendation. However, most trust based approaches for 

RS do not distinguish between the trust in a party to suggest items (functional trust) and the 

trust in a party to recommend good recommenders (referral trust). We propose a referral-

functional trust approach to RS suggesting different ways of modeling referral trust for a binary 

trust network and incorporating it in the trust propagation scheme to obtain better quality 

recommendations. 
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Fig. 5.1      Referral and functional trust link for deriving indirect functional trust 

5.1 TWO WAY VIEW OF TRUST 

Inferring trust between a pair of entities not directly connected, exploits the transitive nature of 

trust. This is in sync with our daily life where we place some amount of trust on a “friend of a 

friend”. Transitivity of trust makes sense only when talking about trust within a trust scope 

[Jøsang et al., 2006]. Assuming the trust scope to be the same i.e. ability to recommend items, 

several approaches to inferring trust between entities have been proposed in the RS framework 

[Massa &Avesani, 2004; Golbeck, 2005]. However, it is important to differentiate between 

“service provision” or “functional” trust and “recommendation” or “referral” trust [Jøsang et 

al., 2006]. The former is the trust in the competence of an entity in performing a task while the 

latter is the trust in his ability to recommend good service providers. 

 Though most of the proposed trust based approaches assume a correlation between 

service and recommendation trust, the separation of a party’s trustworthiness based on his 

ability to provide a service from his credibility as a recommender has received much attention 

in recent times. Jøsang, 2006 proposed the trust evaluation of users from the functional and 

referral viewpoint. He proposed a framework for simplifying a trust network and expressing it 

in canonical form and presented an approach to reason with trust information, expressed as a 

four tuple (trust, distrust, uncertainity, base rate), using subjective logic. A trust and security 

architecture based on distinction of trust on a user as a transactor from his recommendation 

capacity [Moreton & Twigg, 2003] is utilized to enforce collaboration and discourage malicious 

nodes for a routing and node relocation service. A similar approach is adopted by 

Swamynathan et al., 2005, who propose to decouple the reputation of a peer based on service 

provision from service recommendation for Peer-to-peer services. Wang et al., 2008, propose 

measurements for characterizing social properties of a trust system. They classify trust into 

iFT  Alice  Eric 

FT Bob  Eric RT Alice  Bob 

Alice 

Bob 

Eric 
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functional and referral components and further introduce two aspects of referral trust, namely 

similarity and truthfulness and argue that this differentiation of trust into referral and 

functional components is what makes trust transitive in a chain. TILLIT [Tavakolifard et al., 

2009] is a trust enhanced system which employs a combination of trust derivation and user like-

mindedness to enable more parties to be connected even in sparse and cold start scenarios. User 

similarity is estimated based on analysis of the structure of the trust graph and is based not only 

on direct experiences between two users but also based on their similarity with respect to 

trusting or being trusted by other parties. Thirunarayan et al., 2009, propose a computational 

trust model incorporating referral, functional and nonfunctional trust and pursue a qualitative 

view of trust by modeling levels of trust in users as a local partial order, while taking into 

account ambiguity in the trust values. 

  There have been only a few attempts to model and bank on a user’s referring capability 

in the area of RS. TREPPS [Li & Kao, 2009] is a recommender system based on trust in social 

networks to assess the quality and veracity of peer production services. Fuzzy logic is used to 

deal with subjective opinions such as preference judgments, trust statements and service 

satisfaction. Trust on a party is categorized into expert trust and referral trust which further 

consists of two components namely interpersonal trust based on subjective judgment of a 

principal and the recommendation trust which is objectively derived based on the 

recommendation accuracy based on previous interactions. Moghaddam et al., 2009, propose a 

recommendation specific trust framework where the trust is modeled along two dimensions i.e. 

dependability and explorability which are learnt from the raw trust data available. While 

explorability measures the extent to which a user can rely on the recommendation returned by a 

trusted friend, dependability measures the quality of recommendations returned by the user to 

other users trusting him directly or indirectly. 

 Even though there has been a body of  research in harnessing trust in alleviating CF 

challenges, to the best of our knowledge , there has been little attempt to utilize the functional-

referral trust components for aiding indirect trust computation between strangers in the RS 

area. We explore various approaches to computing the referral trust between a pair of entities 

and detail our techniques in the next section.  



 

C
h

ap
te

r 
   

Fi
ve

 

64 
 

5.2 PROPOSED REFERRAL-FUNCTIONAL TRUST FRAMEWORK 

The inability of users to have interacted with every other individual in a sizeable social network 

necessitates the need to infer indirect trust between parties. We adopt the approach outlined in 

[Jøsang, 2006] to dissociate the functional trust from referral trust. Functional trust is the trust in 

the ability of a user to provide a service or in the RS context to provide good recommendations 

on the other hand referral trust is the ability of a user to suggest good service providers or in RS 

terms to recommend good raters. The expertise in being able to recommend good items does 

not imply the ability to lead to good recommenders through the web of trust. As an example 

[Jøsang, 2006] Alice who is need of a good car mechanic may trust Bob to recommend a good 

car mechanic (referral trust) (Fig. 5.1). Even though Bob may not be a car mechanic himself 

(service provider) he may be a knowledgeable about car mechanics (recommender). Bob may 

trust Eric to be a good car mechanic and may recommend him to Alice. Thus Alice derives some 

amount of functional trust on Eric’s car servicing capability in spite of not experiencing his 

services herself.  

This separation thus allows trust to be transitive and the referral trust chain assumes the 

existence of functional trust at the end of the chain [Jøsang, 2006].Hence a trust network may 

contain two types of trust links between a pair of users, the functional trust link and the referral 

trust link, if they exist.  We assume that the trust statements expressed by users can be one of 

the two values “Trust” or “do not trust” i.e. binary trust values.  

Derivation of indirect functional trust between two unconnected users is a function of 

the derived trust along all the paths connecting the source and the sink.  

 

))(,),(),(( 21, nba PgPgPgfiFT   (5.1) 

where a is the trustor and b the trustee , iFT denotes the indirect functional trust of a on b and Pi 

denotes ith path connecting them, g(Pi) is concatenation function to derive functional trust along 

path Pi and f is the fusion function which aggregates trust along all paths to derive a inferred 

trust value. We choose multiplication as a concatenation function since it has been shown to be 

simple and effective in propagating trust values [Hasan et al., 2009]  and aggregate the trust 

along different paths using the average function. The trust along a path Pi between trustor a and 

trustee b is hence computed as; 
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bxnxxxa
Pi
ba FTRTRTiFT ,2,11,,    (5.2) 

where x1, x2, …, xn are users through which a is connected to b along the path Pi and RTx,y 

denotes the referral trust between entities x and y. Once the functional trust (direct or indirect) 

between users is assessed they are used to weight the importance of each user’s contribution to 

the prediction for the active user. Resnick’s formula  is used for predictions.  

 Ideally the suitability of an entity A to recommend good recommenders to another 

entity B can be derived by utilizing the entire trust network spawned by starting from A and 

assessing the goodness of the predictions for entity B. However, considering such assessment 

must be done for most pairs of users, the cost associated can be prohibitive. Our proposed 

models, hence, take into account only the immediate trusted neighbors of the trustee and/or 

trustor to derive the referral trust. Moreover, referral trust of A on any other party is computed 

only if they are explicitly specified to be trustworthy by A, otherwise it is assumed to be zero. 

This is to discourage parties other than those expressed trustworthy from entering the trust 

chain. We discuss our approaches to deriving the referral trust in the following subsections 

5.2.1 DEGREE OF HOMOPHILY (DOH) AS REFERRAL TRUST 

We first present a simple mechanism to evaluate the referral ability of a user based on how well 

he chooses his “friends” or other trusted users. Homophily is the tendency of individuals to 

associate and bond with similar others. Users add as friends or express as trustworthy, people 

who in general, share similar tastes [Ziegler & Golbeck, 2007]. With the growth of social 

networking sites which ease the process of adding trusted users via adding friends, a careless 

user might respond positively to any “make friends” request. Such indiscriminate addition of 

trusted users to his connection may be a nuisance not only to him but may introduce a 

malicious party in the trust chain and affect the recommendations/referrals. We thus assess the 

referring capability of a user based on the closeness in the tastes that he shares with his set of 

trusted users. Thus we arrive at a “global” referral trust value for a user based on the degree of 

homophily he exhibits, which is denoted by Hu for user u and is defined as follows; 
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where Tu is the set of trusted users for user u and sim(u,v) represents the similarity in rating 

different items and is defined as; 

 

   

where Su represents the set of items rated by user u, MaxRat is the maximum rating for an item 

in the rating system and MinRat is the minimum rating possible. The referral trust of any user a 

for user u is the degree of homophily (DOH) exhibited by u if u is trusted by a i.e. 

 

5.2.2  REFERRAL TRUST BASED ON SIMILAR TRUSTED(ST) USER SET 

A trustee u of a trustor a can be judged a good recommender of people if he induces similar 

trustworthy neighbors as user a’s trusted users. This view can lead us to define another 

technique for computing referral trust of a on b. 

 

Here S(Ta,Tu) is the similarity between the two sets of trusted users. The similarity between the 

set of friends can be estimated in a variety of ways. A simple mechanism would be to examine 

the set of users common to both sets i.e. the more the number of common friends two users 

share the more reliable are their referrals.  
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Moreover, the availability of item voting information which reflects different users’ taste can be 

exploited to predict the closeness between the two sets. One approach could be to compute 

average rating similarity between all pairs of users in the two sets i.e. 

 

We choose to apply the maximum weight matching between the two sets of trusted users since 

it gave the best performance. We cast the problem of finding trusted users set similarity as an 

Assignment problem - one of the fundamental problems of Operations Research which consists 

of finding a maximum weight matching in a weighted bipartite graph. We consider the users in 

Ta and Tu to be vertices in a bipartite graph and edges connecting the users from the two sets, 

weighted by similarity between the users and construct an approximate maximum weight 

match by following the greedy approach obtaining the match by choosing edges having the 

maximum weights and having as its end points, users who have not been paired before. Once 

such a matching (M) is obtained the similarity between sets is estimated based on the weight of 

all edges in the match. 

 

 

The similarity estimation scheme outlined above factors in the quality and quantity of likeness 

between members of the two sets by ensuring that the better the quality each match, the better 

is the likeness between the sets and the more the number of matches with respect to the set of 

trusted users for the trustor, the more close is the similarity between the two sets. Thus for two 

users, the user having more trusted users is treated as more “experienced” and  thus can inspire 

more confidence in his referring capability than a user having very few friends.  

 (5.7) 
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5.2.3 REFERRAL TRUST THROUGH AFFINITY IN USER RATING(AUR) 

The past opinions of users about others in the community can also be exploited to infer their 

referral expertise. A trustee u can be believed to be a good recommender of people if his opinion 

of other users in the system matches closely with that of the trustor a.   
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(5.10) 

 

When uu TT '
, the estimate is based on the common set of trusted users for both trustor and 

trustee. However, every user can specify only has a limited number of trustees and the overlap 

between trusted users for trustor and trustee may not be significant. In such cases the set Tu  can 

be extended by involving users not present in the Tu but who are trusted by a, in the user 

comparison. This can be achieved by using a simple trust propagation involving functional trust 

only, to derive trustworthiness of users who are not directly trusted by u but are trusted by a. 

The trust values so computed can be rounded to settle on the trustworthiness of such users and 

can be further used for matching opinions of u with a. Thus  

Thus the process utilizes trust propagation involving only functional trust statements as the first 

step and employs the derived trust so obtained to determine the referral ability of users which 

is further employed to refine the set of recommendation partners by incorporating the referral 

trust for trust propagation. We construct the set E by including users not directly connected to u 

but who are reachable from u via the web of trust within N hops, where N is the trust 

propagation horizon. 

ETT uu   

                                         where }5.0|{ ,  vuua iFTTTvE  

(5.11) 
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5.3  EXPERIMENTAL EVALUATION 

In this section we present an empirical evaluation of the proposed approaches by contrasting 

them to other trust propagation schemes not involving the referral trust component for binary 

trust networks. In particular we compare our schemes with those presented in [Massa & 

Avesani, 2005; Golbeck & Hendler, 2006]. A simple trust propagation for binary trust networks 

is proposed by Massa & Avesani, 2007, wherein trust propagates within a trust horizon and 

attenuates over longer paths in a linear fashion. We refer to this approach as Trust Inference 

Using Linear Decay (TILD). Goldbeck & Hendler, 2006, proposed a scheme for inferring trust 

where a user desiring to gauge the trustworthiness of another unknown user takes aid from his 

Table 5.1       Characteristics of T10-T90 configurations 

Configuration Network Density 
Average # trusted 

neighbors 

T10 0.0185 4.61 

T30 0.057 14.28 

T50 0.095 23.79 

T70 0.133 33.24 

T90 0.171 42.68 

          

  

Table 5.2       Characteristics of R10-R90 configurations 

Configuration Ratings 
Sparsity 

Average # 
ratings per 

user 

Average # 
ratings per 

items 

R10 99.99% 6.728 0.318 

R30 99.81% 20.022 0.948 

R50 99.68% 33.44 1.58 

R70 99.55% 46.78 2.21 

R90 99.42% 60.32 2.85 
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trusted friends by polling them for their opinion of the stranger. The trusted neighbor in turn 

may have direct experiences with the party or may take help of his trusted friends. This process 

is recursive and a user assesses trustworthiness of a stranger by aggregating opinions of all his 

friends. Two versions of this algorithm -  rounding and non-rounding were introduced. We 

consider the non-rounding version of this algorithm for comparison and refer to it by Trust 

Inference using non-rounding algorithm (TINR). 

 For our experiments we used data derived from the Epinions site collected by Paolo 

Massa available at TrustLet (http://www.trustlet.org/). The dataset consists of  49290 users 

who rated a total of  139,738 different items at least once. There are 664,824 reviews expressed 

by different users over various types of items and 487,181 issued trust statements. From this 

dataset we extracted the first 500 users who have rated at least 5 items and expressed at least 

two trust statements and filtered out items which have been rated less than 4 times thus 

accounting for 10,558 items. We evaluate and compare the methods using RMSE (Root Mean 

Squared Error) and Coverage. 

5.3.1    IMPACT OF NETWORK DENSITY  

The number of friends that a user trusts is usually a small fraction of the number of users 

available in the system. Thus a web of trust which is very sparse requires the aid of trust 

propagation schemes to effectively reach out to distant users. In this experiment we study the 

effect of trust network density on the different trust propagation schemes by contrasting our 

approaches to TILD and TINR techniques of trust propagation. To do this we randomly 

retained 10%, 30%, 50% ,70% and 90% of the expressed trust statements and discarded the rest 

thus arriving at five different configurations T10, T30, T50, T70 and T90 respectively. The 

characteristics of the trust data under these configurations are presented in Table 5.1.  

 Since ratings utilized to compute referral trust using ST and DOH schemes, we divided 

the item rating into training and test set by reserving 30% of ratings for training and 70% for 

testing. The neighborhood set size is limited to 20 users for all configurations. The propagation 

horizon is set to 3 i.e. only users reachable within 3 hops from the source are taken into account 

for computing the derived trust.    
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Fig 5.2:  Coverage for configurations T10-T90 

 

 

Fig 5.3: RMSE for configurations T10-T90 
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 As seen from Fig. 5.3, the our proposed schemes incorporating referral trust outperform 

the TILD and TINR schemes in terms of accuracy of predictions under all configurations except 

the T10 configuration where the TILD outperforms all other trust computation mechanisms. 

This is because the reliability of referral trust computation scheme is dependent on having a 

decent number of trusted users, in the absence of which simple trust propagation schemes may 

work better. Among the referral trust derivation schemes the AUR scheme performs the best. 

The DOH scheme achieves the least accuracy among all the techniques presented in this work, 

except for the T70 configuration for which it outperforms the ST scheme. This is to be expected 

since DOH is a global trust measure and hence doesn’t factor in the subjective opinions from a 

user’s viewpoint.  

The coverage for TILD (Fig. 5.2) is the maximum among all schemes followed closely by 

DOH which is as expected since DOH is a global referral trust mechanism. All the proposed 

schemes give better coverage than TINR. ST gives the least coverage among all referral trust 

schemes. The higher coverage of TILD scheme as compared to the proposed schemes, is because 

using TILD scheme, it is possible to compute indirect trust between two entities say A and B, if 

B is reachable from A in atleast N number of steps where N is the trust propagation horizon. 

Using the proposed schemes, even if B is reachable from A , the existence of a  single pair of 

users having referral trust zero renders the indirect trust of A on B through the path, 

incomputable. Thus there may be entities between which indirect trust using TILD may be 

computable, whereas the proposed trust inference scheme may not be able to infer the quantum 

of trust. 

 It is surprising to note that ST which takes into consideration both trust statements and 

rating information for referral trust computation performs worse both in terms of accuracy and 

coverage  than AUR which employs only trust statements. The reason could be the sparsity in 

the ratings data. We investigate the effect of ratings data sparsity in the next experiment. 

5.3.2 IMPACT OF RATINGS SPARSITY 

The density of ratings data can have an effect on the referral trust computation utilizing ST and 

DOH schemes and we plan to study the effect of ratings data sparsity on the performance of the 

different propagation techniques. To do this we construct training set by preserving 10%, 30%, 

50%, 70% and 90% of ratings data in the training set and the rest of the ratings in the test set.   



 

C
h

ap
te

r 
   

Fi
ve

 

73 
 

 

This gives rise to five configurations R10, R30, R50, R70 and R90 respectively. The data 

characteristics of the data subsets, so obtained, are tabulated (Table 5.2).  30% of the set of trust 

Table 5.3    RMSE and Coverage comparison of proposed schemes with TILD and  
                                           TINR for configurations R10 – R90 

Datasets R10 R30 R50 R70 R90 

TILD 
RMSE 1.757 1.565 1.484 1.414 1.316 

Cover 30.55 56.10 75.17 86.01 94.49 

TINR 
RMSE 1.824 1.673 1.575 1.51 1.419 

Cover 27.70 50.90 70.19 79.49 89.23 

DOH 
RMSE 1.753 1.553 1.480 1.403 1.303 

Cover 30.47 56.06 74.88 85.63 94.25 

ST 
RMSE 1.774 1.546 1.476 1.388 1.303 

Cover 21.96 54.66 74.65 85.63 94.25 

AUR 
RMSE 1.751 1.546 1.479 1.404 1.310 

Cover 30.26 55.98 74.17 84.64 93.13 

 

Table 5.4    RMSE and Coverage comparison of proposed schemes with TILD and  

                                                        TINR for propagation depths 2 to 5 

 Prop2 Prop3 Prop4 Prop5 

TILD 
RMSE 1.537 1.495 1.493 1.498 

Cover 50.58 63.66 66.25 66.37 

TINR 
RMSE 1.628 1.628 1.628 1.628 

Cover 52.04 52.04 52.04 52.04 

DOH 
RMSE 1.687 1.562 1.489 1.484 

Cover 27.38 51.61 62.48 66.24 

ST 
RMSE 1.672 1.556 1.487 1.479 

Cover 27.66 52.50 63.64 65.19 

AUR 
RMSE 1.698 1.543 1.470 1.462 

Cover 28.38 49.50 57.87 59.58 
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statements were utilized to construct the web of trust. The other parameters settings are similar 

to those of the previous experiment. The experimental results obtained are tabulated (Table 5.3). 

  As with the previous experiments, the proposed techniques outperform the TILD and 

TINR methods on all configurations with respect to RMSE. It is worth contrasting the 

performance of AUR and ST techniques. While at lower rating density levels(R10, R30), AUR 

schemes give a better performance, as the sparsity reduces ST schemes outperform the AUR 

scheme both in terms of accuracy as well as coverage. At reasonably dense ratings 

environments, However, ST scheme gives better quality estimations. This is the case, since the 

presence of sufficient ratings data leads to better estimation of referral trust using ST schemes. 

In fact even the “global” trust computation scheme, DOH, gives a slightly better performance 

than AUR at higher data density conditions (R70, R90), since DOH also relies on ratings and 

trust data for referral trust estimation. 

5.3.3 IMPACT OF TRUST PROPAGATION DEPTH 

Trust propagation limit is an important factor in the performance of recommendations based on 

trust [Yuan et al., 2010]. In this experiment we investigate the effects of trust propagation 

horizon on the relative performance of the various algorithms. To do this we retain 20% of the 

original trust votes and 50% of the ratings. The trust propagation horizon is varied between 2 to 

5 and results so obtained are as presented in Table 5.4. 

 An important point to be observed is the improvement in performance of the referral-

functional trust schemes as compared to the TILD and TINR techniques with the increase in 

trust propagation horizon. When the propagation depth is set to 2 the proposed schemes 

perform worse than the simple trust propagation techniques both in terms of accuracy as well 

as coverage. For trust propagation depth 3 the proposed schemes perform worse than TILD in 

terms of RMSE and coverage but outperform TINR. For propagation to distances above 3 the 

proposed techniques outperform the TILD and TINR schemes. This is so since with the increase 

in the path length from source to target user, indirect trust computed based on referring ability 

of intermediate users justifies trust transitivity and hence enables reaching out to better 

recommenders.  
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DENSIFIED TRUST NETWORKS AND PRUNING 

OF WEAK LINKS VIA RISK ESTIMATES   
   

The efficacy of trust links from social networks in boosting the user inter-connectivity in an 

otherwise poorly connected user group, obtained from historical preference data, has recently 

led to adoption of systems exploiting both these information sources to discover user 

proximities for recommender systems(RS). However, the investigation into the utility of distrust 

in the recommendation process is in its infancy mainly due to the dearth of freely available 

datasets consisting of trust, distrust and rating information. Another reason for this is that 

earlier approaches [Prade 2007; Golbeck et al. 2003] viewed trust and distrust as two ends of a 

continuum, and were represented along a single dimension with distrustworthy parties 

conferred a trust value of 0 and trusted parties having a trust value of 1.  But recent research has 

revealed the existence of trust and distrust along different dimensions [Victor 2010; Guha 2004] 

and that both can separately reveal the pattern of user relationships. Both user rating data and 

friend/block list information from social networks are very sparse. This is so since any user can 

rate only a limited subset of items or users from among the millions of ratable items/users and 

hence the idea of combining these information sources is promising and justifiable. We propose 

a collaborative filtering framework based on computing user trust by exploiting functional and 

referral trust and distrust information and user preference data. The inclusion of multiple 

sources of opinions for computing trust results in improved coverage and the trust network so 

formed can be used to infer indirect trust between entities by exploiting transitivity of trust. The 

proposed method operates on a trust network where the trust relationship has three 

components namely, trust, distrust and ignorance [Yu et al. 2008]. We also quantify the risk in 

relying on trust statements as a function of knowledge contained in the statement and the 

conflict in opinions about an entity and argue that pruning the trust graph by discarding risky 

and retaining reliable trust statements results in more accurate recommendations while not 

compromising on the coverage. 

Chapter 

6 
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6.1 RECOMMENDATIONS  BASED  ON MULTIPLE INFORMATION SOURCES 

Konstas et al. 2009, developed a track recommender systems based on data derived from 

last.fm, interlinking tags, user and items and the interrelations among the three entities are 

exploited to form links between users.  The extra knowledge provided by the user’s social 

activity was shown to improve system performance using Random Walk with Restart. A similar 

approach is proposed [Jamali et al. 2009] who propose a set of methods for inferring user 

similarity, the first one based on a Random Walk on trust networks which also considers user 

similarity and the second combining collaborative filtering and trust based approaches for Top-

N recommendations, conclude that the combined approaches outperform CF approaches based 

only on ratings data. Liu &Yuan 2010, focus on building a local trust network based on a gamut 

of information sources , like number of co-commented movies, number of co-commented 

people in movies and number of co-interested people in a movie by a pair of users in addition 

to trust statements issued by users. Though the inclusion of such varied information sources 

comes handy in improving user connectivity, they require content details about the items which 

may be difficult to come by in certain domains.  A new approach, Densified Behavioral 

Network CF(D-BNCF)(Esslimani et al, 2010), exploits navigational patterns, instead of the 

ratings or social connections, to establish user similarity through a behavioral network. The 

network so constructed is densified by exploiting link prediction methods to enhance the user 

links. The D-BNCF approach is similar to the proposed approach since both attempts to 

enhance the existing user network with additional links. But D-BNCF approach only exploits 

the usage traces to construct the initial network, whereas the current approach exploits the 

availability of trust and ratings data to construct the initial user graph. Another point of 

difference is that though D-BNCF only considers similar navigational and connectivity patterns 

to infer similarity, the proposed approach models both the similar and dissimilar experiences 

between users as trust and distrust and is hence able to capture the user connections more 

vividly. 

6.2 TRUST AND DISTRUST INFORMED RS  

The availability of the information regarding the set of peers distrusted by users, has recently 

led to the emergence of algorithms exploiting this additional source to refine the user links. 
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Victor et al. 2010 detail a scheme of trust assessment between unconnected parties in a trust 

network by using trust propagation and aggregation operators and explore various ways in 

which distrust information can be utilized to fine tune such a network. A friend recommender 

system in online social networks utilizes the FriendTNS (Symeonidis et al. 2010) algorithm to 

transitively assess user trustworthiness in the presence of positive as well as negative edges. 

Though the incorporation  of distrust in addition to trust for improved recommendations has 

been previously dealt with, to the best of our knowledge, derivation of trust and distrust degree 

from the existing trust, ratings and referral trust data has not been explored before. Such 

estimation of trust and distrust degrees from the available data has several advantages. It 

allows representation of trustworthiness of an entity as a continuous value with some amount 

of trust and distrust as opposed to complete trust or distrust. This corresponds with our day to 

day experiences where the strength of our friendship links may vary from person to person and 

many a times we may harbor some amount of like as well as dislike for a person. Secondly the 

incorporation of referral trust in the final trust and distrust computation renders the values 

useful for referrals in addition to recommendations and thus justifies trust transitivity. And 

lastly the trust network so obtained is denser than the original trust network thus allowing 

more users to be connected.  

6.3 INFERRING INDIRECT TRUST AND DISTRUST 

Guha et al, 2004, were one of the first ones to propose propagation schemes in the presence of 

trust and distrust. They suggested four basic trust propagation schemes namely transitivity, 

trust coupling, reciprocity and co-citation. They propose a framework utilizing both trust and 

distrust information to infer trust between unfamiliar users. Propagation of distrust also has 

been harnessed in tackling the web spamming problem [Wu et al. 2006; Metaxas 2009] and 

combining trust and distrust has proven to be more effective in demoting spam sites than the 

sole application of trust for this purpose. Victor, 2010,  also suggest several strategies for 

inferring indirect trust in the presence of trust and distrust links in the network, which are 

based on various user behaviors when confronted with situations in which they collate opinions 

about strangers from friends or foes. She argues that trust or distrust building is a gradual 

process where an encounter between a pair of entities can give rise to some amount of trust as 

well as distrust on the entity and operate on trust, distrust pairs drawn from a bilattice. 
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 Dempster Schaffer(DS) theory has been the basis of several techniques of trust and 

distrust assessment since it allows the embedding of uncertainity in the derivation process and 

one of the prominent work in this direction has been done by [Jøsang et al.,  2006]. Subjective 

logic framework, which is based on DS theory, has been proposed to reason with trust 

information. The trustworthiness information is expressed as a four tuple (trust, distrust, 

uncertainity, base rate) and the trust network is simplified by expressing it in canonical form to 

deduce the indirect degree of trust in a distant entity.  Another popular contribution by [Yu & 

Singh 2002], in which an agent combines evidence from direct interactions with testimonies 

provided by other users regarding the same agent with the help of DS theory, has spawned 

other extensions [Matt et al. 2010; Qiu et al. 2010]. Gutscher 2009, contend that the DS theory is 

inadequate when combining conflicting evidence since it eliminates the conflict by 

renormalization. They hence propose to represent the trustworthiness information as a four 

tuple (trust, distrust, ignorance, conflict) and develop a calculus and operators to compute 

reputation values. A similar argument is put forth in [Wang & Sun 2009] where DSmT belief 

theory, which is an extension of DS theory and which explicitly quantifies the conflict in 

evidence, is used to model trust information.  

6.4 TRUST AND RISK 

Among the various human factors impinging upon making a decision in an uncertain 

environment, risk and trust are surely crucial ones [Josang & Lo Presti 2004]. Delegation of 

tasks, such as recommendations, on trusted peers naturally incurs the risk of unfavorable 

results when the trustee is unable to perform the task satisfactorily. Thus trust and risk are 

highly correlated concepts and their relationship has been extensively investigated in literature. 

 In his article interestingly titled “Can we trust trust”, Gambetta 2000, elucidates an 

example illustrating how the decision to enter a risky transaction with a peer may depend not 

only on how trustworthy he is deemed to be but also the cost of delegating or not delegating the 

task to the person(for example the high cost of the peer not keeping his side of the bargain even 

though he is thought to be  highly trustworthy may lead to a user deciding against trusting the 

peer to perform the task at hand). A similar idea has been computationally formalized and 

presented by [Josang & Lo Presti 2004] who analyze the relationship between the concepts of 

trust and risk and derive a computational model integrating the two notions. They model the 
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trusting decision as a function of trustworthiness of a user and the risk attitudes of the trustor. 

Ref [Gray et al. 2003], leverage on the small world nature of self organizing networks to develop 

trust and risk assessment policies between entities in such networks. Trust and risk propagation 

mechanisms are outlined to assist computation of trust and risk between entities lacking any 

previous interactions. Techniques for trust and risk propagation have also been studied in [Lin 

et al. 2008] who utilize the computed trust and risk for trusted decision mechanism. Mc. Knight 

et al. 2004, tie the concepts of high and low risk situations to trust and distrust and argue that 

under high risk situations the tendency towards distrust is more and low risk situations tilt the 

balance towards the optimistic trusted side. 

 The notion of risk as defined in this work however, deviates from the previous 

interpretations and quantifications of risk in several points. The risk, as defined in this work, is 

a measure of lack of reliability on the evidential trust and distrust values inferred, rather than 

the risk of interacting with an entity. Whereas previous work view risk as a dimension separate 

from trust, the risk measure defined in our approach depends on the trust and distrust values. 

A low risk trust statement thus inspires more confidence on the trust-distrust values deduced. 

We examine various risk assessment policies and their relation to trust and distrust in greater 

detail in Section 6.6.  

6.5 PROPOSED FRAMEWORK 

In this section we describe our trust representation scheme and put forth our technique of 

enhancing the existing trust network by appending edges based on the preference and referral 

information. We demonstrate the advantage offered by the trust network so populated in 

enhancing recommendation quality in section 6.7. 

6.5.1  TRUST REPRESENTATION 

Trust has been increasingly used in the area of recommender systems (RS) as a means to 

enhancing recommendation accuracy by leveraging on the inputs from trusted users. In 

addition to trust relationships, deduced from the friends list, the distrust information (users in 

the block list, for example) is also being utilized to protect parties from the risk of being 

exploited by malicious parties by barring such distrust worthy users from contributing towards 

recommendations. We compute the measure of trust and distrust worthiness of a user from 
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another’s point of view not only based on the explicitly specified friend/block list but also from 

the experiences shared by the pair of users. When employing such evidential approach to 

building a trust network, the fact that there may be several pairs of users who may be unaware 

of each other or may not have had a variety of common experiences, is worth considering. 

Hence, the modeling the trust relationship between such users would require the specification 

of uncertainity or ignorance. We wish to model trust information on belief theory as originally 

proposed by Dempster-Shafer [Shafer, 1976]. Their theory is based on a frame of discernment Ɵ 

which in our case would be {T, ~T}. These are the set of propositions under consideration. 

 

Definition 6.1: Let Ɵ be a frame of discernment. A basic belief assignment (bba) is a function 

m:2Ɵ [0,1] such that m( )= 0  and  


A
Am 1)(  . 

The main idea behind belief theory is to abandon the additivity principle of probability theory 

and enable observers to assign the so-called belief mass to any frame of discernment including 

the whole frame itself. This facilitates representation of uncertainity or ignorance by assigning a 

belief mass to the whole frame [Josang et al. 2010]. Hence for the frame of discernment Ɵ={T,~T} 

, m(T), m(~T) and m({T,~T}) denote the trust , distrust and the ignorance respectively and so 

m(T) + m(~T) + m({T,~T}) = 1 (6.1) 

 

m(T), m(~T) and m({T,~T}) would henceforth be referred to by t(trust), d (distrust) and 

i(ignorance) respectively. Eq. 6.1 can be re written as 

t + d+ i =1 (6.2) 

Since the amount of ignorance can be derived from trust and distrust information, we denote 

the trust relation between a pair of users by the trust and distrust pair i.e. T(A,B) = (t,d) where 

T(A,B) is the trust opinion of A about B. 

6.5.2 POPULATING THE EXTENDED TRUST NETWORK (ETN) 

We assume a system with a set of users U = { u1, u2 .. un} and a set of items I = { i1, i2, .. , im}. The 

trust network we operate on, is constructed by appending edges from user A to B, to the 

network, if either of the options below holds. 
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i) If A and B share common experiences (have rated common items)(Trust and 

Distrust by preference matching – (TP(A,B),DP(A,B))) 

ii) If A and B have rated a common set of users on trust(Referral Trust and Referral 

Distrust  (TR (A,B), DR (A,B)) )  

iii) If A has expressed his trust/distrust in user B (Direct Trust and Direct 

Distrust((TD(A,B) ,DD(A,B))) 

We model the final trust/distrust degrees as a linear combination of trust/distrust degrees 

derivable from the above mentioned information sources, i.e. 

  

 (6.3) 

where .1   

In the formula (4) above TD and DD are degrees of trust and distrust worthiness expressed 

explicitly by A about B and thus are readily available. To compute (TP,DP), we exploit the 

existing item preference information available in the form of user voting data.  An item is 

reckoned to be preferred by a user if its vote is higher than the vote that the user confers on 

items on an average and similarly is disliked by the user if its rating is below the average ratings 

by the user. If the rating is however, equal to the average then no decision about its likeability 

can be made. Thus the preference of an item I for user A is defined as; 

 (6.4) 

where rat(A,I)  is the rating value for item I by user A and mean(A) is the average user rating for 

A. 

  Here a value of -1 is an indicator of A’s disfavor of I. To compute the trustworthiness of 

B from A’s point of view, for each common item experienced by A, the preference of the item, if 

experienced by B, is matched with that of A. The trust and distrust are then computed as the 

fraction of matches and mismatches. Assuming that Li(A) and DLi(A) respectively represent the 

set of items liked and disliked by the user A, ),(' BATP and ),(' BADP are defined as: 

 

),(),(),(

),(),(),(

BADBADBADt

BATBATBATt

DRp

DRp

























)(),(,1

)(),(,0

)(),(,1

),(Pr

AmeanIAratif

AmeanIAratif

AmeanIAratif

IAeference



 

C
h

ap
te

r 
   

Si
x 

82 
 











 















 





|)(|

|)()(|

|)(|

|)()(|

2

1
),(

|)(|

|)()(|

|)(|

|)()(|

2

1
),(

'

'

ADL

BLADL

AL

BDLAL
BAD

ADL

BLDADL

AL

BLAL
BAT

i

ii

i

ii

P

i

ii

i

ii

P

 (6.5) 

 

where }1),(|{)(  kAeferencePrIkALi
and }1),(|{)(  kAeferencePrIkADLi

. Thus 

the fraction of items for which the opinions of A and B matched contribute to the trust and by 

extension the set of items for which there was a clash of opinions is indicative of the amount of 

distrust that A harbors against B. Note that since the fraction is computed against the number of 

items liked and disliked by A such a computation of trust and distrust makes the quantities 

asymmetric which is in sync with our notion of trust and distrust in our day to day life. 

However, the above formulae work only if A’s set of experienced items is substantial enough, 

since computations based on a small number of experiences is not reliable. To overcome this 

hitch we extend the formulae to scale down the trust and distrust degrees if the set of items 

liked or disliked by the user is smaller than a predetermined set size denoted by δ. Hence the 

formulae in Eq. (6.5) extends to  
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(6.6) 

    

It is to be noted that the lack of enough experienced items results in reduced trust and distrust 

degrees but in turn results in more uncertainty or ignorance which is as is expected. The referral 

trust and distrust can be computed in a similar fashion since here the ratings are for users 

instead of items. We assume a system where the trust elicitation is binary i.e. users express 

other users as trustworthy or distrustworthy but do not specify the amount of trust or distrust. 

We thus arrive at the formulae for computing trust distrust through referrals, (TR,DR) by 

following the same argument as for trust and distrust through preferences, (TP,DP) as ; 
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(6.7) 

 

where Lu(A) is the set of users that A deems trustworthy, DLu(A) is the set of distrustworthy 

users for A and   is the predetermined set size to ensure the minimum experience needed by 

the user in expressing his like or dislike of other users. 

 Once the trust and distrust worthiness of B is evaluated by A along the three dimensions 

namely direct, preference based and referral, the final trust and distrust between the entities can 

be computed as given in formula in Eq. 6.3 and the recommendation technique utilizing the 

network so obtained shall henceforth be referred to as Extended Trust Network(ETN). The ETN 

so constructed can then be analyzed to connect more users by exploiting the general user 

tendency to place some amount of trust on the friend of a friend. The method employed to infer 

such indirect trust and distrust is detailed in the next subsection. 

6.5.3 INDIRECT TRUST DERIVATION 

Several techniques to deduce the trust relationship between unconnected users in a trust 

network have been analyzed and evaluated in literature and Section 2 provides a review some 

of the popular approaches. When a user , say A, does not have a direct trust connection with 

another user, say B, but wishes to assess his trustworthiness he usually seeks out a connection 

to B through his trusted neighbors. The trust evaluation along a path in a trust network from 

one user to the other is done through trust concatenation or propagation. When several paths to 

the target user exists via various trusted neighbors of A, then the resultant indirect trust from 

various sources need to be combined and this is termed trust fusion or aggregation. Evaluation 

of distant entities in a trust network is usually done by enumerating the paths between the two 

users, say A and B, and applying concatenation and fusion to arrive at indirect trust scores.  

 There has been a wealth of research which has gone into effective fusion of beliefs and 

has been utilized to reason about the trust or distrust worthiness of individuals. Dempster’s rule 

is one of the very well researched rules for belief fusion and has been adopted by [Yu & Singh 

2002] for trust evaluation of objects from a user’s point of view. The inability of DS theory in 
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handling completely conflicting evidence and the counter-intuitive results produced under high 

conflict has been documented and has given rise to several extensions. Ref [Wang & Sun 2009] 

propose to reason with trust and distrust using an extension to DS theory which is called the 

Dezert-Smarandache theory (DSmT) and which relaxes the exclusivity condition of the events in 

the frame of discernment. Thus conflicting situations are handled by allowing a belief mass to 

be assigned to the set {T∩~T} where the frame of discernment is Ɵ={T,~T}. Gutshcer, 2009  also 

extends tri component trust representation using DS theory and augment it with a new 

parameter ‘conflict’ and develop the calculus and operators to combine beliefs under this new 

representation. Though Gutscher, 2009, and Wang & Sun, 2009, are able to handle conflict in 

opinions while combining beliefs they suffer from a drawback as illustrated by the following 

example.  

 

       

Fig. 6.1            (a) Portion of trust network connecting users A and B.  

  (b) A’s opinions about B inferred from C,D,E 

 

 

Example 6.1    Suppose a user A seeks opinions from its trusted set of users about another user 

B with whom A has no interactions. As shown in Fig.6. 1(a), the trusted neighborhood of A 

consists of three users C, D, and E. Here C and D trust B whereas E distrusts B. Combining the 

opinions from C, D, and E using Dempster’s rule would not be possible, whereas Gutscher, 2009 

and Wang & Sun, 2009, would conclude total conflict with trust, distrust and ignorance 

computed as 0, as they ignore the quantity of opinions expressed for and against trusting a user 

when inferring trust on a distant entity.  In fact any number of positive opinions about a distant 

user can lead to a total conflict by the introduction of just one distrust statement. Intuitively 

though there does exist a conflict in the opinions, the balance is slightly tilted towards trusting B 

albeit with a degree of distrust as well. Fig 6.1 (b) shows the opinions gathered by A about B 
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through his trusted neighbors C, D and E. The edges are shown in gray since these are indirect 

views. A simple average of the trust statements (average of the individual components) would 

lead to a more intuitive result i.e. T(A,B) = (0.66,0.33) . There is some conflict when the results 

are aggregated which is indicated by the amount of trust and distrust degrees being non zero, 

but the trust degree is higher since more people have expressed B as trustworthy. We argue that 

when deducing trust relationship based on evidential information the degrees of trust and 

distrust are themselves good indicators of the conflict. The closer these quantities are to each 

other the higher is the conflict in opinions. Thus we prefer aggregation operators having the 

desirable property of factoring in the quality as well as quantity of trust vs. distrust opinions 

and choose to apply the cumulative fusion operator as proposed in [Josang et al. 2010]. 

 

Definition 6.1: Cumulative Fusion Rule (Josang et al. 2010): Let mA and mB be two bba s 

respectively by agents A and B over the same frame of discernment Ɵ. Let the power set of Ɵ be 

X = { xi: i = 1 .. n}. Then the cumulatively fused belief mAoB is defined as; 
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 (6.8) 

 

This fusion process incorporates ignorance in weighing the two opinions. The higher the 

ignorance the lesser the influence of the corresponding trust or distrust value in the final trust 

or distrust value. The cumulative fusion operator is non idempotent, and this non-idempotence 

can be leveraged to strengthen beliefs while combining it with similar beliefs, as illustrated with 
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an example in [Josang et al. 2010]. The choice of cumulative fusion operator for trust 

aggregation, is based on its ability to 

i) Take into consideration the number of opinions supporting or opposing the trust in an 

entity. 

ii) Leverage its non-idempotence to strengthen beliefs which are close to each other and 

decrease the ignorance as the number of inputs increase 

 

 

 

 

 

Fig 6.2     Trust concatenation: Opposite belief Favoring  

 

For trust propagation we use “Opposite Belief favoring” [Josang et al., 2006] where A’s disbelief 

in another user B means that A thinks that B consistently errs in his judgments.  Hence 

computation of trust values from A to C where A is connected to C via its trusted neighbor B 

(Fig. 2) , is as computed as 

 

 )2121,2121(),( tddtddttCAt       (6.9) 

The above discussed trust propagation operators applied to the proposed ETN as discussed in 

the previous sub section aids in establishing previously unknown relationships among users 

and this in turn helps in improving collaboration among users. This technique would 

henceforth be referred to as Trust Propagation in Extended Trust Network (TP-ETN). 

 

6.6 TRUST NETWORK PRUNING 

The explicitly specified trust relation between a pair of users, in general, does not consist of both 

a degree of trust and distrust. Rather users generally specify another as trustworthy or non 

trustworthy albeit with degrees of trust or distrust worthiness (e.g.: Apprentice, Journeyer, and 

Master, advogato.org/trust-metric.html). However, when considering indirect evidence to 

determine trust relation between a pair of users or when combining opinions about the same 

(t1x t2+d1x d2 , t1xd2+t2xd1) 

(t2,d2) (t1,d1) 
A B C 
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user from different sources, we may obtain evidence both supporting and opposing the trust 

and distrust worthiness of a user in varying degrees.  Given the trust relationship between two 

users X and Y, T(X,Y) =(t,d), the decision about whether Y is trustworthy or distrustworthy is 

determined by comparing the evidence for and against trusting him.  If  t > d then Y is 

considered trustworthy and if t < d then he is considered distrustworthy. An evaluation of the 

trustworthiness of a user with t and d equal renders such an evaluation useless, since the user 

cannot be concluded to be trust or distrust worthy. Thus given any T(X,Y) = (t,d),  if t > d then 

the hypothesis ‘X trusts Y’ holds true with degree of support t and degree of refutation d. 

Similarly when t < d then the hypothesis ‘X distrusts Y’ holds with degree of support d and 

degree of refutation t. The degree of trust or distrust worthiness is generally obtained as the 

difference in the degree of trust and distrust ( | t – d | ) [Guha et al. 2004].  

6.6.1  RISK EVALUATION STRATEGIES 

The computation of trust and distrust degree, as described above, may have an associated risk 

involved. For example a trust relationship between X and Y with T(X,Y)=(0.2,0.1) allows us to 

conclude that Y is trustworthy and degree of trust is 0.1. However, this trust assessment may 

not be very dependable since the ignorance is high and hence such an assessment is based on 

very little knowledge thus rendering it risky. The risk arises since with more evidence coming 

in it is possible that the situation changes drastically, say increasing the distrust degree more 

than the trust, and hence making the previous judgment erroneous by deeming a 

distrustworthy party to be trustworthy. 

 

Consider another situation with two trust assessments T1 and T2 such that T1(X,Y)=(0.5,0.3) 

and T2(X,Y) = (0.2,0). Though both conclude that Y is trustworthy and the trust degree is 0.2, 

there can be different arguments with regards to the dependability of T1 and T2. 

Argument 1: T1 is less risk prone since it is based on less ignorance and hence on more trust, 

distrust provenance information. 

Argument 2: T2 is more dependable since there is no reason to distrust Y and thus no refuting 

evidence.  
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As the above examples illustrate there may be an inherent risk in concluding about the trust or 

distrust worthiness of users when both trust and distrust measures are present. Quantifying the 

risk involved in judgment of trust and distrust may aid in choosing more dependable trust 

relationships for assessing the trustworthiness as well for trust propagation. Evaluation of 

trustworthiness based on dependability is expected to result in better quality trusted 

neighborhood thus effectively bettering the recommendation quality. As seen in both the 

examples above ignorance is one of the deterrents to dependable trust assessment. A trust 

assessment is risky if there is a high chance of an erroneous judgment as to the trustworthiness 

of the person, i.e. a trustworthy person is adjudged distrustworthy or vice versa. The less the 

risk associated with a trust statement the more dependable it is. Moreover, trust statements 

which are supported and refuted almost equally are also more prone to risk due to the high 

conflict. In Example 2 above though T1 is based on more evidence and reflects a higher degree 

of trust in Y, the distrust is also high, thus making the opinion about Y highly conflicting, and 

this may be one reason to reconsider the dependability of T1. Based on this discussion we can 

define degree of conflict about a trust opinion T = (t,d) as; 

 
dt

dt
TConflict






||
1)(

 
(6.10) 

It is evident from this definition of conflict that the stronger the degree of support relative to the 

refutation degree the less is the conflict. For the same difference in the support and refutation 

degrees, the conflict increases with increase in evidence for trusting or distrusting the entity as 

is clear from the denominator. For example, considering two trust opinions T1=(0.5,0.4) and 

T2=(0.3,0.2) though both lead to the conclusion about trustworthiness of the party with the 

same degree(0.1) for T1 we are more confident of the conflict because it based on more proof  

and hence T1 has a higher conflict than T2. 

 In the above discussion we identified two possible deterrents to dependable trust 

statements namely, ignorance(Policy 1) and conflict(Policy 2). The degree of refutation (Policy 3) 

might itself be viewed an indicator for unreliable trust judgments instead of conflict, since a 

higher refutation degree means more evidence opposing the popular belief about a user. 

Whereas conflict measures the difference between support and refutation, Policy 3 considers an 

opinion about the trustworthiness risky if the refutation is high irrespective of how high or low 
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the support is. If a party is supposed to be trustworthy (t > d) then a higher distrust implies 

more risk. This differs from Policy 1 where for two trust opinions T1=(0.7,0.3) and T2=(0.2,0.1), 

T2 would be regarded as more risky since the degree of conflict is higher , whereas with Policy 

3, T1 is the one which is less dependable, due to the higher degree of refutation irrespective of 

how high the support is. To formulate a rule for computing risk we investigate the effectiveness 

of various risk computation policies which may factor in the above three measures, in terms of 

providing dependable trust assessment and quality recommendations. We outline a few risk 

assessment policies below for trust statement T=(t,d). 
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 (6.11) 

 

The risk assessment policy 4 and 5 both consider a combination of ignorance with conflict and 

degree of refutation respectively by taking a simple average of the quantities. 

6.6.2   APPLYING RISK POLICY FOR RELIABLE TRUST ASSESSMENT 

The risk policies discussed above try to quantify the amount of risk involved in depending on 

various trust statements as a function of ignorance, conflict and refutation degree. However, 

which policy works best may depend on the dataset and the context. Whichever policy is 

chosen to quantify the dependability of trust statements, the risk quantity can be utilized in the 

following two different ways: 

 

i) When trying to judge the trustworthiness of a stranger, trust propagation is used to 

arrive at an opinion about the unknown person. While propagating trust, the stranger 
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could be reached via several trust paths. In such a case trust paths with lower risk can be 

chosen to get reliable indirect trust evaluation. 

ii) Prune the trust network to remove highly unreliable, risky statements so that all 

recommendations would be based on quality links. 

 

We follow schemes ii) and utilize the risk assessment to remove risky edges. Scheme i) would 

prove to computationally more expensive since while computing trust between two users who 

are not directly connected, it would require all paths between the users to be enumerated and 

sorted to determine the “paths of low risk”. The “high-risk” edges considered for elimination 

can either be chosen against a threshold i.e. edges with risk below a threshold or we could 

choose the top K% of the “high risk” edges. 

However, the main limitation of the proposed approach is that inferring trust and 

distrust via trust propagation operates on the entire trust network. This means that it is 

necessary to compute the trust and distrust values for the full relationship graph of the users in 

the population in order to be able to compute indirect trust and distrust between distant users. 

However, for data which is relatively static, such a trust network can be computed in an offline 

process and can be utilized to infer trust and distrust between users online. For dynamically 

changing ratings set, for estimating the trust and distrust degrees between a pair of distant 

users, say (A,B), a more appropriate technique would be to compute the quantities on the fly. 

Starting from A, evaluate each of its potential neighbors (those sharing common experiences 

with the user with respect to rating items or users OR with whom A has a direct trust link) for 

the degree of trust and distrust that A has on them. From among the neighbors, eliminate the 

top K% of risky links and utilize the rest to further propagate the trust and so on.Below we 

present the main steps of the proposed trust based recommendation framework.  

 

Step 1    Construct the initial trust network 

For all user pairs       in the system determine the trust relationship from   to   using 

equations Eq. (4). Note that Tuv can be different from Tvu  since the definition is such that the 

computed trust is asymmetric. 

 

Step 2      Prune the trust graph 
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Depending on the dataset and the context any of the risk policies defined might be the most 

effective. Assuming such a policy is decided upon, compute the risk in each trust assessment 

using the chosen policy. Once all trust statements are evaluated for their risk proness, the top 

    percent of the trust relationships are pruned from the trust graph. 

 

Step 3    Derive the trust relationship between users whose trust relationship cannot be 

explicitly inferred 

For all user pair       such that   and   are not linked in the trust network, deduce the trust 

relationship using the trust fusion and propagation operators as defined by formulae. (6.8) and 

(6.9), if such a relationship is inferable i.e. if there exists at least one trust path from   to  . The 

old explicitly expressed trust relationships along with the newly deduced trust links can be 

expressed as trust and distrust matrices T and D  which are n×n matrices such that Txy and Dxy 

express the trust and distrust degree that user   has for user  .  

 

Step 4      Obtain predicted ratings  

The final trust based similarity estimates between different users is computed as sim = T – D, 

where T and D are the trust and distrust matrices constructed in Step 3. The predicted rating for 

an item k for active user i is based on Resnick’s prediction formula [Resnick et al, 1994]. 

6.7 EXPERIMENTAL EVALUATION 

In this section we demonstrate the effectiveness of our trust computation techniques, for 

reaching out to a representative set of users that closely match the active user in his tastes and 

preferences. We establish the improvement in the recommendation quality through the 

proposed approach over those provided by the existing trust derivation mechanisms. Since our 

techniques utilize the preference as well as the trust and distrust information we derive our data 

from the Extended Epinions dataset (http://www.trustlet.org/) collected by Paolo Massa.  

6.7.1  EXPERIMENTAL SETUP 

Epinions is a popular e-commerce website which allows users to read and write reviews on 

various products and services and also allows such reviewers to be rated by the other users. 
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The article ratings scale is from 1-5. The dataset consists of 1560144 articles which are rated by 

132000 users who issued 13668319 article ratings. In addition, users can express their like or 

dislike of a reviewer by labeling him trust or distrust worthy and have issued 841372 statements 

out of which 71766 are trust and 123705 are distrust statements. The ratings data however, is 

skewed as most ratings in the dataset are 4 and 5. Fig. 6.3 shows the distribution of ratings in 

the dataset. As is evident more than three quarters of the ratings have a value of 5 whereas only 

0.02% of the ratings are a 1.   

 For such a skewed dataset a simple algorithm which predicts the item average every 

time might outperform the traditional collaborative filtering techniques [Massa & Avesani, 

 

Fig 6.3       Distribution of ratings in the original ratings data 
 

Table 6.1       Original ratings      
                          distribution 

Rating 
value 

Number of 
occurrences 

% of 
occurrences 

1 2347 0.02 

2 317561 2.32 

3 766664 5.61 

4 2063927 15.10 

5 10517821 76.95 
 

Table 6.2        Modified Ratings  
                              distribution 

Rating 
value 

Number of 
occurrences 

% of 
occurrences 

1 2347 0.06 

2 317561 8.71 

3 766664 21.04 

4 1022218 28.06 

5 1533428 42.10 
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2007]. Hence, we randomly remove some of the majority ratings from the dataset to make it 

more balanced though retaining the bias towards rating values 4 and 5. The final distribution of 

rating values of the modified ratings dataset is as per the Table 6.2. From this modified dataset 

we select 1000 users who have rated at least 10 movies and whose average rating is below 4. The 

experiments were performed by splitting the user set into training users and active users. A 

portion of the active user’s rating space is hidden and the system is asked to predict the ratings 

based on the voting data from the training users. The fraction of the active user’s ratings to be 

predicted shall be varied to evaluate the system’s performance across different configurations.  

 

 

 

  

Fig 6.4      Ratings sparsity-Low 

                  Trust Sparsity – Low 

Fig 6.5      Ratings sparsity-High 

                  Trust Sparsity – Low 

  

Fig 6.6      Ratings sparsity-Low 

                  Trust Sparsity – High 

Fig 6.7      Ratings sparsity-High 

                  Trust Sparsity – High 
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 To evaluate the prediction quality of the proposed system in comparison to the other 

prediction algorithms, we employ Mean Absolute Error (MAE) and Coverage. For all 

experiments δ and ρ are set to 20. The number of neighbors considered in the k-nearest 

neighbor approach is set to 30. All experiments are performed by splitting the ratings data into 

training and active users, where a fraction of the active user’s ratings, randomly chosen, are 

retained as training data and the rest are used for evaluating the various algorithms. Each 

experiment is run 10 times to rule out any run specific bias. 

6.7.2 OPTIMAL PARAMETER ESTIMATION 

The trust network construction as proposed in our work incorporates the explicit trust 

statements, item preference data and the referral trust components and is modeled as a linear 

combination of trust derived from these three sources as shown in Eq. 4.  

 The parameters α, β and γ represent the influence of the trust through preference, 

referral trust and direct trust on the final trust and distrust values. In this experiment we plan to 

investigate the recommendation performance obtained while varying these parameters under 

varied data conditions and to find the optimum parameter values which minimize the 

prediction errors. To do so we vary the values of α, β and γ in increments of 0.2, to get 21 

combinations, as shown in Table 6.3. Note that combinations with a parameter 0(e.g. Config. 1) 

implies the corresponding component does not have any influence in the trust and distrust 

computation. Since the sparsity in the ratings and trust data can influence the recommendation 

quality, we investigate on the best parameter combination by varying the sparsity in ratings and 

trust data.  

 We evaluate the merit of the various combinations under different configurations by 

varying the sparsity in trust data (low, high) and ratings data (low, high). Here the sparsity is 

low when the entire ratings or trust data is utilized for predictions and sparsity is high when 

only 30% of the ratings or trust data is retained and rest are not considered in the 

recommendation process. Hence we have four configurations –  

(i) Conf1( Trust sparsity – low , Ratings sparsity - Low) 

(ii) Conf2( Trust sparsity – high, Ratings sparsity – Low) 

(iii)  Conf3( Trust sparsity – low, Ratings sparsity- high) 

(iv)  Conf4( Trust sparsity – high, Ratings sparsity- high) 
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In each configuration 50% of the users are active while the other 50% are used for training and 

for each active user half of his ratings are hidden and need to be predicted. The graphs of the 

resultant MAE for each of the combinations for the four configurations are plotted in Fig. 6.4-

6.7.As expected different parameter combinations gave the best results under each of the 

configurations. The MAE and coverage measures obtained under each of these configurations 

are averaged to arrive at the combination which performs the best in terms of least MAE and 

most coverage. 

 Table 6.3. lists the average MAE and coverage for 21 combinations with varying α, β and 

γ values. We note that  (α, β, γ)=(0.2,0.6,0.2) results in the minimum MAE while being high on 

Table 6.3                Combinations – different values of     and   and the  

                                   corresponding average MAE and coverage offered 

 

 

Combi # 

Parameter values Performance measure values 

      Average MAE 
Average 

Coverage (%) 

C1 0 0 1 1.092 31.10 

C2 0 0.2 0.8 1.098 58.88 

C3 0 0.4 0.6 1.093 58.88 

C4 0 0.6 0.4 1.088 58.88 

C5 0 0.8 0.2 1.083 58.88 

C6 0 1 0 1.089 58.58 

C7 0.2 0 0.8 1.116 32.38 

C8 0.2 0.2 0.6 1.090 59.68 

C9 0.2 0.4 0.4 1.083 59.68 

C10 0.2 0.6 0.2 1.077 59.68 

C11 0.2 0.8 0 1.088 59.38 

C12 0.4 0 0.6 1.101 33.98 

C13 0.4 0.2 0.4 1.089 59.68 

C14 0.4 0.4 0.2 1.080 59.68 

C15 0.4 0.6 0 1.086 59.68 

C16 0.6 0 0.4 1.098 34.04 

C17 0.6 0.2 0.2 1.087 59.68 

C18 0.6 0.4 0 1.087 59.68 

C19 0.8 0 0.2 1.099 34.04 

C20 0.8 0.2 0 1.090 59.58 

C21 1 0 0 1.123 20.91 
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coverage as well. Hence, we choose this parameter setting for the rest of the experiments. It is to 

be noted that in the domain of recommender systems a small improvement in the predictive 

error can lead to significant improvement when ordering items by their predicted preferences 

[Koren, 2008]. A few observations can be made based on Table 3.  

 

 Setting α and γ to 0 does not seem to impact the coverage too much (though the MAE is 

affected), i.e. as long as β ≠ 0, the coverage remains high. The reason for this is that the 

referral trust and distrust computation mechanism (which is weighed by β), is able to 

deduce many more links than the other two components. This is so, since the rating data is 

sparser than the trust data in the dataset, Moreover, a portion of the ratings is not utilized 

for training since they are treated as unknown ratings thus further reducing the number of 

ratings available to compute (TP,DP). Comparing the number of direct and referral trust-

distrust links, we note that a single direct trust link can result in several referral (trust, 

distrust) links based on common users rated and thus the referral trust and distrust links are 

more than the direct ones 

 

 Setting the weight of links through trust, β and γ, to 0 causes the worst performance both in 

terms of MAE and coverage. This is again because in most scenarios the trust through 

preference (weighted by α) results in least number of links. 

6.7.3 COMPARISON OF LOCAL TECHNIQUES 

In this experiment we demonstrate the improvement in recommendations based on the ETN 

over predictions utilizing either trust and distrust scores or ratings. To compare the 

effectiveness of the proposed extension to the trust network, we compare it with surprisal-based 

vector similarity with significance weighting (SVSS) [Luo et al. 2008], the CF technique 

estimating the proximity in user tastes by employing their voting patterns. We also compare 

ETN with predictions obtained by using the explicitly specified trust relationships as a 

similarity estimate. We henceforth term this method “Trust as Similarity”(TAS).  The 

parameters α, β and γ  for ETN are set to the values 0.2, 0.6 and 0.2, as determined in the 

previous experiment. As in the previous experiment half the users are active users while the 

other half are used for training . For SVSS the parameter   was set to 20, as suggested by the 
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authors. To analyze the comparative performance of the algorithms we show the resultant 

prediction error for varying levels of sparsity in ratings and trust scores. The sparsity levels in 

the ratings data is varied by retaining different portions of active user ratings set for 

neighborhood formation and predicting the rest. Hence, we retain 10%, 20% to 90% of the 

ratings as scores already available to the system and the corresponding configurations are 

termed R10, R20 to R90 respectively. Similarly we vary sparsity in trust data by retaining 10%, 

20% to 100% of the trust statements and discarding the other trust and distrust links to obtain 

configurations T10, T20 to T100.  

 The accuracy and coverage obtained by varying the sparsity in voting’s data is shown in 

Fig 6.8 and 6.9 respectively. The accuracy results demonstrate the improvement using the 

proposed ETN method over the other two with varying sparsity levels. The performance of 

SVSS and TAS relative to each other however, shows variation over the various configurations 

and there is no clear winner in terms of accuracy. It is to be noted that since TAS relies only on 

trust data for similarity estimation its accuracy performance should not vary with change in 

ratings data, but Fig. 8 shows a decline in MAE with increase in rating density. 

 However, this behavior can be attributed to the fact that we use the prediction formula 

as proposed by Resnick [Resnick et al, 1994] which utilizes user ratings average data in the 

prediction process and hence a larger set of training ratings data would imply better estimation 

of user’s average ratings. Fig.6.9 displays the coverage achieved by each of the techniques. The 

ability of ETN in connecting more user pairs is amply demonstrated by the coverage as shown 

in Fig. 6.9. ETN outperforms both TAS and SVSS in terms of coverage. We also note the decline 

in coverage of SVSS and ETN with increasing sparsity but as expected the coverage for TAS 

does not show any declining trend with variation in ratings sparsity.  

 The results of running the experiment while varying the sparsity in the trust data are 

displayed in Fig. 6.10 and 6.11. ETN offers better prediction quality than both TAS and SVSS 

under most configurations. However, for T10 and T20 scenarios SVSS performs better. The lack 

of enough trust information in these two configurations would affect the explicit trust and 

referral trust components of the tri-component ETN and hence offers lower recommendation 

quality. The coverage of ETN is consistently superior to that of TAS and SVSS. The coverage 

percentage of ETN and TAS increases with decrease in sparsity but the coverage of SVSS 

remains steady. 
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Fig 6.8         Comparing MAE of SVSS, TAS and ETN under various ratings sparsity settings 

 

 
Fig 6.9           Comparing Coverage of SVSS, TAS and ETN under various ratings sparsity 

settings 
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Fig 6.10      Comparison of MAE for SVSS, TAS and ETN under various trust sparsity scenarios 

 

 

Fig 6.11     Comparison of Coverage for SVSS, TAS and ETN under various trust sparsity 
scenarios 
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 6.7.3 COMPARISON OF GLOBAL TECHNIQUES 

In the previous experiment we analyzed the performance of techniques exploiting local user 

interrelationships in order to perform recommendations. The term “local” as utilized by [Luo at 

al. 2008] refers to techniques utilizing the immediately available voting patterns, trust elicitation 

etc to infer trustworthiness or like-mindedness between pairs of users.  

 Global estimates of similarity [Luo et al. 2008] or trustworthiness on the other hand 

exploit the transitivity of trust and similarity to expand the user base participating in the 

recommendation process thus improving the quality and coverage of prediction. In the current 

experiment we extend methods analyzed before by supplementing local user similarity 

computations with estimation of closeness exploiting the transitivity of similarity or trust and 

compare the performance of these global similarity estimation techniques.To demonstrate the 

improved performance achieved by TP-ETN we compare it with the local-global similarity 

estimation technique(LS&GS) as proposed by [Luo et al., 2008] and with MoleTrust [Massa & 

Avesani, 2007] as well as to recommendations obtained without trust propagation i.e. ETN. The 

experimental setup is similar to the one in Section 6.7.3. For LS&GS, the parameter   is set to 0.5 

as suggested by the authors. 

The propagation horizon for MoleTrust and the TP-ETN is set to 2. 

The resultant MAE and Coverage while varying sparsity in ratings and trust data is as 

shown in Fig. 6.12-6.15. As is evident from the figures TP-ETN is able to achieve much higher 

accuracy while also maintaining a high coverage in most situations. Again it is evident that 

MAE for LS&GS shows no increasing or decreasing trend when the sparsity in trust is varied as 

LS&GS totally depends on ratings alone for similarity estimation. Under very sparse ratings 

data scenario(R10), we note that both MoleTrust and LS&GS outperform TP-ETN, but their 

corresponding coverage is much lower. For highly dense data situations (R90), however, LS&GS 

is able to achieve higher coverage. Similarly while varying the sparsity in trust data even 

though TP-ETN offers best accuracy consistently its coverage for the sparse trust data is lower 

than that of LS&GS (T10, T20). 
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Fig 6.12        Comparing MAE of LS&GS, TP-ETN, ETN MoleTrust and under various 

ratings sparsity settings 
 

 
Fig 6.13           Comparing Coverage of LS&GS, TP-ETN, ETN MoleTrust and under 

various ratings sparsity settings 
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Fig 6.14     Comparing MAE of LS&GS, TP-ETN, ETN MoleTrust and under various 

trust sparsity settings 
 

 

 
Fig 6.15      Comparing Coverage of LS&GS, TP-ETN, ETN MoleTrust and under 

various trust sparsity settings 
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6.7.5 EFFECTIVENESS OF RISK EVALUATION STRATEGIES 

The capability of the risk assessment schemes (Risk1-5) to eliminate low quality or weak 

connections between users is analyzed in this experiment. The accuracy improvement they offer 

is weighed against their loss of coverage as opposed to propagation in a trust network without 

pruning. Hence the techniques Risk1-5 are compared against TP-ETN.  For each of the 

algorithms using Risk1-5 the top 30% of the high risk trust links are removed from the trust 

network, i.e. K is set to 30. Again, we compare the algorithms by varying the sparsity in the 

trust and ratings data and the experimental setting is similar to that of Section 6.7.4. The 

accuracy and coverage obtained by varying the rating sparseness is displayed in Table 6.4 

whereas Table 6.5 shows the results achieved while varying the trust sparsity.  

 Note that the least MAE is highlighted and similarly the highest coverage among the 

trust network pruning techniques is highlighted. TP-ETN always achieves the highest coverage 

since it always works on a denser trust network than the other schemes. The main idea here is 

to identify technique improving the accuracy while maintaining a comparable coverage. 

 A look at table 6.4 shows under higher sparsity levels (R10-R60) Risk1 almost always 

achieves a better accuracy than TP-ETN, and the least MAE among all techniques, except for 

(R10 and R40). Thus conflict is a good estimate of the reliability of trust statements when the 

ratings are sparse. Over denser ratings data settings (R80, R90) Risk5 is able to achieve higher 

accuracy. Among all pruning methods Risk1 almost always achieves the highest coverage. 

Under various sparsity conditions Risk1 seems to perform the best since it outperforms TP-ETN 

under most cases and also gives the highest coverage.  

 However, a look at the overall performance under different sparsity conditions, 

obtained by averaging the MAE and Coverage scores over all cases(R10-R90) (Table 6.5) reveals 

that Risk4 achieves the best accuracy overall. It achieves the highest improvement in accuracy 

over TP-ETN but suffers from a drop in coverage compared to Risk1.  

 On observing Table 6.6, which shows comparison of the methods under varying trust 

sparseness again we note that the risk pruning techniques are effective in outperforming TP-

ETN.  Risk2 is able to give the best MAE under maximum number of cases, however, 

there is no clear trend indicating the pruning method to be adopted under various trust 

sparsity scenarios. The overall performance scores (Table 6.7) over all trust sparsity 

environments, again show the best accuracy obtained by Risk4 strategy. 
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Table 6.4        Comparison of MAE and Coverage of Risk1-5 and TP-ETN while varying ratings 

sparsity 

Rating Configurations Risk1 Risk2 Risk3 Risk4 Risk5 TP-ETN 

R10 
MAE 1.297 1.232 1.297 1.218 1.237 1.328 

Coverage 65.92 61.32 67.74 62.10 61.64 68.90 

R20 
MAE 1.119 1.157 1.120 1.150 1.152 1.124 

Coverage 67.75 63.97 65.32 63.60 63.36 69.60 

R30 
MAE 1.109 1.144 1.110 1.130 1.141 1.118 

Coverage 69.98 65.46 69.83 65.35 65.55 73.05 

R40 
MAE 1.074 1.077 1.075 1.070 1.083 1.085 

Coverage 70.54 66.00 69.87 65.34 65.53 73.35 

R50 
MAE 1.060 1.075 1.070 1.063 1.079 1.062 

Coverage 75.12 69.53 73.24 67.17 68.66 77.16 

R60 
MAE 1.046 1.074 1.046 1.080 1.073 1.049 

Coverage 77.41 73.10 76.53 73.77 72.76 79.45 

R70 
MAE 1.029 1.045 1.029 1.013 1.032 1.016 

Coverage 78.01 74.55 77.83 74.06 73.68 79.55 

R80 
MAE 1.014 1.011 1.014 1.011 1.008 1.038 

Coverage 78.97 76.01 75.44 74.88 75.71 79.84 

R90 
MAE 0.996 1.009 0.9917 0.999 0.983 0.997 

Coverage 74.92 72.02 73.17 71.27 71.79 76.38 

Table 6.5       Overall MAE and Coverage Comparison of Risk1-5 and TP-ETN under 

varying levels of sparsity in ratings data 

 Risk1 Risk2 Risk3 Risk4 Risk5 TP-ETN 

MAE 1.084 1.092 1.083 1.082 1.088 1.091 

Coverage 73.18 69.11 72.11 68.61 68.74 75.25 
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Table 6.6         Comparison of MAE and Coverage of Risk1-5 and TP-ETN while varying 

trust sparsity 

Trust Configurations Risk1 Risk2 Risk3 Risk4 Risk5 TP-ETN 

T10 
MAE 1.117 1.102 1.118 1.112 1.111 1.103 

Coverage 39.33 31.95 37.32 29.37 30.62 52.65 

T20 
MAE 1.092 1.100 1.101 1.049 1.096 1.089 

Coverage 54.41 46.71 50.32 45.64 47.50 67.63 

T30 
MAE 1.081 1.032 1.087 1.034 1.037 1.081 

Coverage 69.68 61.67 69.5 59.28 60.09 74.87 

T40 
MAE 1.100 1.068 1.104 1.074 1.076 1.080 

Coverage 74.92 67.55 74.12 67.17 67.94 76.62 

T50 
MAE 1.077 1.085 1.079 1.072 1.087 1.078 

Coverage 75.05 72.02 73.90 71.37 71.70 77.10 

 T60 
MAE 1.037 1.059 1.040 1.061 1.057 1.053 

Coverage 76.99 73.90 74.90 73.10 73.94 79.01 

T70 
MAE 1.039 1.048 1.044 1.041 1.057 1.047 

Coverage 77.36 74.25 75.3 74.53 74.45 78.69 

T80 
MAE 1.042 1.036 1.042 1.033 1.032 1.043 

Coverage 77.50 75.81 76.90 75.79 75.77 78.28 

T90 
MAE 1.073 1.023 1.065 1.052 1.030 1.049 

Coverage 77.45 75.67 77.14 76.45 76.26 78.68 

T100 
MAE 1.051 1.002 1.052 1.002 1.006 1.041 

Coverage 78.35 77.26 77.62 77.77 77.66 79.37 

 

Table 6.7            Overall MAE and Coverage Comparison of Risk1-5 and TP-ETN under 

varying levels of sparsity in trust 

 Risk1 Risk2 Risk3 Risk4 Risk5 TP-ETN 

MAE 1.071 1.055 1.073 1.053 1.059 1.066 

Coverage 70.110 65.68 68.71 65.05 65.59 74.29 
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The number of ratings predicted is the maximum for Risk1 as is indicated by its 

coverage and though it outperforms TP-ETN in some cases, the overall accuracy it 

offers, is worse than that of TP-ETN as shown in Table 6.7. It is to be noted that the 

sparseness in ratings data does not result in as much decrease in coverage as sparseness 

in trust data does.  

 This may be due to the fact that trust data is used in two ways to assess the initial 

trust and distrust i.e. functional and referral trust components and also because there 

are more trust links than ratings in the dataset. The overall performance of the strategies 

shown in Table 6.5 and 6.7 highlight the best general performance of Risk4 strategy 

which is a combination of ignorance and conflict. 
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GRAPH BASED GLOBAL SIMILARITY 

MEASURES FOR QUALITY RECOMMENDATIONS  
   

In the previous two chapters we explored schemes to enhance user connectivity through 

integrating preference and trust/distrust information. In the absence of extra information which 

may assist in enriching user neighborhood transitive relations may be harnessed for this 

purpose. We propose a solution to the sparsity problem by exploring similarity measures that 

capture the global patterns of commonality between users or items by leveraging on indirect 

ways of connecting users (items) through a user (item) graph. Entities (users or items) have an 

edge connecting them when they share a common set of features where the edge might be 

weighed according to their proximity or distance. Graph based techniques, for estimating 

transitive similarity or computing distance between entities not directly connected, are 

exploited to bring the entities closer thus facilitating collaboration. Furthermore, we also 

propose a combined user-item graph approach for exploiting the similarity between users 

preferring similar items (and vice versa). In this work we have suggested alternatives to already 

existing global similarity assessment schemes and we aim to investigate the appropriateness of 

the proposed techniques under differing data features. 

7.1 GRAPH APPROACHES TO CF 

Application of graph based algorithms for quality recommendations have been numerous. 

Reddy et al, 2002, attempt to address the acalability issue in RS by abstracting a neighborhood 

set for a user by extracting a Dense Bipartite Graph(DBG). Given a data set of customer 

preferences, a group of neighborhood customers for a given customer is extracted by extracting 

corresponding DBG. This method has the advantage of of adopting to frequent changes in the 

product preference data set. Link prediction approaches borrowed from network modeling 

literature to compute associations between users and items are shown to improve on standard 

Chapter 

7 
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CF techniques while ranking items according to user preferences [Huang et al, 2005].  [Desarkar 

et al, 2010, propose representing user ratings as a preference graph of items since they argue 

that preference order of items is more informative than the actual ratings. An iterative method 

is employed to learn similarity weights which in turn are used to create an aggregate preference 

graph for the active user. Ratings are inferred to maximally agree with this aggregate graph. 

Other techniques employing random walk techniques on graphs [Fouss et al., 2007; Yıldırım & 

Krishnamoorthy, 2008] to infer item and user similarity has been discussed in Chapter 2.  

7.2 GRAPH BASED SIMILARITY MEASURES 

A novel technique of utilizing indirectly connected users in the absence of a sufficiently large 

user neighborhood was proposed by Luo et al., 2008, who proposed to determine the degree of 

connection between users through maximin distance.  Let , be the set of 

users and  be the set of items. Let  be the 

set of ratings. Let ),( yxsimU  and ),( wvsim I represent the similarity between users x and y and 

items v and w through a local similarity computation scheme for users and items respectively. A 

user graph is GU = (U,E) where  and every edge 

,),( Euu ji  is associated with a weight ),( ji

U

ij uusimw  . The maximin distance between a 

user pair ),( qp uu is defined as 

k
pqiiii
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 (7.1) 

 Here ui and ui+1 are intermediary vertices on the kth path joining p and q. The degree of 

similarity between a pair of users p and q along a path is equal to the weakest link in the path. 

Maximin distance attempts to find the path with the maximum such weakest link. However, 

maximin does not explicitly account for the lengths of paths or the number of paths connecting 

two users. Thus maximin may not adequately capture the connectedness between user pairs 

when computing the degree of indirect similarity. Consider the example in Fig. 1.  

 Comparing the proximity of user pairs A,E and H,E, we notice that maximin(A,E)=0.3 

and maximin(H,E)=0.3, i.e. under maximin similarity computation scheme A and H are equally 
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close in tastes to E. However, we note that A is connected to E through three different paths 

each of length 2 whereas H is connected to E only through one path of length 3. 

 

 

 

 

 Fig 7.1   User Graph with N=8 

Intuitively A should be deemed closer to E because of its strong connectivity and shorter 

distance to E. This happens because maximin distance neither explicitly incorporates the 

number of paths connecting the users nor diminishes the link strength based on the distance 

between entities being assessed. 

7.3 PROPOSED APPROACHES 

We propose four alternatives to the maximin distance based on the notions of graph distance 

and similarity. The following subsection discusses some of the desirable properties that a global 

graph based similarity measure must possess and then we propose our approaches to compute 

graph based global similarity and discuss the pros and cons of each of the proposed techniques. 

7.3.1 DESIRABLE PROPERTIES IN A GLOBAL SIMILARITY COMPUTATION SCHEME 

Below we list the properties which should influence the degree of similarity between distant 

connected users/items in a user/item graph and should correspond to our intuition about the 

way to gauge closeness in tastes; 

 Connectedness – The similarity between entities should be directly proportional to the 

number different ways in which they are connected. 
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(a) 

 

 

 

 

(b) 

Figure 7.2  Computation of similarity between X and Y through user graph 

 Length/Distance of paths – The credibility of similarity computed between a pair of entities 

is more for paths with smaller lengths. Hence users connected through smaller path lengths 

(or smaller distances for edge weights corresponding to distances) should be reckoned to be 

closer. 

 Avoid amplification of similarity – Amplification of similarity can occur when multiple 

ways of connecting two entities are considered, for e.g. when computing similarity as sum 

of similarities along all paths [Nanopoulos, 2007; Huang et al., 2005]. The computation of 

similarity between a pair of entities X and Y, in such a case can be thought of as the entity X 

seeking opinions about an unknown entity Y from his neighbors. Entity X(Fig. 7.2(a)) who 

seeks an opinion about another entity, say Y, gets opinion about Y from 3 different peers, A, 

B and C, who in turn pass back the opinion about Y from Z to whom all are connected. 

Considering only the number of paths between X and Y, it would seem that X and Y are 

well connected (compared to say if they were only connected through one peer). But the 

reality is the similarity of X and Y is overemphasized since A, B and C are echoing the 
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opinion of a single person i.e. Z. This would be clearly different from a situation such as Fig. 

7.2(b), where A , B and C provide a feedback to X echoing the opinions expressed by 

different people(D,E and F respectively) who endorse Y. Intuitively the affinity between X 

and Y in the second case(b)(ignoring the edge weights) should be higher than that in the 

first case(a). But if X just views three opinions expressing approval of Y without delving into 

the source of these opinions then it would be unable to differentiate between the two cases.  

7.3.2  PROPOSED GLOBAL SIMILARITY COMPUTATION SCHEMES  

In this subsection we put forth our schemes to compute indirect similarity between pairs of 

entities. Note that the methods proposed below apply equally well to items as to users and 

though the measures are discussed with respect to users they can be applied to find indirect 

similarity between items as well. In the rest of the discussion GI is the item graph constructed 

using the local item similarities corresponding to the user graph GU. 

 

A. Level By Level Computation of Global Similarity Estimate (LL)  

We base the computation of similarity between a pair of entities which are not connected 

directly by taking the neighbors opinions(from a user, A’s, viewpoint, say) by following the 

dictum “Entities similar to a neighbor are potential neighbors of A” and “Entities which are 

dissimilar to a neighbor are more tilted towards having different preferences from A”. This is 

illustrated in Fig. 7.3. Note that the green lines denote similarity while the red lines denote 

dissimilarity. The dotted lines denote the indirect relation that may be derived. It is also to be 

noted that though we consider users who are similar to a user’s neighborhood, users who are 

dissimilar to the current user play no part in the derivation of indirect similarities, e.g. no 

indirect similarity can be inferred from G via F in Fig. 7.4.  Hence the indirect (dis)similarities 

computed are asymmetric. Note that even though the indirect similarity computation technique 

starts with a similarity matrix which is symmetric(inferred through co-experienced entities), 

over the course of the iterations, the additional similarity links inferred are computed from a 

user’s viewpoint and hence, for example, A may consider B to be similar but the reverse may 

not be true. The similarity of user B w.r.t A when connected through a similar user C is obtained 

by  
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 (7.1) 

 

A possible approach to guess the similarity between entities that are connected via 

intermediary entities is to model the similarity as a function of similarities along all paths 

connecting the users.  

 We follow a different approach of computing all similarities inferable in one step(i.e. 

using only one intermediary along the path from source to destination) as the first step.The 

similarity links derived in this step is then clubbed with the already existing direct similarities 

to compute similarities inferable in two steps and so on. The reasoning behind this is that the 

shorter chains of intermediary implies more reliable estimate. 

 

 

Over longer chains the reliability of such inference diminishes and thus we order the 

computation of similarities between entities such that the ones which we are more sure 

about(entities which are connected by shorter paths) are computed first and then the similarities 

of the other entities are based on the extended  set of similarity pairs enriched by the set of 

similarities computed in the previous step. To illustrate the similarity computation we look at 

the (dis) similarity links that can be inferred in each step starting from the initial graph (Fig. 

7.4). Note that since the initial links are computed using a direct similarity the links are 

symmetric and hence the edges are not directed. 

─ Iteration 1(1 step indirect similarity) : (A,C) , (A,D), (A,G),  (B,F), (C,E), (D,B), (D,A), (E,F), 

(F,E), (F,B). 

),(),(),( BCsimCAsimBAsim I 

     

(a)              (b) 

Fig. 7.3. Transitive connections 

(a) User B is similar to a neighbor of A (i.e. C) and thus is a potential neighbor    

(b) User B is dissimilar to C and thus has a chance to be dissimilar to A as well. 
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─ Iteration 2(2 step indirect similarity): (B,G), (C,F), (D,F), (E,G), (F,C), (F,D) 

─ Iteration 3(3 step indirect similarity): (C,G),(D,G) 

We also note that in addition to enforcing a partial order on the computation of (dis) 

similarities, the indirect similarity between entities A and B are a function of only the shortest 

paths(number of hops) between them and thus their indirect connections via longer paths do 

not play a role in assessing the affinity. In each iteration each user( let A be one such entity) 

seeks information from its neighbors about users whose similarity information they have. For 

each indirect entity about whom the neighbors of A have (dis)similarity assessment, A collates 

the (dis)similarity assessment from the neighbors to form his own opinion about the 

(dis)similarity of the indirect entity. To define a formula for this we first denote a set of users 

connecting A to any indirect user B as 

}0),(,0),(|{),(  XBsimXAsimVXBAC  (7.2) 

 

The set of users who connect A to B need to be similar and not dissimilar to A but their 

similarity to B can positive or negative. Based on the set of connecting entities the indirect 

similarity from A to B is defined as; 





),(

),(),(),(
BACX

I BXsimXAsimBAsim  (7.3) 

The computation of similarity using formula (5) has the advantage of using similarity and 

dissimilarity information, i.e. if more neighbors deem an indirect user to be dissimilar then the 

inference about the closeness of B by A may tend towards dissimilarity. Moreover, since the 

indirect similarity is the sum of similarities, the more the number of intermediaries connecting 

A to B, the more B is similar to A, as it should be intuitively. However, the variation in user 

similarity assessment for an indirect user may be cause of concern. For example in our day to 

day life when asking people sharing our tastes for an opinion about an entity, a scattering of 

responses some tilting towards positive and some towards negative may leave us undecided 

about the entity or even if we decide, for example, that the entity is similar it would be to a 

lesser degree as compared to if most opinions were positive.   
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Fig 7.4         Similarity Graph consisting of 7 users – green edges indicate similarity 
                                          whereas red edges indicate dissimilarity 
 

We hence model this variation in responses by 

|),(|

||
)1(),(

BAC

NN
BAvar

 
   (7.4) 

where α is the default weighting factor, N+ is the number of neighbors reporting similarity and 

N- is the number of neighbors reporting dissimilarity. Using this variance as the weighing factor 

in the similarity computation 

 

 (7.5) 

At each of the iterations ‘i’ in the proposed method the indirect links are derived based an entity 

which ‘i-1’ steps away from the indirect user in the original similarity graph. Over longer path 

lengths the reliability of computation diminishes and thus we modify Eq. 7.5 to scale down the 

similarity according to iteration number. Thus the formula becomes 

 (7.6) 

where β  is the dampening factor and #i is the current iteration number. We wish to map the 

value of (dis)similarity computed by Eq. (7.6) to a  [-1, 1] interval and thus use the hyperbolic 

tangent function for this purpose.   

 

)),(tanh(),( BAsimBASIM II   (7.7) 

  





),(

),(),(),var(),(
BACX

I BXsimXAsimBABAsim





),(

# ),(),(),(),(
BACX

iI BXsimXAsimBAvarBAsim 
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    ALGORITHM 3.1: Indirect User Similarity Computation , direct_sim is 

the already computed directed similarity(eg.using PCC) 

sim=direct_sim; 

sim
+
=entries in sim with negative entries omitted 

 

/* Keep track of already existing similarity 

links, so as not to recomputed (dis)similarity*/ 

L={(u,v)|u,v∈ V and sim(u,v)≠0}  

 

while (1) 

   for u  U 

     for v  U and v ≠ u and C(u,v) ≠ ϕ 

     indirect_sim(u,v) = SIMI(u,v) /*Eq. (9) */ 

     end for  

  end for 

 

  L1={(u,v)|u,v∈ V and indirect_sim(u,v)≠0} 

  LNew=L1-L; /* what are the new links ? */ 

  L=L1 U L;  /*  Update sim links */ 

 

  if (empty(LNew)=TRUE) /* stop if no new */ 

   break              /*  links found */ 

  end if 

  /* new similarity links added in this iter */ 

  LNew
+
 = {(u,v)|u,v∈ V and LNew(u,v)>0} 

  for (u,v) ∈ LNew  

     sim(u,v)=indirect_sim(u,v) 

     if indirect_sim(u,v)>0 

         sim
+
(u,v)=indirect_sim(u,v)

 

        end if 
   end for 

end while 

 

Algorithm 3.1 is the proposed algorithm for indirect similarity computation for users; a similar 

algorithm can be used to compute item indirect similarities. To summarize the indirect 

similarity computation method outlined above; 

 

a) Takes into account the connectedness of the entities, i.e. the more number of intermediaries 

the higher the similarity tends to be. 
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b) Takes into account the length of path from source to the indirect entity and diminishes the 

(dis)similarity computed through longer paths. 

c) Renders the indirect similarity values asymmetric. 

d) Takes into account variation in intermediary evidence. 

e) Only paths of shortest length from a user to an indirect user play a part in assessing their 

similarity relationship. 

f) The computation of indirect similarity for nodes at distance ‘L’ from the source node is 

derived on the basis of similarity of nodes till level ‘L-1’ which may themselves have been 

derived. This computation is based on the current situation and does not have “memory” 

about how the indirect similarities for nodes at lesser level were derived (For e.g. In Fig. 

7.2(a) and (b) while aggregating opinions about Y from A,B and C, from X’s viewpoint, 

there is no analysis about whether A,B,C express their own opinion or second hand 

opinions and if they are echoing opinions of their neighbors then if they seek opinions from 

the same set of neighbors) . This means that for situations such as in Fig. 4(a) and (b) the 

similarities computed through LL will be same(assuming all edge weights are the same) and 

hence the similarities deduced may be exaggerated. 

 

B. Global Similarity Estimate through Max Flow/Min Cut (MF) 

The main idea is to regard the initial weighted user graph as a flow network where the 

flow is between a given source and sink. Computing the maximum flow involves 

examining all possible paths between the source and sink. 

 Each edge in the network acts as a channel of flow with limited capacities. Computing 

the max flow involves assigning flow to all the edges in the network so that the total 

simultaneous flow from the source to sink is the maximum. For an unweighted graph the max 

flow would be related to the number of paths connecting the users. Since the edges are 

weighted by the similarity, the higher the similarity between a pair of nodes the more is the 

capacity of the link connecting them. To estimate the degree of similarity between two users, 

say x and y, we assume one of them, say x, to be the source and the other, say y, to be the sink 

and compute the max flow between x and y. The maximum flow from source to sink can be 

efficiently computed and is equal to the minimum capacity of a cut of the graph between source 

and sink, where a cut is a set of links and nodes that disconnect the graph. Intuitively the more 
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links and the higher the capacity of links between source and sink, the more flow can be sent 

through, and the more links will need to be cut to disconnect the source from the sink.[Lu et al, 

2006]. Hence 

),(),( yxflowmaxyxsimMF   (7.7) 

There exist several optimization strategies [Ahuja et al., 1995, Goldberg and Tarjan, 1988] to 

compute the Max Flow between vertices in a graph. Max flow metric inherently takes into 

account the number of ways in which a pair of users are connected but it fails to deemphasize 

the paths of longer lengths in the similarity computation. Since max flow is equal to the capacity 

of the minimal cut, the similarity estimated between X and Y, for example (Fig. 7.2(b)) can never 

exceed the similarity between Z and Y, thus avoiding exaggeration of similarity.  

 

C. Similarity as a Function of Shortest Distance (SD) 

 

While linking users through a similarity graph the length of the path connecting the users plays 

an important role. The basic idea behind deriving indirect similarity is based on transitivity i.e. 

if two entities not connected directly but have a common user who has the same inclination as 

both users but on different items, then it is possible that the two users may share 

preferences(possibly for items that they have not come across yet). This logic of connecting 

users through a user graph doesn’t hold much weight over longer connections or larger 

distances. When the number of intermediaries increase, our confidence in the similarity derived 

may fade. Since we operate upon a similarity graph, finding the shortest distance would entail 

converting the similarities into distances. To do so we define  

)),(1(

1
),(

yxsim
yxdist

U

U


  (7.7) 

Once all the similarity links are converted to distance measures the shortest distance lengths can 

be computed and such a quantity can be converted back to similarity ; 

 

)),(1(

1
),(

yxdist
yxsim

SD
SD


  (7.8) 
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where ),( yxdistSD is the shortest distance between vertices x and y. Djistra’s shortest path 

algorithm may be used to efficiently compute the indirect similarity from a user to all other 

users. By definition SD attenuates the similarity with increase in path length but does not take 

the connectedness of users in to account. 

 

D.  Similarity as a Function of Distinct Paths (DP) 

 

Considering a user graph GU’= (U,E) , which is an unweighted graph corresponding to GU, i.e. 

an edge exists between a pair of entities if they are similar otherwise there is no edge. The 

number of ways in which users are connected is indicative of the degree of proximity between 

two users. If we analyze the similarity computation between A and B from A’s point of view, we 

can imagine that A takes his neighbors opinions about an entity B whom he is not familiar with. 

A will view B to be similar if many of his neighbors endorse B. Hence we want to choose a 

similarity metric which takes into account the number of ways in which A is connected to B. We 

also would like to discount the contribution of long paths in this similarity computation. There 

have been several approaches which suggest modeling the similarity based on all paths 

between a pair of vertices [Huang et al., 2005]. We do not follow this approach due to two 

reasons (a) effort in accounting for all paths (which can be exponential to the number of entities) 

and (b) A vertex or edge may contribute several times to the similarity computation thus 

inflating its effect and distorting the results. We thus choose the set of paths Pxy such none of the 

paths in Pxy share any vertex except for pair of users between whom the similarity is to be 

computed. Since there can be more than one way of constructing the set of distinct paths in a 

weighted graph and finding a maximal node disjoint path may be computationally expensive 

we base our computation on the unweighted graph. Hence we define 

 



















xy
Pp p

NDP
l

yxsim
1

),(  (7.9) 

 

where Pxy is the set of distinct paths from x to y. Here lp is the length of the path p. Note that 

each path contributes a quantity inversely proportional to its length to the similarity 

computation. We obtain node disjoint paths through a breadth first traversal of the graph so 
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that all possible shortest paths to the target are found before the longer paths are taken into 

account.  

The computation of similarity using DP between a user pair can be achieved using 

Breadth first traversal of the graph and hence its computational complexity is O(|U|+|E|). 

Assuming |U| << |E|. the DP algorithm takes O(|E|) time. The similarity scheme using DP 

takes care of the number of ways in which users are linked and it also accounts for path length. 

Also since only distinct paths are considered an opinion about a distant entity originating from 

a single user will be accounted for only along one path containing it, e.g. only the path X-A-Z-Y 

will be considered for similarity computation(Assuming the BFS chooses A first among 

neighbors of X). However, DP does not make use of the tie strength while assessing indirect 

similarity.  

 It is to be noted that the similarity computed by both MF and DP may be greater than 1 

but the normalizing term while aggregating the predictions will ensure that the item ratings are 

weighted by a quantity in the interval [0,1]. 

7.4 EXTENDING THE USER/ITEM GRAPH(UI) 

Though the user or item graph can be employed to supplement the neighborhood set obtained 

by using local similarity measures, leveraging both user and item graphs may offer further 

benefits especially under very sparse ratings data. This can be achieved in two ways. The first 

would be to fuse the predictions obtained from global user similarity and global item similarity 

derived from the user and item graph respectively by computing the final prediction as a linear 

combination of both. The other method could be to base the similarity computation on a 

combined user item graph. A user and item in the user and item graphs can be connected if a 

user preferred an item. We assume that a user prefers an item if he confers a rating of ‘R’ or 

above on the item where R is the minimum rating value which indicates that the user prefers 

the item. The combined user item graph is denoted by GUI=( { IU  } , E’ ) where  

}),(

0),(,

0),(,|),({'

Ryxrif

ORyxsimandIyxif

ORyxsimandUyxifyxE

I

U







 (7.10) 

 

A few points to be noted 
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 The user and item similarity links were derived from the user preference data and so in a 

way the combined user item graph uses the same information in two ways, user-user or 

item-item links and user-item link, but our aim is to increase the coverage of the system 

without compromising on the recommendation quality. 

 Since the link weights (user-to-user, item-to-item and user-to item) belong to different scales 

and are defined differently we ignore the link strength and only consider the connections. 

Thus the combined user-item graph is an unweighted graph.  

 

The combined user item graph can hence be mined to infer user or item similarity by using the 

DP method outlined above. In the rest of the literature we refer to this method as UIG (User 

Item Graph).Similar approaches to utilizing a combined graph is proposed in Huang et al, 2002. 

However, our approach differs from [Huang et al., 2002] in several points. Ref. [Huang et al., 

2002] utilizes demographic and content-based features to form user-user and item-item links for 

the initial graph, whereas out method is totally based on preference data alone. Secondly they 

derive a direct association between user and item whereas our aim is to infer user-use and item-

item similarity which enables rating prediction. 

The proposed approach operates on a graph comprising of users and items and is able to 

build upon the existing links to form three kinds of links user-user, item-item and user-item. 

Though user-item links can be used as a direct measure indicating the interest of a user for an 

item, the affinity values will not adhere to the rating scale. Since we are interested in predictions 

in this work we do not leverage on the user-item links deduced, but use the user-user and item-

item links for CF. We hence refer to the approach of deriving user similarity from UIG as U-UIG 

and the approach of deriving the item similarity from UIG as I-UIG. 

The graph based global similarity computation schemes however, suffer from a limitation, 

namely their dependence on the initial user or item graph. This means that it is necessary to 

compute the local similarity for all user or item pairs before a global similarity method could be 

applied to guage the closeness between even a single pair of users (items). However, the local 

and global similarities can be computed in the background as an offline process and can be 

utilized online during predictions. 
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7.5 EXPERIMENTAL EVALUATION 

To determine the effectiveness of the proposed approaches we evaluate their performance on 

varying sparsity levels and compare them against other methods based both on local and global 

similarity. 

7.5.1 PERFORMANCE MEASURES 

We wish to assess and compare the effectiveness of the various global similarity computation 

techniques for prediction as well as classification tasks. To measure the predictive accuracy we 

employ RMSE  and F-Measure.  

7.5.2 EXPERIMENTAL SETUP 

We evaluate the various approaches on the EachMovie dataset. All experiments are run by 

extracting 500 users randomly from the available set of users from the dataset and the data 

subset so selected is referred to as EM500. The ratings for each of the users are divided into 

training data and test datasets according to a preset percentage of ratings. The training 

ratings are assumed to be ratings available to the system and thus aid in neighborhood 

formation and prediction. The test ratings are considered to be unavailable; so that the 

predictions made using the training ratings are compared to the test ratings to assess 

the recommendation quality. To study the relative performance under different sparsity 

levels we vary the sparsity levels by retaining 5%, 10%, 15%, 20%, 25%, 30%, 60% and 

70% of the ratings for training and employing the rest of the ratings for testing the 

performance of the algorithms. 

This gives rise to 8 levels of sparsity ranging from very sparse to dense. The last two 

configurations are aimed at testing the algorithm performance when the data density is high.  

For each configuration the experiment is run 10 times to rule out any run specific bias. The 

neighborhood size is fixed at 20 for all experiments. Precision and Recall are dependent on the 

length of the recommendation list and we set this to 20. Since all techniques predict the ratings 

of an item for a user we also do not allow items having rating less than a fixed value from 
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appearing in the recommendation list. In the case of EachMovie this value is set at 0.6. The 

parameter R for the UIG graph is also set to 0.6. 

 

 

The local similarity estimates for the initial user and item graphs are obtained using Pearson 

Correlation Coefficient and the Adjusted Cosine Similarity for the user and item local similarity 

respectively. We use Resnick’s formula for prediction using user-user similarity. For item 

Table 7.1       Summary of Acronyms used for various Similarity Estimation Techniques 

Acronym    Full form 

PCC    Pearson Correlation Coefficient 

ACS    Adjusted Cosine Similarity 

MF 

   U-MF User Graph Based Similarity using MaxFlow. 

I-MF Item Graph Based Similarity using MaxFlow 

C-MF Combination of User and Item based CF based on MaxFlow 

SD 

U-SD User Graph Based Similarity using Shortest Distance. 

I-SD Item Graph Based Similarity using Shortest Distance 

C-SD 
Combination of User and Item based CF based on Shortest 
Distance 

DP 

U-MF User Graph Based Similarity using Distinct Paths. 

I-MF Item Graph Based Similarity using Distinct Paths 

C-MF Combination of User and Item based CF based on Distinct Paths 

LL 

U-LL  Level by Level Computation of User Similarities 

I-LL Level by Level Computation of Item Similarities 

C-LL 
Combination of Level-By-Level computation of user and item 
similarities 

MM [Luo et al., 
2007] 

U-MF User Graph Based Similarity using Maximin. 

I-MF Item Graph Based Similarity using Maximin 

C-MF Combination of User and Item based CF based on Maximin 

IS [Desrosiers 
& Karypis, 

2008] 

UB-IS User based Indirect Similarity 

IB-IS Item based Indirect similarity 

UIB-IS User Item based Indirect Similarity 

UIG 

U-UIG User similarity based on User-Item Graph 

I-UIG Item similarity based on User-Item Graph 

C-UIG 
Combination of User and Item based CF based on derived from 
User Item Graph 
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prediction we use weighted sum of the ratings for similar items as suggested in [Sarwar et al., 

2001]. 

 We compare the global similarity computation schemes outlined above with the 

maximin [Luo et al, 2008] similarity estimation technique. We note here that we test the 

predictions obtained global similarity estimation schemes as a standalone and not a 

combination of predictions through local and global similarity as proposed in [Luo et al, 2008]. 

We also evaluate the proposed schemes, particularly UIG  relative to the similarity scheme as 

proposed by [Desrosiers & Karypis, 2008] which intertwines the computation of user and item 

similarity to iteratively estimate global similarities among users and items. We set the 

parameters γ=0.05 and w = 0.5 as suggested by the authors. We adopt the abbreviations for the 

methods proposed in their work and UB-IS, IB-IS and UIB-IS refer to user based Indirect 

Similarity, item based Indirect Similarity and user-item based Indirect Similarity respectively. 

 Each of the methods introduced in this work as well as maximin apply to both user and 

item graphs equally well. Hence each of the methods can be prefixed with a ‘U-’ or ‘I-’ 

indicating user based or item based similarity. For example ‘U-MM’ refers to similarities 

computed using maximin on the user graph and similarly ‘I-MM’ corresponds to similarities 

through maximin using item graphs. A linear combination of predictions emanating from 

approaches utilizing similarity from user-based and item-based graphs is also possible. We 

prefix such techniques by ‘C-‘(Combination). Hence ‘C-MM’ refers to predictions using fusion 

of user and item based approaches where the final prediction is a linear combination of user 

based and item based prediction. If ),(,),( iuprediupred IU
are  the ratings predicted by 

any user and item based CF respectively then the final prediction using fusion of the two results 

would be; 

),(5.0),(5.0),( iuprediuprediupred IU   (7.12) 

A List of abbreviations coined for the methods being compared is presented in Table 7.1, for the 

sake of convenience. 

7.5.3 COMPARISON OF GLOBAL MEASURES DERIVED FROM USER GRAPH AND ITEM GRAPH 

The dimensions of the particular item and user space are helpful in deciding whether to use an 

item-based or user-based CF. Typically, an item-based approach is used to bootstrap one’s 
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application when the number of users is small. As the user base grows, the item-based approach 

is augmented by a user-based approach [xlvector.net/blog/?p=143]. Several CF algorithms are 

especially designed for e-commerce applications where the number of users exceeds the 

available items. Such algorithms may not work in other domains such as research paper 

recommenders which may have thousands of users and tens of thousands of research papers 

[Herlocker et al., 2004]. 

 We therefore, attempt to compare the approaches using user based and item based CF 

separately. In this section we compare the global similarity techniques based on user graphs 

and item-graph based approaches.  

 In the first experiment we first weigh the relative merit of the proposed techniques, i.e. 

U-MF, U-SD, U-DP, U-LL with U-Maximin (U-MM)[Luo et al., 2008] and PCC similarity. Table 

7.2 compares the RMSE and F-measure of the various methods under different sparsity levels 

for the EM500 dataset. The least RMSE and the maximum F-measure quantities are marked in 

bold. We observe that under sparse data conditions (5%-60%) all the global similarity measures 

outperform PCC in terms of RMSE and F-measure and as the data density increases the edge 

that global measures have over local measures diminish. Over higher density level (70%) PCC 

performs better than the global user graph based approaches. This can be explained by the fact 

that at lower data densities local similarity measures like PCC are unable to find an adequate 

neighborhood set whereas the global similarity measures enrich the meager neighborhood set 

with the group of indirectly connected users and hence are able to perform better. At higher 

density levels the set of directly connected users are sufficient to enable good recommendations. 

Weakly connected indirect users may in fact dilute the accuracy of recommendations achievable 

through local similarity measures. 

 Over high sparsity levels (5%, 10%) U-MM and U-MF perform better than the U-SD and 

U-DP approaches in terms of RMSE and F-measure. But over slightly denser settings U-DP 

achieves the best prediction accuracy among all global user graph based similarity estimates. In 

fact it achieves the least RMSE for 15%, 20% 25%and 30% of training data. At higher density 

(60%, 70%) U-SD performs best in terms of predictive accuracy. At sparsity levels which are not 

very high (15%-70%) we note that the performance of U-DP over U-MM, as measured by RMSE 

as well as F-measure, is higher. Comparing U-MF and U-MM we note that they perform equally 

well on predictive accuracy on sparse sets (5%, 10%, 15%, 20%, 25%) but U-MF performs 

slightly better over denser datasets. The classification accuracy of U-MF is also higher than that 
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of U-MM over denser datasets. U-LL performs worst of all global prediction schemes though it 

achieves improvement over the local similarity techniques. Over higher sparsity levels 

(60%,70%) it performance is comparable to the best of global techniques though  its 

performance is worse than the local ones. 

 A similar comparison of item based local (ACS) and global techniques (I-MF, I-SD, I-DP, 

I-Maximin), is presented in Table 7.3. As in the user-based CF the local similarity measure 

performs worse than any of the global similarity computation mechanism under high sparsity 

(5%, 10%, 15%, 20%). However, under denser data (30% and above) it achieves a better F-

measure than the global techniques.  

At configurations 30%, 60% and 70% ACS also scores high on the predictive quality as it 

achieves the least RMSE. Under very sparse ratings data (5% and 10%) all global item graph 

based techniques perform equally well w.r.t predictive accuracy. However, I-LL achieves a 

significantlyhigher F1 score than any other global method based on item based similarity over 

all configurations, though its F1 score is lower to ACS under high density. Over reasonably less 

sparse scenario (15%) I-MF performs the best and over higher densities I-DP clearly 

outperforms other global item-graph based methods w.r.t. to predictive accuracy. However, the 

I-MF approach outperforms all item-graph based global similarity techniques with respect to 

the F-measure under all sparsity configurations. 

 Over all cases except the very sparse datasets I-DP outperforms I-MM in terms of RMSE 

and F-measure. Although I-MF outperforms I-MM in terms of F-measure over all scarcity 

configurations its predictive accuracy is not significantly different from that offered by I-MM 

over sparser data conditions and performs worse than I-MM over denser data (30%,60% and 

70%). 

 The relative predictive accuracy offered by I-SD and I-MM are more or less similar 

under very sparse and very dense ratings data, however, under reasonably dense data 

situations(15%,20%) I-SD outperforms I-MM. It is to be noted that for the item based local 

similarity measures the improvement in their prediction accuracy when going from sparse to 

dense data occurs at an accelerated rate than for user-based local similarity measures. This can 

be observed from the fact that PCC is able to outperform the global based techniques only when 

the training data is 70% whereas ACS is able to better the global prediction accuracy over higher 

ratings sparsity. 
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It is also worth noting that for the chosen dataset the user based approaches perform better than 

the item based approach both while computing local and global similarity except the when 

training data is chosen at 70% in which case the ACS outperforms PCC both in RMSE and F-

measure.  

7.5.5  COMPARISON OF GLOBAL SIMILARITY THROUGH COMBINED USER AND ITEM 

APPROACHES 

In this section we evaluate strategies leveraging on both user-user and item-item links on their 

ability to enhance the recommendation quality. We attempt to evaluate the merit of various 

combination strategies and their effectiveness in improved predictions over strategies which   

Table 7.2                  Comparison of RMSE and F-measure for user based methods 

 
                              

Algo 
Training % 

PCC U-MF U-SD U-DP U-LL U-MM UB_IS U-UIG 

5% 
RMSE 1.598 1.498 1.520 1.5305     1.511 1.497 1.487 1.465 

F-Measure 0.047 0.191 0.197 0.1883 0.190 0.187 0.236 0.404 

10% 
RMSE 1.487 1.365 1.413 1.4265 1.364 1.365 1.359 1.349 

F-measure 0.217 0.334 0.331 0.3255 0.333 0.334 0.359 0.522 

15% 
RMSE 1.425 1.311 1.318 1.3767 1.303 1.319 1.319 1.308 

F-measure 0.3301 0.399 0.381 0.3842 0.402 0.379 0.3745 0.557 

20% 
RMSE 1.357 1.285 1.282 1.3316 1.272 1.286 1.286 1.279 

F-measure 0.401 0.438 0.433 0.4303 0.444 0.424 0.414 0.605 

25% 
RMSE 1.324 1.271 1.271 1.3089 1.263 1.276 1.278 1.267 

F-measure 0.465 0.490 0.494 0.4875 0.503 0.473 0.463 0.627 

30% 
RMSE 1.285 1.249 1.246 1.2791 1.238 1.251 1.258 1.24 

F-measure 0.509 0.527 0.519 0.5243 0.527 0.498 0.488 0.63 

60% 
RMSE 1.179 1.196 1.172 1.1789 1.193 1.203 1.199 1.194 

F-measure 0.631 0.637 0.630 0.6234 0.637 0.601 0.567 0.649 

70% 
RMSE 1.126 1.154 1.132 1.139 1.152 1.160 1.152 1.143 

F-measure 0.647 0.618 0.637 0.628 0.628 0.601 0.573 0.652 
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Table 7.3               Comparison of RMSE and F-Measure for item based methods 

 
                        Algo 

Training % 
ACS I-MF I-SD I-DP I-LL I-MM IB_IS I-UIG 

5% 
RMSE 1.76 1.53 1.52 1.58     1.53 1.52 1.49 1.5 

F-measure 0.076 0.304 0.301 0.326 0.26 0.294 0.3 0.324 

10% 
RMSE 1.62 1.42 1.41 1.5133 1.4 1.41 1.38 1.4 

F-measure 0.26 0.401 0.385 0.4255 0.392 0.382 0.37 0.402 

15% 
RMSE 1.514 1.352 1.359 1.4624 1.364 1.378 1.353 1.362 

F-measure 0.393 0.438 0.428 0.4679 0.408 0.406 0.388 0.423 

20% 
RMSE 1.43 1.354 1.343 1.4192 1.342 1.351 1.332 1.34 

F-measure 0.42 0.457 0.443 0.4940 0.441 0.438 0.423 0.442 

25% 
RMSE 1.37 1.337 1.334 1.3897 1.321* 1.334 1.322 1.327 

F-measure 0.489 0.469 0.457 0.4969 0.459 0.448 0.433 0.46 

30% 
RMSE 1.348 1.332 1.324 1.3688 1.312* 1.325 1.314 1.326 

F-measure 0.556 0.493 0.455 0.5113 0.472 0.453 0.442 0.485 

60% 
RMSE 1.189 1.323 1.314 1.2890 1.286 1.317 1.294 1.301 

F-measure 0.635 0.51 0.47 0.5432 0.501 0.476 0.465 0.51 

70% 
RMSE 1.124 1.314 1.302 1.276 1.276 1.302 1.284 1.292 

F-measure 0.654 0.542 0.495 0.573 0.525 0.496 0.491 0.547 

 

involve only user-user or item-item links. Since the computational effort involved in utilizing 

both approaches should be more than that of using a single strategy the improvements obtained 

should be weighted accordingly.  

 Firstly we would like to compare the U-UIG and UB-IS with the other global similarity 

measures based on user graph alone (Table 7.2). It is to be noted again that though U-UIG and 

UB-IS are applied to user based CF they make use of both user and item relations and thus are 

computationally more expensive. It can be observed that U-UIG is able to achieve higher 

accuracy, both predictive and classification w.r.t. UB-IS under all sparsity levels. U-UIG is also 

able to get the best RMSE when the dataset is very sparse (5%, 10%). In higher densities it 

however, does not offer much advantage. The reason could be that the extra links deduced by 

the user item graph based methods may be too few to influence the recommendation accuracy.  
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 The F-measure for U-UIG, however, consistently betters that achieved by the user graph 

based methods. Under sparse data situations UB-IS too performs better in terms of RMSE and F-

measure over any of the user graph based method. Its performance relative to the user graph 

based methods, however, deteriorates over higher densities. 

 We also compare the I-UIG and IB-IS with the other global similarity measures based on 

item graph (Table 7.3). Here the trend is reversed since on all sparsity levels IB-IS outperforms I-

UIG on RMSE. However, the classification accuracy offered by IB-IS is lower than of I-UIG in all 

configurations. Again we note that the advantages offered by considering the relationships 

between both user and items remains only for very sparse data situations (5%, 10%) when user-

item based approaches outperform item-based schemes on RMSE. Surprisingly, however, I-LL 

outperforms both these schemes in the F1 score even under high sparsity levels. For denser data 

I-UIG and IB-IS do not offer much advantage. 

 To evaluate the effectiveness of combining user and item relationships in gauging 

similarity we examine the UI graph as described in Section 7.4. As detailed above both user-user 

(U-UIG) and item-item links (I-UIG) can be derived from the combined graph and these can be 

separately used for user-based and item-based predictions. Predictions from both methods can 

also be combined and following the nomenclature in the rest of the work we term it C-UIG. 

However, our experiments reveal that though C-UIG achieves better RMSE for all sparsity 

levels as compared to U-UIG and I-UIG, the classification accuracy(F-measure) offered by U-

UIG is the best among the three methods. 

 For the sake of simplicity of presentation we only compare C-UIG with other 

combining techniques, in terms of RMSE and U-UIG when comparing performance 

w.r.t. F-measure. The indirect similarity measure as proposed by [Desrosiers & Karypis, 2008] 

(UB-IS, IB-IS and UIB-IS) also allow us to deduce links among users and among items. 

However, in this case the performance achieved by UIB-IS is the best among the three both for 

prediction and classification tasks and hence UIB-IS is compared against other methods. We 

wish to weigh the performance of UIG (U-UIG or C-UIG) and UIB-IS w.r.t. C-MM, C-MF, C-SD, 

and C-DP. The RMSE of the methods are presented in Table 7.4 and Table 7.5 presents the F- 

measure comparison. An examination of Table 7.4 reveals that mining the entire user item 

graph(C-UIG) provides benefits when data density is very low (5%).  
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 At higher densities a linear combination of predictions based user and item graphs 

separately yields higher benefits than a single user-item graph. Again it is to be noted that at 

sparse rating levels C-DP outperforms other techniques but at higher densities (30%, 60%, 70%) 

C-SD performs better. A comparison with Table 7.2 and 7.3 also shows that the techniques using 

Table 7.5              Comparison of F-measure of techniques utilizing both user-user and  

                                                                    item-item links 

 
Algo 

Training % 
C-MF C-SD C-DP C-MM C-LL UIB-IS U-UIG 

5% 0.35 0.383 0.347 0.346 0.3525 0.355 0.404 

10% 0.472 0.472 0.473 0.472 0.4562 0.467 0.522 

15% 0.53 0.505 0.528 0.501 0.4960 0.492 0.557 

20% 0.549 0.541 0.546 0.530 0.5297 0.525 0.605 

25% 0.566 0.553 0.566 0.539 0.5546 0.537 0.627 

30% 0.573 0.569 0.577 0.548 0.5662 0.544 0.63 

60% 0.594 0.601 0.598 0.572 0.6043 0.584 0.649 

70% 0.601 0.614 0.605 0.598 0.617 0.594 0.652 

 

Table 7.4                    Comparison of RMSE of techniques utilizing both user-user and  
                                                                           item-item links 

 
                  Algo 

Training % 
C-MF C-SD C-DP C-LL C-MM UIB-IS C-UIG 

5% 1.47 1.468 1.468 1.5097 1.468 1.472 1.452 

10% 1.353 1.349 1.347* 1.4103 1.352 1.359 1.348 

15% 1.297 1.295 1.281 1.3601 1.302 1.303 1.292 

20% 1.274 1.271 1.266 1.3176 1.278 1.276 1.269 

25% 1.254 1.248 1.244 1.2954 1.257 1.26 1.246 

30% 1.246 1.231* 1.231 1.2673 1.2408 1.242 1.234 

60% 1.203 1.179 1.193 1.1799 1.199 1.198 1.192 

70% 1.15 1.133 1.142 1.138 1.144 1.145 1.143 
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a combination of user and item links perform better than their user based or item based 

counterparts at higher sparsity (5%-30%) whereas the relative performance slightly deteriorates 

at higher densities. 

 Examining Table 7.5 it is clear that U-UIG achieves the highest F-measure under all 

sparsity levels whereas UIB-IS performs better than the other combinations when data is very 

sparse (5%). At other levels of sparsity it performs worse.  
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Sparsity Measures and Fusion of Local 

and Global Similarity  
   

 Over the years, a variety of solutions to the data sparsity problem, have been proposed. 

[Luo, et al, 2008] propose a novel approach of combining predictions from locally similar 

neighbors, i.e. users who have co-rated items, and globally similar neighbors. Two users are 

considered to be globally similar if they are connected through locally similar neighbors. It was 

established experimentally that when the data is very sparse, globally similar neighbors provide 

better prediction, whereas in case of low sparsity, predictions from local neighbors are superior. 

Luo, et al, 2008, utilized a parameter α to balance contributions from global neighborhood over 

local neighborhood. The value taken by the parameter α was static, i.e. the importance given to 

local/global predictions remained the same across all predictions. Also the significance of local 

or global predictions had to be manually set to reflect the actual contribution of local/global 

neighborhood to accuracy. A promising extension to the above scheme would be to automate 

the α estimation by considering not only the overall sparsity but also the sparsity at the 

user/item level. Intuitively a user rating a very small subset of items or a user with unusual 

tastes who has rated a reasonably large number of items, might have a poor quality local 

neighborhood, even if the ratings matrix is dense. In this chapter, we propose various α 

estimation schemes based on the overall sparsity in the ratings data as well as sparsity based on 

the active user and the item whose rating needs to be predicted. The dependency of the α value 

on the user and item ensures that the local and global neighbors are weighed differently for 

every user and for every prediction. 

8.1  NOVEL SCHEMES FOR ESTIMATING PARAMETER Α 

A framework combining predictions from local and global neighbors was discussed by Luo et 

al, 2008. The parameter α serves to adjust the weight that we give to global neighbors with 

Chapter 
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regards to the weight that we give to the local neighbors. When the ratings matrix is dense then 

generally the local neighborhood set is rich enough to enable prediction for the active user, in 

which case the predictions from local neighborhood should be weighed more. However, when 

the ratings matrix is sparse, the meager local neighborhood set generated may lead to low 

quality recommendations, and therefore it needs to be enriched by the globally similar 

neighbors for better predictions.  

 In this section we propose several sparsity measures which enable the global neighbors 

to be weighed according to the active user and the item whose vote needs to be predicted. To 

the best of our knowledge there has been no previous attempt at quantifying the various facets 

of sparseness in data and to use them in the prediction process. The “sparsity problem” in 

collaborative filtering refers to inability to find a sufficient quantity of good quality neighbors to 

aid in the prediction process due to insufficient overlap of ratings between the active user and 

his neighbors. This can happen when the ratings matrix is sparse, or the number of users 

participating is not large. Even when the data is dense enough to allow quality predictions for 

most users, some users may not have rated enough items or may have rated items not rated by 

most people, with the result that such users get poor quality predictions. Users whose local 

neighborhood set is sparse can thus be aided by using predictions from the global 

neighborhood set. Thus intuitively the value of α should depend on the user and the item 

whose rating is to be predicted. The proposed work introduces several estimates for α, which 

captures the various aspects of sparseness in the data. 

8.2  INDIVIDUAL SPARSITY MEASURES 

In this section we introduce several sparsity measures namely, OS(Overall Sparsity Measure), 

USS (User Specific Sparsity Measure),  LGR (Local Global Ratio), UIS1 (User Item Based 

Sparsity Measure 1) and UIS2 (User Item Based Sparsity Measure 2). 

8.2.1  OVERALL SPARSITY MEASURE(OS) 

The overall sparsity measure captures the level of sparsity in the entire rating matrix. This 

sparsity measure is universal i.e. the α computed is fixed for all users. The Overall Sparsity 

Measure is defined as;  
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nItemsnUsers

nR
MeasureSparsityOverall

*
1  

(8.1) 

where nR is the total number of ratings which exist, nUsers is the total number of users in the 

system and nItems is the total number of items. 

8.2.2      USER SPECIFIC SPARSITY MEASURE(USS) 

The User Specific Sparsity Measure is based on the intuition that users who have rated very few 

items are less likely to get reliable local neighbors and thus need to depend more on global 

neighborhood set. The USS is user-dependent, but remains the same across all items whose 

rating needs to be predicted.  The USS for user u and item i is defined as; 

)(max
1

u
Uu

u

n

n
MeasureSparsitySpecificUser



  (8.2) 

where nu is the number of items rated by user u.  

8.2.3 USER AND ITEM SPECIFIC SPARSITY MEASURES 

Sometimes the superiority of global predictions over local ones also depends on the type of 

items rated by the user. For example the local neighbors for a user, with eclectic tastes who has 

rated several items which have not been experienced by a large majority of users, may be scarce. 

When the local neighborhood is meager, global neighbors can contribute to improvement in 

accuracy of predictions. This means that the sparsity measure should take into account not only 

the active user, but also the item for which the rating needs to be predicted. Three sparsity 

measures, which capture sparsity at user-item level, are introduced below.  

A. Local Global Ratio (LGR) 

One simple measure is to find the ratio of number of local neighbors to the number of 

global neighbors who have rated the item. It is to be noted that the number of global 

neighbors always exceeds or is equal to the number of local neighbors. This is due to the 

fact that simG(x,y) ≥ simL(x,y). The LGR for a user u and item i is defined as : 
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iuLGR   (8.3) 

where Lu,i   is the  set of local neighbors of user u who have rated item i, Gu,i  is theset of global 

neighbors of user u who have rated item i. 

B. User-Item Specific Sparsity Measure1 (UIS1) 

The UIS1 measure bases the sparsity measurement on the ratio of number of local neighbors 

who have rated a particular item to the total number of people who have rated the item i.e. the 

UIS1 for a user u and item i is defined as : 

||

||
1),(1

,

i

iu

N

L
iuUIS   (8.4) 

where Ni is the set of users who have rated item i. 

C. User-Item Specific Sparsity Measure2 (UIS2) 

The UIS2 measure computation is founded on the ratio of number of local neighbors who have 

rated a particular item to the total number of users in the local neighborhood set i.e. the UIS2 for 

a user u and item i is defined as : 

||

||
1),(2

,

u

iu

L

L
iuUIS   (8.5) 

where Lu  is the  set of local neighbors for user u. 

8.3  UNIFIED MEASURE OF SPARSITY(UMS) – GA APPROACH 

The various measures of sparsity, described in Section 8.2, encapsulate the diverse factors that 

come into play, when deciding the extent to which the local and global predictions should 

influence the final prediction. The performance of each sparsity measure is dataset dependent 

and hence the quality offered, varies across several datasets. The sparsity measure, which best 

reflects the balance between local and global predictions may differ from user to user and also 

may evolve over time. The idea of unifying the various sparsity measures to derive a single 

weight which works best for the active user, is propitious. The sparsity measures can be 

coalesced into a unified sparsity measure (UMS) by considering a weighted average of all the 
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sparsity measures, where a sparsity measure more representative of the user’s preference for 

local/global predictions, has a higher value.  

21 54321 UISwUISwLGRwUSSwOSwUMS   (8.6) 

where 



5

1

1
i

iw .    

Genetic algorithms can be effectively employed to learn weights of each of the five proposed α-

estimates for every user, in an offline learning process. Such a set of weights can then be used to 

compute the value of α during prediction for the active user. The next subsection discusses the 

genetic operators and the fitness function utilized to generate the set of weights. 

8.3.1 AUTOMATIC WEIGHTING OF SPARSITY MEASURES USING REAL-VALUED GENETIC 

ALGORITHM 

The chromosome representation technique of using bit strings, used traditionally, suffer from 

slow convergence due to the large chromosome structure, especially in optimization problems 

involving several parameters Practical experience favors utilization of the most natural 

representation of solutions rather than  enforce a binary vector representation for many 

problems [Bäck et al., 1997]. Since the weights for each of the sparsity measures are real 

numbers, a floating point representation of chromosomes is most suited for our purpose. Thus 

each chromosome consists of a vector of five real numbers representing weights corresponding 

to five different sparsity measures. The population then evolves over several generations to 

arrive at the weight vector which is the fittest. 

8.3.2  GENETIC OPERATORS 

Genetic operators drive the search process in GA. Crossover and mutation are the two basic 

genetic operators. While crossover allows creation of two new individuals by allowing two 

parent chromosomes to exchange meaningful information, mutation is used to maintain the 

genetic diversity of the population by introducing a completely new member into the 

population. Crossover and mutation operators for real-valued GA were introduced by 

[Michalewicz, 1994]. Let a chromosome be represented by n real numbers (genes) where the ith 

gene lying in the range [ai, bi]. Given two parent chromosomes X = <x1, x2, …, xn> and Y = <y1, 
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y2, …, yn> , some of the different types of crossover and mutation for real-valued GA, are 

discussed below [Michalewicz, 1992; Houck et al., 1995]. 

Uniform mutation 

A gene i is randomly selected and its value is modified to a uniform random number between ai 

and bi 



 


otherwisex

jiifbaU
x

j

ii

j ,

,),(
'  (8.7) 

 

Arithmetic crossover 

Arithmetic crossover generates two new complementary offspring as a linear combination of 

the parent chromosomes. 

YXY

YXX









)1('

)1('
 (8.8) 

where τ = U(0,1) and X’ and Y’ are the generated offspring. 

Uniform mutation and arithmetic crossover operators are used as the basic mutation and 

crossover operators respectively, in our experiments. 

8.3.3  FITNESS FUNCTION 

The fitness function is the factor which drives the GA process towards convergence to the 

optimal solution. Chromosomes which are more optimal are allowed to breed and mix their 

datasets by any of several techniques, producing a new generation that will be even better. 

Choosing a fitness function for finding the set of weights for the sparsity measures, requires that 

the weight should be evaluated via the error that the weight produces while predicting each 

rating in the user’s training set. An individual whose error is lesser is a fitter individual. The 

weights are learnt for the active user by trying to predict each rating in the user’s training set 

using the particular weight to combine the five sparsity measures, and determining how well 

the unified sparsity measure balances local and global predictions. The fitness function is the 

average error among all such predictions for the active user. 
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



Ti

iaia prr
T

fitness ||
||

1
,,  (8.9) 

where T is the set of all ratings in the training set of the user , ra,i  is the actual rating for item i by 

the active user, and pra,i is the predicted score computed using the combined framework.. The 

weights to be applied for each of the measures of sparsity(w1, w2, … w5) to arrive at a unified 

sparsity measures, (Eq. 8.6), can be computed by employing real valued GA as described in this 

section.  

8.4 PROPOSED RECOMMENDER SYSTEM FRAMEWORK 

The proposed estimates of α can be utilized to integrate predictions from locally and globally 

similar users and arrive at the final predicted vote for the active user. The main steps of the 

proposed recommender system framework are given below: 

Step 1: Compute local user similarities 

Compute the local similarity between all pairs of users.  Let simL(x, y) refer to the local 

similarity between users x and y as computed in this step.  

Step 2: Compute the global user similarities 

Compute the global similarities between all pairs of users, by first constructing the user graph 

based on local similarities, and then finding the maximin distance between users, as described 

in Section 2. Let simG(x, y) refer to the global similarity between users x and y as computed in 

this step. 

Step 3: Obtain predicted ratings  using local and global neighbors 

Derive 
L

kipr ,  and  
G

kipr ,  be the predicted ratings using local and global similarities respectively, 

using Resnick’s prediction formulaes. 

Step 4: Merge the local and global ratings 

The  predicted ratings from local and global neighborhoods are combined using the following 

formula: 
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G

ki

L

kiki prprpr ,,, **)1(    (8.10) 

to get the final prediction for the active user, where α can be set to any of the sparsity measures 

as given below: 

 Overall Sparsity Measure (OS)            ( Eq. 8.1) 

 User-Specific Sparsity Measure(USS)  (Eq. 8.2) 

 User-item specific sparsity measures(LGR, UIS1, UIS2)   (Eq. 8.3, 8.4, 8.5) 

 Unified Measure of Sparsity(UMS) (Eq. 8.6) 

8.5.  EXPERIMENTS AND RESULTS 

In order to evaluate the performance of the system utilizing different α estimates, based on 

various proposed sparsity measures, several experiments are conducted on the vastly popular 

MovieLens (http://www.MovieLens.umn.edu) and Jester datasets. The aim of these 

experiments is to show the superior performance of the proposed techniques over the fixed-α 

schemes presented in [Luo et al, 2008].  

8.5.1 EXPERIMENTAL SETUP 

MovieLens and Jester datasets are different from each other, since the overall sparsity of 

MovieLens is quite high whereas the Jester dataset is quite dense. Moreover, the 

number of items in MovieLens is much higher than the number of users, whereas in 

Jester the users far exceed the number of jokes. Testing the various prediction 

techniques on these two datasets allow for comparison under diverse data 

environments. 

 For all the experiments 300 users were randomly selected from both the MovieLens and 

Jester datasets, the respective datasets being denoted as ML300 and Jester300 respectively. The 

datasets were then divided into 200 training users and 100 active users. The ratings from the 

training users are utilized in order to predict ratings for the test users. The number of ratings 

provided by the active user is varied as 10, 15, 20 and 25 giving rise to four different 

configurations Given10, Given15, Given20 and Given25 respectively. The training ratings are 

used as explicit ratings available, thus aiding neighborhood construction as well as guiding the 
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learning process of the GA, whereas the test ratings are considered as ratings which are 

unavailable and hence need to be predicted. The ratings from the Jester dataset, were 

discretized by rounding the rating value to the nearest integer. We utilize SVSS [Luo et al., 2008] 

to compute the local similarity between users to construct the initial user graph. 

 To compare the prediction quality of the proposed methods, we employ Average User 

Mean Absolute Error (UMAE) and Average User Root Mean Squared Error (URMSE). It is to be 

noted that for any Given x(x = 10, 15, 20, 25) configurations, only users having more than x 

ratings contribute to the error(UMAE , URMSE) computation. We run three experiments to 

compare the prediction methodologies under different data settings. 

8.5.2 EXPERIMENT 1 

In order to demonstrate the effectiveness of the various proposed α-estimation schemes, we 

conduct experiments using both datasets (ML300 and Jester300) to compare the performance of 

the proposed schemes with both the fixed-α schemes, under the various aforementioned 

configurations. The parameter γ in all experiments was set to 30. The number of nearest local 

and global neighbors used for prediction (K) was restricted to 30. 

The prediction accuracy of the following schemes are compared: 

 

Fixed- α schemes 

 Fixed-α scheme 1 [Luo et al., 2008] 

 Fixed-α scheme 2 [Luo et al., 2008] 

 

Proposed schemes 

 Overall Sparsity(OS) 

 Local Global Ratio (LGR) 

 User-Item Specific Sparsity Measure(UIS1) 

 User-Item Specific Sparsity Measure(UIS2) 

 User Specific Sparsity measure(USS) 
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Table 8.1 and 8.2 demonstrate the results of applying the various weighting schemes to ML300 

and Jester300 datasets. The results illustrate the improved prediction quality of the α-estimation 

schemes based on user and item sparsity measures. weighting local and global predictions. 

All the proposed schemes when used for outperform the fixed-α schemes under all 

configurations for both datasets, thus highlighting the importance of considering sparsity both 

at the user and item level, in order to weigh the predictions from local and global neighbors. 

 For the ML300 dataset, the LGR scheme performs best, with the lowest UMAE among all 

the proposed schemes under all configurations, whereas UIS2 gives the least RMSE among all 

schemes for the same dataset. The measures OS and USS consistently perform worse than the 

other proposed schemes, but offer better prediction accuracy than the fixed- α schemes, both in 

terms of UMAE and URMSE. 

 For the Jester300 dataset, the OS scheme performs the best in almost all configurations 

with the lowest UMAE and URMSE, except for the Given15 configuration when UIS1 performs 

best, giving the least UMAE. The USS measure performs the worst while still being better than 

the fixed-α schemes. 

Table 8.1         UMAE and URMSE comparison of proposed weighing schemes with the fixed-α and best- 

α schemes for ML300
 

    

Configurations 
Fixed-α 

Scheme 1 
Fixed-α 

Scheme 2 
LGR UIS1 UIS2 OS USS UMS 

Given10 
UMAE 0.852 0.846 0.832 0.833 0.834 0.837 0.838 0.829 

URMSE 1.047 1.046 1.041 1.041 1.040 1.042 1.043 1.036 

Given15 
UMAE 0.834` 0.828 0.799 0.799 0.799 0.801 0.802 0.796 

URMSE 1.0240 1.020 0.996 0.995 0.993 0.995 0.996 0.991 

Given20 
UMAE 0.832 0.825 0.795 0.796 0.795 0.800 0.800 0.793 

URMSE 1.016 1.014 0.994 0.994 0.991 0.995 0.996 0.990 

Given25 
UMAE 0.823 0.817 0.791 0.793 0.791 0.796 0.797 0.788 

URMSE 1.011 1.010 0.990 0.991 0.987 0.991 0.992 0.985 
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8.5.3 EXPERIMENT 2 

In this experiment the UMS approach is compared with OS, LGR, UIS1, UIS2, USS as well as 

with the fixed-α schemes.  

 

 

A real valued GA is used to evolve the weights representing the importance of each sparsity 

measure for each user, as described in section 4. The fitness of each individual is the average 

UMAE across all predictions made by using the particular weight. Consequently the individual 

having the least fitness is deemed to be the fittest individual. The best weight so evolved, is 

used to as weight to balance local and global predictions. The initial population size is 30, with 

30 new individuals being produced in each generation. 

 An elitist approach is followed wherein the best 30 individuals are selected to be 

retained in the next generation. The maximum number of iterations is fixed at 500. The GA ends 

when the best fitness among all individuals in the population, remains unchanged for 20 

generations. Roulette-wheel selection is employed to select individuals for the next generation, 

with the likelihood of getting selected for each individual being inversely proportional to its 

fitness (UMAE). Arithmetic crossover is used in order to produce 28 new individuals. The final 

two individuals are created using uniform mutation. The GA begins with random genotypes 

which are real numbers in the range 0 and 1. Each genotype is normalized, by dividing the 

Table 8.2       UMAE and URMSE  comparison of proposed weighing schemes with the fixed-α and 

best- α schemes for Jester300
 

 

Configurations 
Fixed- α 
Scheme 1 

Fixed- α 
Scheme 2 

LGR UIS1 UIS2 OS USS UMS 

Given10 
UMAE 4.218 4.071 3.779 3.780 3.779 3.773 3.813 3.769 

URMSE 4.938 4.802 4.617 4.629 4.623 4.616 4.678 4.612 

Given15 
UMAE 4.203 4.092 3.808 3.808 3.808 3.808 3.832 3.806 

URMSE 4.911 4.820 4.593 4.604 4.593 4.591 4.644 4.590 

Given20 
UMAE 4.235 4.084 3.765 3.766 3.772 3.761 3.783 3.759 

URMSE 4.923 4.794 4.510 4.522 4.519 4.508 4.557 4.507 

Given25 
UMAE 4.161 4.004 3.689 3.692 3.691 3.688 3.705 3.686 

URMSE 4.854 4.721 4.429 4.438 4.429 4.429 4.461 4.428 
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weight of an α-estimate by the sum of all weights assigned to each α-estimate, so that all the 

weights add up to unity.  

 Once weights are evolved for each user, these weights are used to combine the sparsity 

measures to provide an α, to balance the local and global predictions and arrive at a final 

prediction. The predicted ratings produced by the UMS method is compared to the ones 

produced by the proposed sparsity measures and the fixed-α schemes, as shown in Tables 8.1 

and 8.2.The results clearly demonstrate that the UMS method outperforms all α-estimation 

schemes discussed above, under all configurations, both in terms of UMAE as well as URMSE. 

For each user the sparsity measure giving best quality predictions may be different, depending 

on the type of the dataset. UMS is able to learn the significance of each sparsity measure for 

each user, by examining the votes for items already rated by the user and hence is able to offer 

better quality predictions. 

8.5.4  EXPERIMENT 3 

The impact of various sparsity levels on performance of OS, LGR, UIS1, UIS2, USS and UMS is 

observed in this experiment. Jester dataset was chosen for this experiment, since it is dense and 

hence offers scope for constructing datasets with greater variation in the sparsity levels. 

Different levels of sparsity were achieved by retaining 100%, 95%, 90% and so on upto 10% of 

the total number of training users’ ratings, and discarding the rest of the ratings. This results in 

19 datasets with gradually escalating sparsity levels. The Given20 configuration was used for 

the comparison among the various schemes, for all the datasets generated. The other 

parameters such as the number of nearest neighbors and γ are set to the values as in the 

previous two experiments. 

 The performance comparisons of different schemes are illustrated in Fig. 8.1. where 

MAE under  the various schemes, are plotted for each dataset. The results show that for all 

schemes, the average error increases with the increase in sparsity. This is expected since, higher 

sparsity leads to poor neighborhood set and hence reduced prediction quality. 

As is clearly seen different sparsity measures give best results for the different datasets. The 

performance of the weighing sparsity measures, thus is highly dataset dependent. The UMS 

scheme, outperforms the other weighing schemes for almost all datasets, except the cases when 

90% and 30% of the training users’ ratings are retained.  
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Fig 8.1             Performance of UMS, LGR, UIS1, UIS2, OS and USS under different levels of 
sparsity  

 
 Another point to be noted is that the improvement that UMS offers over the other 

weighing schemes is more significant at lower sparsity levels. At higher sparsity levels, the 

difference in average error, between UMS and the best performing scheme among all sparsity 

measures, reduces. It may be because, with higher sparsity the GA has a limited ratings set to 

learn from.  

 It may also be noted that, when the dataset is dense, the LGR scheme performs best in 

most cases(90% to 55%), but at higher sparsity levels, the relative performance of the method 

deteriorates, in comparison to the other schemes. The USS scheme almost always performs the 

worst with the only exception being the case when 30% of the original ratings set, is retained. 
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Conclusions and future work  
   

9.1  CONCLUSIONS 

Recommender systems are personalization tools that not only help users to tackle the 

information overload problem but also enhance e-Commerce sales by converting browsers into 

buyers, increasing cross-sell and building consumers’ loyalty[Scharer, et al 2001]. Inspite of an 

almost two decade long research on recommender systems and its ever increasing application 

there are several novel dimensions along which recommender systems can be researched. We 

focus our research on developing effective “local” and “global” similarity estimation schemes 

for collaborative filtering i.e. information filtering through automation of “word-of-mouth”, and 

techniques to combine these to achieve the maximum possible benefit. While local similarity 

schemes infer user similarity through co-experienced items, global similarity schemes explore 

other avenues to infer (possible) like-mindedness among users. 

 To this end we first proposed schemes to employ evolutionary techniques to learn 

optimal similarity measures adapting themselves to a particular data setting. Chapter 3, 

introduced a novel technique of evolving user similarity functions based on a set of hybrid user 

features. The similarity measures for numerical attributes were represented as similarity vectors 

and those for symbolic attributes were represented by similarity tables. The similarity measures 

were learnt through evolutionary programs. The method of evolving individual similarity 

function for each of the hybrid feature allows each feature to influence ratings prediction 

independently, thus allowing integration of  predictions based on features whose type or range 

are vastly different. An alternate way to adapt user similarity computation to existing data 

environment is suggested in Chapter 4 where the focus is more on evolving a rating to 

preference map. User rating patterns are influenced by a gamut of external factors and 

tendencies and to analyze this information to extract user preferences is a challenging task. A 

technique to learn an optimal rating to preference transformation function using genetic 

programming is proposed in Chapter 4. The learnt ratings transformation function removes 

Chapter 
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ratings subjectivity and is used to guide the similarity assessment between user pairs. Such an 

optimal transformation map not only helps uncover hidden preferences thus aiding in better 

similarity estimation but also adapts itself as the data situation warrants thus improving the 

quality of recommendations irrespective of the data context/environment. The adaptive 

similarity assessment schemes were shown to improve upon the traditional methods of 

computing similarities using predefined heuristic based formulas such as Pearson Correlation 

Coefficient (PCC) and Cosine Similarity (COS) by offering better recommendation quality. 

 To enhance recommendation quality under sparse data situations we employ trust 

and/or distrust data and propose schemes for meaningful derivation of a users trusted peer set 

to supplement the (possibly) meager neighborhood set obtained through CF. In Chapter 5, we 

presented a referral-functional trust framework which estimates user referral trust by analyzing 

the user expressed binary trust statements and the user voting data available. The proposed 

estimates are heuristics based and take into account various aspects of assessing a person’s 

recommendation capability as is done in our daily life. The first technique suggests choosing 

referral partners from the set of trusted friends based on their wisdom in choosing friends. The 

second method focuses on quantifying the amount of referral trust based on the closeness of 

trusted neighborhood of the trustee to that of the trustor. Finally, we present a method of 

referral trust estimation based on their similarity in assessing other users. We suggest 

incorporation of referral and functional trust in the trust propagation framework to achieve 

better quality trust prediction between parties not linked directly but connected via the web of 

trust. Our methods improve prediction accuracy without compromising on security, since all 

users considered for referrals are the ones who are stated to be trustworthy by the trustors. We 

evaluate the effectiveness of the proposed techniques along different dimensions namely, 

sparsity of ratings data, trust network density and the trust propagation depth and demonstrate 

that our approaches are able to achieve better recommendation accuracy than TILD and TINR 

schemes[Massa & Avesani, 2005; Golbeck & Hendler, 2006], which do not differentiate between 

functional and referral trust, under denser data situations and for larger propagation horizons, 

while maintaining a comparable coverage.  Chapter 6 furthers the work done in Chapter 5 by 

utilizing distrust in addition to trust statements to densify the trust network. A system to 

deduce trust or distrust relationships among users from voting patterns as well as user 

expressed trust judgments is presented. The proposed tri-component trust and distrust 

estimation technique not only achieves improvement in the quality of recommendations but is 
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also able to infer more trust bonds between unconnected users. Secondly, from the trust bonds 

inferred between users by utilizing Extended Trust Network (ETN), we propose to sever low 

quality links between users by quantifying the risk in heeding to the trust judgments inferred. 

We put forth several risk evaluation schemes which are modeled as a function of ignorance, 

conflict and degree of refutation in the opinions about an entity. Under TP-ETN the removal of 

such high risk edges results in more reliable trust judgments inferred through trust 

propagation. Evaluation of the proposed framework against several baselines prove that our 

system is able to establish more effective links among users and thus provide better 

recommendations.   

 The techniques utilizing trust and distrust are only able to enhance user connectivity 

and cannot aid in addressing sparsity problems when an item based approach is followed. 

Chapter 7 presents techniques to derive a supplemental set of entities (users or items) which 

may be similar to a particular entity by harnessing the “local similarity” links derived through 

preference information. Such indirect similarity estimates aid in forming a rich neighbor set in 

the absence of additional information (such as trust). Such techniques traverse a user/item 

graph formed through local links to estimate the closeness between a pair of users. These 

approaches use the notions of distance or similarity between nodes in a graph and are proposed 

as a “deterministic” counterpart to the random walk based methods [Kim & Choi, 2007] to 

compute the similarity between unconnected entities. We first presented approaches operating 

on user graphs and item graphs separately and found that no single approach yields the best 

performance under all levels of sparsity. Under high sparsity the methods do not outperform 

each other significantly though all perform better than the local similarity measures. Under 

reasonably sparse data conditions we found that the proposed approaches, especially DP, 

outperform similarity using Maximin approach [Luo at al,, 2008] both in terms of prediction 

and classification accuracy. We then extended the similarity computation on graphs regarding 

both users and items as nodes. Our experiments show that the combined graph based method 

achieves better prediction accuracy than other methods of leveraging/combining user-user as 

well as item-item links only when data is very sparse. However, it outperforms the other 

methods in classification accuracy under all sparsity levels as reflected by the F-measure.  

 Finally, we present a more natural way of fusing predictions obtained through local and 

global similarity measures than a “one size fit all” strategy of computing the average of 

predictions. We presented several schemes for estimating the parameter α, to leverage on both 
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local and global neighbors for achieving quality predictions. The α estimates are based on the 

various kinds of sparsity in the data, which in turn can affect the quality of neighbors generated 

using local similarity measures. Taking into consideration the various factors which affect the 

local neighborhood quality, predictions based on our α estimates could attain considerable 

improvement over the state-of-the art prediction methods proposed in [Luo et al., 2008], by 

allowing global neighbors for the active users to complement the local neighbors in varying 

degrees, as the sparsity situation warranted. Through the application of real-valued GA to the 

automatic learning of weights for various sparsity measures, it was possible to appropriately 

assess true significance of individual sparsity measures for an active user. The learnt weights 

along with the various sparsity measures allowed the computation of a unified sparsity 

measure (UMS), that provide α estimates, which outperforms all α estimation schemes based on 

individual sparsity measures, in terms of prediction quality. Even under varying sparsity levels 

UMS gives superior performance than the other α-estimates, in most cases. 

9.2 MAIN CONTRIBUTIONS  

The major contributions of the thesis are: 

 

 Adaptive Similarity Assessment: Similarity measures which most accurately capture 

the factors affecting user like-mindedness are learnt from the available data instead of 

being hand-crafted. 

 Trust and Distrust Informed CF: In contrast to previous literature we take a two way 

view of trust as referral and functional trust and demonstrate their effectiveness in 

enhancing recommendations. Moreover, the proposed tri-component trust-distrust 

model enables a trust network to be densified which aids in improving quality of 

predictions in sparse data situations. Trust pruning strategies aid in improving the 

quality of inferred trust while not compromising on number of users reachable through 

web of trust. 

 Graph Based Global Similarity Estimates help to capture the similarity among those 

pairs of users or items who cannot be compared using local similarity measures. The 

factors such as connectedness and path length between users is taken into account while 

crafting the global similarity measures. 
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 A Personalized Unifying Scheme which facilitates combination of predictions through 

local and global similarity, while taking into account sparsity at the user and item level. 

9.3 FUTURE WORK 

This thesis focused on improving recommendations by designing effective schemes to 

determine user similarity under varying sparsity scenarios. Memory based CF consists of three 

steps, namely, ratings normalization, similarity estimation and aggregation. Plenty of research 

has gone into quantifying measures to perform each of these steps effectively where the 

effectiveness is measured by the resulting quality of recommendations. A future research 

direction is to learn ratings transformation function, the optimal similarity estimation scheme 

and aggregation function by employing machine learning techniques and to club them  to 

develop a “packaged” optimal CF framework.   

 The referral-functional trust framework as discussed in our work applied to only binary 

trust rating systems, i.e. systems where users can only be expressed trustworthy or not. It 

would be interesting to extend the scheme for referral trust computation to domains containing 

continuous valued trust statements i.e. where degree of expressed trust lies in the interval [0,1]. 

Such fine grained trust statements provide more information and would help in achieving 

higher accuracy in assessing the referral ability. A promising future work would be to explore 

the various alternative ways, as discussed in Chapter 6 in which risk/reliability of the issued 

trust statements can be used to fine tune the trust and distrust degrees among users. Another 

interesting future direction would be to automatically estimate the parameters      and   for 

the optimal combination of the three components contributing to the trust computation based 

on the data density and context. Learning techniques such as GA could be applied to learn such 

optimal set of parameters. The possibility of combining the advantages offered by each of the 

risk assessment policies by analyzing more deeply into which situations each would best work 

in can also be explored.  It would also be interesting to experiment with other trust inference 

schemes to further improve the performance of the system [Josang et al., 2006]. 

 The current thesis considers only two information sources namely user preference 

information and user expressed trust/distrust statements to aid in the recommendation. The 

integration of data from other information sources such as item contents or tag data with the 

existing global similarity schemes presents another avenue for investigation.  
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 The experiments comparing various global similarity schemes revealed that different 

similarity schemes perform best under different circumstances. In the future, we plan to 

investigate the performance of the proposed algorithms on larger, varied datasets and on 

parameters other than ratings density such as user-item ratio, average number of ratings per 

user (item) etc. Understanding the correlation between the performance of algorithm and the 

dataset features can help us adopt an ensemble approach where an appropriate 

recommendation algorithm is chosen as the data situation warrants. For example, in systems 

where the number of users far outnumbers the number of items an item based approach may be 

more efficient and effective. In such a situation a global item based similarity scheme could be 

chosen depending on the sparsity levels. Similarly when the sparsity is very high the system 

may adopt approaches based on UIG and as the matrix becomes denser switch to an 

appropriate user or item based scheme. 

 Accuracy is only one of the dimensions along which recommendation algorithms can be 

compared. Recent works suggest that accuracy metrics may not always reflect the usefulness of 

recommendations to the user. For example, McNee et al, 2006, argue that a travel recommender 

which suggests places that have already been visited by a particular user may not be much use 

to him even if the system is able to rank his preferred places accurately. Measures such as 

diversity (within recommended items), serendipity and robustness (against attacks) have been 

proposed to measure the usefulness and interestingness of recommendations. The algorithms 

proposed in this thesis can be evaluated along these measures. For e.g. trust based schemes can 

be evaluated for their robustness against attacks as compared to methods not utilizing trust and 

similarly the effect of global similarity measures on the recommendation diversity and 

serendipity can be investigated relative to local measures. 
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