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Executive Summary

The purpose of this deliverable D2.2 is introducing a theoretical framework for dynamic user
profile management and its related operations specifically creation and modification of user
profiles.

Existing methods for user behaviour monitoring and formalisation are studied and a state of
art in broader picture of contextualization and personalization is given, taken into account the
domain of the project, cultural heritage domain.

Within the proposed framework, we introduce two approaches, mainly contributing
mechanisms used for learning and building user profiles as well as mechanisms for enabling
personalized recommendation and filtering on behalf of museum users. Our approaches take
into account the adaptivity and dynamisms of user profiles, as suggested user profile qualities.
This enables us to measure how effective profiling framework works.

The introduced framework allowing us to create and learn dynamic user profiles for
SMARTMUSUEM project. We have used the generic user profile structure introduced in
D2.1 for generating generic and dynamic user profile structures, while by utilizing
collaborative filtering we learn and use profiled prefernces of users of the platform. As
collaborative filtering techniques are the main foundation of the work being done, we
introduce recommendation as a substantial part of the proposed framework.
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Introduction

The purpose of this section is to introduce the:

1 SMARTMUSEUM Project
1 Purpose, scope and context of this deliverable
1 Intended audience for the deliverable

SMARTMUSEUM Project

SMARTMUSEUM (Cultural Heritage Knowledge Exchange Platform) is a Research and

Developmen t project sponsored wunder the TReur opea
overall objective of the project is to develop a platform for innovative services enhancing on-

site personalised access to digital cultural heritage through adaptive and privacy preserving

user profiling. Using on-si t e knowl edge databases, gl obal
experiential knowledge, the platform makes possible the creation of innovative multilingual

services for increasing interaction between visitors and cultural heritage objects in a future

smart museum environment, taking full benefit of digitized cultural information.

The SMARTMUSEUM project supports achieving the following general goals:

A Lower i n giteacees to digitab cdultural heritage content,
Almproving structured, user behaviour and preference dependent on-site access to the
vast repository of cultural heritage,

A I mproving the individual and shared exper.i
resources,

A Bringing prelexgegenceacloserso@mah-expert dorhmunities,

A Making real reuse of personal experiences

variety of interest groups.

Deliverable purpose, scope and context

The purpose of this deliverable D2.2 is to present: 1) A survey of existing approaches to
dynamic user profile management and 2) A framework of implemented techniques for user
profile management.

Audience

The intended audience includes:

1 Primarily SMARTMUSEUM Partners involved in developing the user profile-related
operations

1 Project partners involved in SMARTMUSEUM WP2
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Background

In this section a brief information about the main elements of this deliverable is given. We
define personalization and usage profiling, and then the presentation aspects of profiles as
well as qualities considered for profiling the usage in museum domain are discussed.

Introduction to personalization, user modelling and profiling

User profiling takes its roots in human studies. A user profile is defined as gathering of raw
personal material about the user, according to (Koch., May 8th, 2005). User profiles gather
and present cognitive skills, abilities, preferences and interaction histories with the system
(Gauch, et al., 2007). According to (Middleton, et al., 2004), User profiling is either
knowledge-based or behavior-based. Knowledge-based approaches construct static models of
users and match users to the closest model. Questionnaires and special forms are used to
gather this user knowledge. Behavior-based methods consider the behavior as a modeling
base, commonly by utilizing machine-learning techniques (Middleton, et al., 2004) (Bloedorn,
et al., 1996) to discover useful patterns in the behavior. Behavioral gathering and logging is
used in order to obtain the data necessary to detect and extract patterns, according to (Kobsa,
2001).

Personalization systems are based on user profiles. 45 personalization systems are listed by
Pretschner (Pretschner, 1999), according to Gauch (Gauch, et al., 2007). Personalization
(Sieg, et al., 2007) can be provided to user by customizing the content or the visualization of
the system bas@vdibeleanl, 2003.er 6s profil e

Personalization techniques fall into two main categories (Dolog, et al., 2003).

First category are based mostly on adapting user interfaces and content selection and
rendering based on the user's performance and behavior in a certain domain. These techniques
are collectively referred to as Adaptive hypermedia techniques (Brusilovsky, 2001).

Another category of techniques is based on cognitive patterns (such as interests, preferences,
likes, dislikes, and goals) a user have. This information is mostly stored as user profiles and
stored at some kind of profiling or modeling server (Kobsa, 2007). These methods are known
as filtering and recommendation techniques. They filter resources based on features (mostly
metadata) extracted and gathered from a resource or according to ratings (generally weights)
of a user of similar profile, according to Dolog and Nejdl (Dolog, et al., 2003).
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Profiles Presentation

Emergence of Semantic Web, created new possibilities for profile-driven personalization.

Ontologies, at the heart of Semantic Web technologies, are used for two major purposes
(Dolog, et al., 2003). Mainly, they are utilized to formalize domain concepts which allow
describing constraints for generation or selection of resource contents belonging the domain
the user is keen towards, as well as being used to formalize the user model or profile ontology
(Dokoohaki, et al., 2008) that helps making decision which resources to be adapted (for
instance, shown or not shown) to the user. Ontologies along with reasoning create
formalization that boost personalization decision making mechanisms, according to Dolog
and Nejdl (Dolog, et al., 2007).

Ontological user profiles are becoming widely adopted. EU-project Spice constructs a multi-
ontological approach, across the domain of mobile communications, from which one of the
most important axis is user profile ontology (Sutterer, et al., 2008). Within the domain of
digital cultural heritage, CHIP project’ is definitely a significant stake holder. Considerable
amount of research attention has been payed on semantically formalizing the user domain
(Wang, et al., 2007) (Aroyo, et al., 2007), as well as personalization of information retrieval.
Hybrid ontological user models are consumed to learn, gather, store and use personal user
data, according to which semantically-enriched art works are recommended to, during both
on-line and on-site visit to exhibition.

We have considered utilizing hybrid user models (Dokoohaki, et al., 2008), which incorporate
a semantic presentation of personal information about users as well as incorporating notions
of trust, privacy and ranking for items the user has interest towards. For a complete
drescription of the formalization of SMARTMUSEUM user profile, reader is advised to read
D2.1.

1. 1The CHIP (Cultural Heritage Information Presentation) projep.//www.chipproject.org/
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Profiles Qualities

The quality of user profiles is a key to success of profile-based systems. Fromtheuser 6 s poi nt
of view, there are two potential problems, according to (Cetintemel, et al., 2000). The most

important one is precision problem: If a large proportion of the items that the system sends to

a user are irrelevant, then the precision of the system and its performance becomes a question

to user. Qualities can be characterized and studied to measure the precision of the system. We

have considered two main qualities for user profiles in SMARTMUSEUM scenario. First is
self-adaptivity and second is dynamicity.

We have proposed a self-adaptive profiling framework which represents user interests as a

dynamic set of profile records. As pointed out previously, we presented the structure of these

profiles in D2.1. The structure of the profiles were chosen to be generic, in order to adapt

themselves to dynamic changes in environment, which in our case, these changes will come

from chronical changesi n user s0 i nt enunte of secordssduewoeCRUD as t h
(create, read, update and delete) operations that take place on user profiled material.

This creates a notion of flexibility. This flexibility enables our approach to trade off
effectiveness and efficiency, which in turn, enables it to be tuned based on the
requirements/characteristics of our target environment. As a matter of fact, effective profile
management requires techniques for representing data items and profiles, assessing the
relevance of the profiles to data items, and updating the profiles based on user feedback.

As stated previously, generic format of the records in which we store user data creates a
felxible structure which allows dynamic information about users to be stored and retrieved.
Dynamic aspect of the profiling framework allows preferences to be updated and changed
regularlytocr eat e a more precise model of the wuser

The framework of dynamic operation, discussed later on point outs the dynamicity of the user
profiles and it shows how effective they maintain the dynamicness of the content stored and
retrieved from the user profiles.
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Personalization, Recommendation and
Contextualization in Museum Domain

This section gives a thorough survey of state-of-art research in contextualization and
personalization. The focus has been given to works within similar domain.

Overview of existing work on personalization in cultural heritage

Within the domain of cultural heritage different approaches can be distinguished, some of
them are more content orientated and some context oriented depending on the task to be
solved.

Several projects are initiated to provide the best content in a certain context for users, like for

providing personalized information in museums ( Hy v°® nen, eHyalnen 20260

(Sparacino, 2004), location-aware tourist guides (Abowd, et al.) (Cheverst, et al.) (Fink, et
al., 2002) (Lam, et al., 2007) for handling personalized customer relationships (Kobsa, 2001),
for providing a news program (Billsus, et al.) (Singh, et al.) for managing context information
in mobile devices(Kor pi p22 et al ., 2003), &etc.

As we could generalize the main directions of the research are the context and the content.

When the t-awar &@ owa & x f (Schilttet al., 2994) ¢Sdhilit; et al.,
1994) then it defined the context as location, emphasizing nearby people and objects and
changes related to those objects. (Dey, et al., 2001) define context more broadly and context
refers to any information that characterizes a situation related to the interaction between
humans, applications, and the surrounding environment. Context is typically the location,
identity, and state of people, groups, and computational and physical objects. A survey of
context-aware applications is given by (Chen, et al., 2000) and a solution for supporting
context aware application prototyping by the Context Toolkit is presented (Day et al., 2001).
To provide context specific services on the one hand context information can be used, but on
theotherhand wuser déds previ ous act ntovaccdunt &csprowade

a

informationinaper sonal i zed manner, personalized

based thereon, make generalizations and predictions about them (Fink & Kobsa, 2002). Some

methods and tools must be used to generalize and pred i ¢ t user 6s behavi

personalized content.

Content on the web is available in different forms, as text documents, audio and video files,
images, etc. Therefore the content can be defined content broadly as the stuff in your Web site
(Rosenfeld, et al., 1998). on the web all kind of cultural content is available. Question is how
to find out most relevant information sources and to provide them for the user in an
appropriate manner.
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The use of standardized approach makes the access to the cultural context easier and therefore

somecontentmodel s for semantic cul tural portals h;

Several projects have been initiated using the semantic web that are oriented to provide
personalized and context-aware information for the museum visitors. Like the project
MUSEUMFINLAND ( Hy v° ne n, 2007; Hyv°®nen et al
of ontologies, it is possible to make collections semantically interoperable, and provide the
museum visitors with intelligent contentbased search and browsing services to the global
collection base.

Another example of a personalized cultural semantic portal is the CHIP project (Aroyo, et al.,
2007) In the project an interactive approach is used to collect data about museum visitors in
terms of their interests and preferences about artefacts from the Rijksmuseum collection. This
data is stored in user profiles used further to recommend routes through the museum and to
guide the users towards artefacts related to their interests and preferences. The overall goal of
the project is to explore different users' characteristics and personalize users' museum
experiences within the Rijksmuseum virtual and physical collections (Aroyo et al., 2007).
And also a tourist context-aware guiding system, iJADE FreeWalker, which uses Semantic
Web technologies, integrates GPS, ontology and agent technologies to support location
awareness for providing the precise navigation and classify the tourist information for the
users (Lam & Lee, 2007).

State-of-art approaches to user profile learning and construction

In this section (Kirt, 2008) the methods used in different content and context based
applications are introduced. Depending on the problem to be solved there are used a number
of methods.

We have picked out five most referred methods that can also be used in our project.

The five groups of methods and their applications are as follows:

71 Data Miningi mining association rules between sets of items in a large database of
customer transactions (Agrawal, et al., 1993) (Agrawal, et al., 1994), data mining for
web personalization (Mobasher, et al., 2000);

1 Conceptual Clustering a web document clustering algorithm-WebDCC (Godoy, et
al., 2006), adaptive Web sites (Perkowitz, et al.), and user" interests estimator (Kim, et
al., 2008).

1 Naive Bayes$identifying interesting Web sites to a user (Billsus, et al., 1999), a model
for news story classification, named News Dude (Billsus, et al., 1999), developing

context-aware mobile application ( Ko r petap,2083)( Kor pi p2 2 ,; et
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1 Bayesian Network user-centered approach for computational storytelling
(Sparacino, 2003; 2008);

Neighbourhood based methodsi for example, Self-Organizing Mapi a user activity detection
(Laerhoven, et al., 2000) and location detection (Schmidt, et al.).

But usually all kind of methods are combined to get the best results. Like a project
constructing an appropriate user profile uses three different machine learning algorithms in
the model building process: Bayesian network, clustering and rule-based models (Sugiyama,
etal., 2004).

Data Mining

(Hand, et al., 2001) have defined data mining as follows: Data mining is the analysis of (often
large) observational data sets to find unsuspected relationships and to summarize the data in
novel ways that are both understandable and useful to the data owner.

The relationships and summaries derived through a data mining exercise are often referred to
as models or patterns.

In data mining, association rule learners are used to discover elements that co-occur
frequently within a data set consisting of multiple independent selections of elements (such as
purchasing transactions), and to discover rules, such as implication or correlation, which
relate co-occurring elements.

Agrawal, Imielinski and Swami (1993) have introduced the problem of mining association
rules between sets of items in a large database of customer transactions. Each transaction
consists of items purchased by a customer in a visit. We are interested in finding those rules
that have: Minimum transactional support s & the union of items in the consequent and
antecedent of the rule is present in a minimum of s % of transactions in the database.
Minimum confidence ¢ 0 at least ¢ % of transactions in the database that satisfy the
antecedent of the rule also satisfies the consequent of the rule.

Commonly the confidence threshold value is chosen. But the fixed confidence threshold has
little basis in statistics, since some sets may exceed it simply by random coincidence (thereby
defeating the goal of finding meaningful correlations), and some meaningful associations may
occur in the data without reaching the threshold (Zaki, 1999). However, in practice it does
eliminate vast numbers of insignificant sets.

An example of data mining, often called the market basket analysis, relates to its use in retail
sales (Agrawal, Imielinski, & Swami, 1993). If a clothing store records the purchases of
customers, a data mining system could identify those customers who favour silk shirts over
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cotton ones. Although some explanations of relationships may be difficult, taking advantage
of it is easier.

The ability to track user browsing behaviour down to individual mouse clicks has brought the
vendor and end customer closer than ever before (Mobasher, Cooley, & Srivastava, 2000). It
Is now possible for vendors to personalize their product messages for individual customers on
amassivescale,aphenomenon referred to as fnakss
can involve the discovery of association rules.

Datz Warghouse

Local Model Azgregation [+ FoslMedsl )

Diztz Mming Tools '

Local

Diztz Transformanon &Intesration Modsal

Local
Modal

/ / \ Data Minmz ,  Dam Minme Data Mining
Exfractor Exmactor Exfrsctor Alzorithm ) _Algorithm ) _Algorithm
|| | e | |

e b ™ g

Dara Source Data Source Dtz Source Datz Source Datz Somrce Dam Source

Figure 1 - A data warehouse architecture and distributed data mining framework (Park, Kargupta, 2003)

An overview of mining systems for distributed applications like data mining primitives in ad
hoc wireless networks of mobile devices like PDAs, cell phones and wearable computers
(Park, et al., 2003). Zaki (1999) surveys the state of the art in parallel and distributed
association-rule-mining algorithms and concludes that such systems are still in their infancy,
and a lot of exciting work remains to be done in system design, implementation, and
deployment.

In the Smartmuseum project the association rules can be used to identify user preferences and
to give him some advices which objects in the museum might be interesting. The generation
of association rules is very fast and it can be applied to a large database. But it is noted that
the selection of reasonable rules is rather difficult.

Conceptual Clustering

Clustering is the classification of objects into groups by using sufficient number of variables.
The classified objects can be connected to predefined categories that characterize the object in
the best way. As (Rosch, 1978) pointed out the purpose of the categorization system of an
organism is to provide maximum information about the environment with the least cognitive
effort. Categorization must use features that maximize similarity between the samples in the
cluster and at the same time separate different clusters as well as possible.
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There are a variety of theories specifying the best way to categorize objects. They range from
the classical theory (Laurence, et al., 1999) or the prototype theory (Rosch, 1978) to a
dynamic approach as the situated simulation theory (Barsalou, 2003). The classical theory
holds that the category membership is defined as a set of necessary and sufficient features. If
an object does not exhibit the necessary and sufficient features, then it does not belong to the
category. Whether an object belongs to a category in the prototype theory is decided by using
its similarity with a prototype (Rosch, 1978).

To measure similarity with the prototype, a set of features is needed. Some of the features
have higher weight than others and the membership of the sample in a category is determined
by measuring similarity between a sample and the category representation. The situated
simulation theory states that conceptual representation and the category membership is highly
contextualized and dynamical and is dependant on the previous experience and the current
situation (Barsalou, 2003).

Conceptual clustering is a machine learning task for unsupervised classification of objects
(Michalski, 1980). A most known example of the conceptual clustering approach is a
conceptual clustering system COBWEB (Fisher, 1987). COBWEB is an incremental system
for hierarchical conceptual clustering. The system carries out a hill-climbing search through a
space of hierarchical classification schemes using operators that enable bidirectional travel
through this space (Fisher, 1987). The COBWEB algorithm is an incremental method and is
connected to the observation that most of human learning can be viewed as a gradual process
of concept accusation and human ability for incorporating knowledge from new experiences
into existent concept structures.

There are two ways of clustering (Kim Chan, 2008).

First, agglomerative (bottom-up) hierarchical clustering algorithms initially put every object
in its own cluster and then repeatedly merge similar clusters together, resulting in a tree shape
structure that contains clustering information on many different levels.

Second, divisive (top-down) hierarchical clustering algorithms are similar to agglomerative
ones, except that initially all objects start in one cluster which is repeatedly split. The
conceptual clustering belongs to the latter one.

There is a number of different approaches to the conceptual clustering.

(Godoy, et al., 2006) have presented a document clustering algorithm, named WebDCC (Web
DocumentConceptual Clustering) that carries out incremental, unsupervised concept learning
over Web documents in order to acquire user profiles. (Perkowitz, et al.) have built adaptive
Web sites: sites that automatically improve their organization and presentation by learning
from visitor access patterns.
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(Kim, et al., 2008) are extracting a continuum of general (long-term) to specific (short-term)
interests of a user. The proposed approach is to learn a user interest hierarchy (UIH) from a
set of web pages visited by a user. They have developed a divisive hierarchical clustering
(DHC) algorithm to group words (topics) into a hierarchy where more general interests are
represented by a larger set of words.

Their divisive algorithm does not necessarily generate binary splits and uses a minimum
cluster size as one of the stopping criteria. However, instead of using category utility to
determine if child clusters are generated, we use a graph-based method and a different
similarity function. (Kim, et al., 2008)

(Singh,etal) ar e attempting to model the wuser
i.e., general reading of the news with basic themes of interest that may change slowly over
time. It is adaptive approach in the sense that once the initial profile or interest hierarchy is
built, the leaf categories of the hierarchy are updated after each session with the explicit
feedback of the user. This adaptive phase continues the learning and can also model the
Adrifto in userod6s interests over ti me.

Another approach for building visual ontologies is to hierarchically cluster a visual training
data set. Such clustering methods have been used earlier for ontology discovery in textual and
numerical data (Clerkin, et al., 2001) The main advantages of the method of conceptual
clustering are that it uses unsupervised learning method and it is incremental and can adapt
new items into a conceptual structure. But there is not known how such methods behave in
the case of large data sets and whether they are applicable if the number of variables is rather
large end their mutual relations are complicated.

Naive Bayes

A graphical approach to classification is called the naive Bayes model, in which conditional
independence assumptions are used to simplify the model structure (Bishop, 2006). The
structure of the naive Bayes classifier is a Directed Acyclic Graph (DAG) that represents the
conditional probabilities with arrows between variables, and independence of variables if the
arrowismissing ( Kor pi p22) et al ., 2003

As the method is a very simple estimation of likelihood it is widely used in application of
personalization and context awareness. For example, for identifying which Web sites would

be interesting to a user(Pazaniyetaly 0®)aRlay esi an

model for news story classification, named News Dude (Billsus, et al., 1999). the naive
Bayesian networks are applied to classify nine contexts of a mobile device user in their

normaldailyacti vities (Korinp222a et al., 2003).

Naive Bayes framework is feasible for context recognition. In real world conditions, the
recognition accuracy using leave-one-out cross validation was 87% of true positives and 95%
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of true negatives, averaged over nine eight-minute scenarios containing 17 segments of

different lengthsandnined i f f er e n't contexts (Korinp?2?@a,

Bayesian Network

Bayesian networks are graphical structures for representing the probabilistic relationships
among a large number of variables and doing probabilistic inference with those variables
(Neapolitan, 2003). The Bayesian network shares some common characteristics with the
conceptual clustering; both of them are data driven methods and use unsupervised learning
strategy.

Bayesian networks are directed acyclic graphs (DAG), where the nodes are random variables,
and certain independence assumptions hold. To specify the probability distribution of a
Bayesian network, one must give the prior probabilities of all root nodes (nodes with no
predecessors) and the conditional probabilities of all nonroot nodes given all possible
combinations of their direct predecessors. Bayesian networks allow one to calculate the
conditional probabilities of the nodes in the network given that the values of some of the
nodes have been observed (Charniak, 1991).

A good example of the use of the Bayesian network is given by Sparacino (2003). The
Bayesiannet wor k i s wused to identi fy -tnmeeensd-s
driven multimedia audiovisual stories.

The network is used in the Museum Wearable (Sparacino 2003), a device which delivers an
audiovisual narration interactively in time and space to the visitor as a function of the
estimated visitor type.

This device is a museum gui de wheferendes by n

al

pref

rea

observing his/ her path and |l ength of stops

content from a set of available movie clips, audio, and animations. The process consists of
three phasesif i r st model |l i ng t he histhe iint@rest priofitepand
subsequently the selection of content.

The museum wearable uses a Bayesian network to provide a real time estimate of visitor
types: a greedy type, who wants to know and see as much as possible, and does not have a
time constraint, a busy type who just wants to get an overview of the principal items in the
exhibit, and see little of everything, and the selective type, who wants to see and know in
depth only about a few preferred objécte(sses
Figure 2).

»appr ] [ﬂ Heritage Malta Grant Agreement Number: FP7-216923

2 ) . Acronym: SMARTMUSEUM
C (ot » eliko

Project title: Cultural Heritage Knowledge Exchange

"QB’:' lwzu,»r_l e ;M St Platform

t hen

fisho



Smartmuseum

1

MIT MUSEUM
| e
Figure 2 - Three visitors type (Sparacino, 2003)

For example, some objects can be very interesting or less interesting, according either to the

opinonof the curator, or tihifornatiorbchnibeceticaled pmthe f er e n «
Bayesian network. Moreover, it would be possible, theoretically, at the end of each week, to

take the posterior probabilities for all objects and all visitors, and reintroduce them as priors

of the Bayesian network the following week (Sparacino, 2008).

The Bayesian network is rather widely used in different applications. The unsupervised
learning approach is the main advantage of this algorithm and also its way to handle missing
variables. On the other hand the creation of Bayesian network is rather resource consuming
and in case of large databases it might not to be applicable.

Neighbourhood based methods

Self-Organizing Map

The self-organizing map SOM (Kohonen, 1982) (Kohonen, 2000) is a neural network that
uses an unsupervised learning algorithm. It means that there is no prior information presented
to the algorithm on how input and output are connected. The SOM can be used for clustering
and visualizing multidimensional data and for reducing the dimensionality of the data by
plotting them in a two-dimensional output grid, also called a map.

For the visualization of the self-organizing map, a Unified distance matrix (U-matrix) is often
used. A light colour corresponds to a small distance between two map units and a dark colour
represents a bigger difference between the map units. The points on the output map that lie in
the light area belong to the same group or cluster, while the dark area shows the borders
between the clusters.
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The SOM is widely used in several applications, because of its simplicity. An example of the
use of the SOM in a user activity detection (Laerhoven, et al., 2000) and location detection
(Schmidt et al., 1999).

Nearest Neighbour

Even more close to the ideas of prototype theory, is the method called the nearest neighbour.
It is similar to the SOM and quite often used to identify the cluster borders on the SOM. The
method of nearest neighbour is for classifying objects based on closest training examples in
the feature space. The k-nearest neighbour is used in a user activity detection (Laerhoven, et
al., 2000).

(Dai, et al., 2003) have argued by using the k-Nearest-Neighbour (kNN) approach and

compare the record with the historical records of other users in order to find the top k users
who have similar tastes or interests. The mapping of a visitor record to its neighbourhood
could be based on similarity in ratings of items, access to similar content or pages, or
purchase of similar items. The identified neighbourhood is then used to recommend items not
already accessed or purchased by the active user. The advantage of this approach over purely
content-based approaches which rely on content similarity in item-to-item comparisons is that

it can capture fApr agiteastbased on haweheimintendednusetori p s

based on similar tastes of the users.

The nearest neighbours are used in the application of News Dude (Billsus, et al., 1999). For
identification of stories that the user already knows the nearest neighbour algorithm (NN) is
used. The NN algorithm simply stores all its training examples, in our case rated news stories,
in memory. In order to classify a new, unlabeled instance, the algorithm compares it to all
stored instances given some defined similarity measure, and determines the "nearest
neighbour” or the k nearest neighbours. The class label assigned to the new instance can then
be derived from the class labels of the nearest neighbours.

Advantages of the SOM are that it is unsupervised method and there is no need to predefine
categorisation rules. The main disadvantage of the SOM is that it is rather resource
consuming. The k-NN algorithm is a very simple one and can be used as a preliminary
method to discover the most similar behaviour of the other visitors.

Latent Semantic Indexing / Analysis

In this section the latent semantic indexing/ analysis is introduced. As the idea of the latent
semantic indexing is very simple therefore it is widely used in information retrieval systems.
Information retrieval is process of finding documents or other information that is meets users
needs or interests (Meadow, et al., 2007).
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Deerwester et. al. (1990) have proposed a method to deal with the vocabulary problem in
humancomputer interaction using the singular value decomposition and called their approach
Latent Semantic Indexing (LSI), known also as Latent Semantic Analysis (LSA).

The LSI is based on the singular value decomposition (SVD). A practical algorithm to solve
the Singular Value Decomposition was introduced by G. Golub and W. Kahan in 1965. The
SVD is as a decomposition technique for calculating the singular values, pseudo-inverse and
rank of a matrix. The SVD is a linear algebra technique for reducing dimensionality of the
data.The SVD is used to find out higher-order regularities in the original term-by-document
matrix. The new dimensions in the reduced space are linear combinations of the original
dimensions and are better representation of documents and queries, because noise is reduced.

State-of-art on recommenders and recommendation techniques

Recommender systems are among the most popular personalization systems and solutions
available. Recommendation problem is commonly defined as the problem of estimating
ratings for the items that have not been seen by a user (Adomavicius, et al., 2005). Such
estimation is usually based on the ratings given by this user to other items and on some other
information. Once we can estimate ratings for the yet unrated items, we can recommend to the
user the item(s) with the highest estimated rating(s).

Items can be of any type (Candillier, et al., 2009), such as films, music, books, web pages,
online news, jokes, restaurants and in SMARTMUSEUM case, cultural heritage artifacts.
Recommender systems help users to find such items of interest based on some information
about their historical preferences.

An inventory of existing recommender systems and their application domain which have been
developed, is listed by (Nageswara Rao & Talwar, 2008).

Recommender systems fall into three major categories:

1 Collaborative filtering : The user will be recommended items similar to the ones the
user preferred in the past.

1 Content-based filtering: The user will be recommended items that people with
similar tastes and preferences liked in the past.

1 Hybrid filtering : These methods combine collaborative and content-based methods.

The recommendation system designer must select which strategy is most appropriate given a
particular problem.
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For example, if little item ranking is available then a collaborative filtering approach is
unlikely to be well suited to the problem. If item descriptions are not available then content-
based filtering approaches will be not suitable.

Collaborative filtering

In collaborative filtering, the input to the system is a set of user ratings on items. Users can be
compared based upon their shared appreciation of items, creating the notion of user
neighbourhoods.

Similarly, items can be compared based upon the shared appreciation of users, rendering
the notion of item neighbourhoods. The item rating for a given user can then be predicted
based upon the ratings given in her user neighbourhood and the item neighbourhood. We can
distinguish three main approaches: userbased item-basedand modetbasedapproaches.

User-based Approaches

For user-based approaches (Resnick, et al., 1994) (Shardanand, et al., 1995), the prediction of
a user rating on an item is based on the ratings, on that item, of the nearest neighbours.

So a similarity measure between users needs to be defined before a set of nearest neighbours
is selected. Also, a method for combining the ratings of those neighbours on the target item
needs to be chosen.

Item-based Approaches

Recently, there has been a rising interest in the use of item-based approaches (Sarwar, et al.,
2001) (Karypis, 2001) (Linden, et al., 2003) (Deshpande, et al., 2004). Given a similarity
measure between items, such approaches first define item neighbourhoods. The predicted
rating for a user on an item is then derived by using the ratings of the user on the neighbours
of the target item.

Model-based Approaches

The general idea in Model-based Approaches is to derive a model of the data off-line in order
to predict on-line ratings as fast as possible.

The first type of models that have been proposed consist of grouping users using clustering
and then predicting a user rating on an item using only the ratings of the users that belong to
the same cluster.
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Bayesian models have also been proposed to model dependencies between items. The
clustering of items has been studied extensively (e.g. (Ungar, et al., 1998) (O6 Conner ,
1999). Also, models based on association rules have been studied by (Sarwar et al., 2000) and
(Lin et al., 2002).

et

Probabilistic clustering algorithms have also been used in order to allow users to belong, at
some level, to different groups (Pennock, et al. 2000) (Kleinberg, et al., 2004). And
hierarchies of clusters have been proposed, so that if a given cluster of users does not have an
opinion on a particular item, then the super-cluster can be considered (Kelleher, et al., 2003).

A numerical example of the goal of collaborative filtering algorithms is given below
(Liv,2008) .

Let us have the following table of people and ratings. Cells of the matrix should be interpreted
as Leorated Pulp Fictionwith a score 2. Let us have a matrix of such ratings, where several
(often most) of the ratings are missing (people have not seen the movie, book, objects etc.) T
our goal is to predict (within a continuous scale) how would (for example) Leo rate Tarzan
(considering all the information about his and other past behaviors).

Pulp Star Wars | Tarzan | Kevade
fiction
Leo 2 4 ? 1
Andres |5 ? 2 1
Ants 2 2 2 5

Similarity Measures

The similarity defined between users or items is crucial in collaborative filtering. The first one
proposed in (Resnick et al., 1994) is the Pearson correlation.

It corresponds to the Cosine of deviations from the mean. Simple Cosine or Manhattan
similarities are also traditional ones. For these similarity measures, only the set of attributes in
common between two vectors are considered. Thus two vectors may be completely similar
even if they only share one appreciation on one attribute, according to (Candillier, et al.,
2009).
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Content-based filtering

Content-based recommendation (Candillier, et al., 2009) systems recommend an item to a
user based upon a description of the item and a profile of the useri s interests.

Content-based recommendation systems share in common a means for describing the items
that may be recommended, a means for creating a profile of the user that describes the types
of items the user likes, and a means of comparing items to the user profile to determine what
to recommend. Item descriptors can be the genre of a film or the location of a restaurant,
depending upon the type of item being recommended. Finally, items that have a high degree
of proximity to a given useri s preferences would be recommended.

A User profile may be built implicitly from the useri s preferences for items, by searching
for commonalities in liked and disliked item descriptions, based upon her past actions or
explicitly through questionnaires about her preferences for the item descriptions.

A User model may be learned implicitly by an automatic learning method, using item
descriptions as input to a supervised learning algorithm, and producing user appreciations of
items as output.

Preferences indicate a relationship between a given user and data. In recommender system
research, a preference must be both machine codable and carry useful information for making
recommendations. For exampl e, in the field of ci nema
|l i ke Jackie Chan as an actoro can be coded a

Hybrid filtering

In the case of hybrid filtering, both types of information, collaborative and content-based, are
exploited (Candillier, et al., 2009). these technologies can be combined in various ways that
make use of both user appreciations of items and their descriptor-based preferences. Other
sources of data like social and demographic data about users can also be used.
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Dynamic Profile Operations

In this section the framework for dynamic profile operations are introduced.

We begin by learning and constructing statistical notions of user profiles and how to
dynamically update the learned profiles. Based on the statistical learning methodology, a
collaborative filtering engine is implemented and introduced, as a proof of concept prototype.
Next, an extended approach is introduced which takes into account semantics and trust for
extending a CF recommender system. The approach, being taken is introduced along with
description of the system being implemented as a proof of concept. Finally, two approaches
for learning and building user interests based on nearby geographical locations are described
and introduced.

Statistical Learning and Construction of User Profiles

In this section (Liv, 2008) we introduce the approach under taken for learning the preferences
of the users using pure statistical methodologies.

First the modeling and measuring of the preferences of the user interests are introduced and

then approaches chosen for composition of learning of interest indicators are introduced and
the incremental learning of the user profiles are discussed.

Modelling and Measuring User Preferences and Interests

The generic profile structure introduced, allows incorporation of rankings and ratings into the
data about the items user has interest towards. As a numerical value is chosen for modeling
and measuring interest degree of the users, the levels are taken from the range of [-1,1].

Existing suggestion, follows preference and behavior levels suggested in D1.1 for modeling
usage behaviour:

1 1: strong like, manually ing.
1 0.7: user fetches a lot information about the object.

1 0.3: user fetches basic information about the object.

1 -0.01: user visits room with the object, shows no interest.
1

-1: strong dislike, manual input.
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According to standard classification of scales, such data would be something between ordinal
(ordered, but differences between values are strongly subjective) and interval (ordered,
constant scale, no "natural” zero) data. Therefore, it would be reasonable to test several
approaches to model the behaviour T both method-wise and data-wise.

For collaborative filtering approaches (based on previous knowledge about rating, the attempt
is made to predect an unknown rating as a float data type) we will look at the same data as
continous values. For data mining techniques we can consider the dataset as categorical (but
ordered) data. Several algorithms prefer binary input data for better computational efficiency,
therefore even categorical data should be preprocessed the following either way:

1 User'srating (float) should be derived into five binary attributes: rated_1=
TRUE/FALSE, rated 0 7= TRUE/FALSE, rated 0 3= TRUE/FALSE, rated_ m0_01=
TRUE/FALSE, rated_m1=TRUE/FALSE or even (if they are treated as categorical
data anyway) rated_strong_like= TRUE/FALS&gched_a_lot _info= TRUE/FALSE,
fetched_basic_info=TRUE/FALSE etc. Additional data consistency check could be
applied to such derived attributes (e.g. only one TRUE value per block);

1 User'srating (float) should be derived into two blocks of binary atites:
rated_higher_than_0= TRUE/FALSE, rated_higher_than_0_01= TRUE/FALSE,
rated_higher_than_0_3= TRUE/FALSE etc and rated_lower_than_1= TRUE/FALSE,
rated_lower_than_0 7, rated lower_than_0_ 7=TRUE_FALSE etc. Such derivation
scheme allows several true vatuper block;

1 Only one binary value can be chosen to present the "liking" according to some
threshold.

Selecting and Combining Initial Profile Learning Techniques

If we are considering the problem of making recommendation based on the past behavior, we
can only look at it as a unsupervised learning problem (there is no other training data than the
input data itself and we are looking for connections between the input data in a completely
unsupervised manner).

Mining for association rules frequent closed itemsets (basically a two-mode clustering
approach) and collaborative filtering approaches account for more than 80% of the solutions
typically used for this kind of problems. There are several interesting methods to transform
t he firecommetoaoaetoritvml | neaceé ® nal Aproximity spa

Association rule mining

Association rule mining (Agrawal, et al., 1993) (Agrawal, et al., 1994) is an accepted
methodology, several companies with strong market cap (Microsoft, Oracle, IBM, SPSS) are
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already shipping their proprietary implementation of the technique in several off-the-shelf
products, bringing it closer to end-user consumption of exploratory data analysis methods. A
typical example of association rules is a book recommendation in Amazon e-store, where
customers receive recommendations based on similarities in their and other users' behaviour
in the past (Customers who like product X, tend to like also product Y). Typical measures of
such rules are support (number of rows supporting such rule) and confidency (out of all rows
liking product X, how many of those like also product Y).

A numerical example of an association rule:

People, who like objects X and Y, tend to like object Z.
Frequent closed item set mining

Frequent closed itemset mining (Pasquier, et al., 1999) (Zaki, et al., 2002) is an enhancement
of frequent itemset mining for pruding redundant patterns based on the closure property of the
pattern combination lattice. Frequent closed itemset mining produces sets of objects which are
commonly co-bought, co-chosen, co-used, e.g. products X,Y,Z are bought together with
frequency F. Pruning using the property of closure would eliminate all subset combination of
the same set of items, if they have an equal frequency. Counting the customers who bought
together products X,Y,Z is trivial, but the set X,Y,Z is initially unknown and brute-forcing
would result an exponential explosion of compexity (2(n-1) combinations should be tested).

A numerical example of a frequent closed itemset result:

Objects X, Y and Z tend to be liked together.
Simple Collaborative Filtering: Utilizing Statistical User Profiles

Approach taken here for filtering the items, is Slope one (Lemiere et al, 2005). Slope one is
the simplest form of non-trivial item-based collaborative filtering based on ratings.

Dataset for the initial modelling

As currently no data exist about objects in the museum exists, neither there are datasets
available online that would fit exactly to our needs. A recommendation system dataset from
GroupLens® was chosen for an algorithm testing, it assumably shares the distribution of

2 GroupLens is a research lab in the Department of Computer Science and Engineering at the University
of Minnesota (http://www.grouplens.org/)
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ratings (Power law®/Zipf*). For all three different approaches the dataset need a (different!)
preprocessing. However this is no fallacy as finally only one approach will be probably
chosen and recommendations are not recalculated real time. Ratings are originally on the
scale of 1 to 10, which have to be mapped for the suggested rating values for this project.

Recalculation and incremental learning of user's preference

Currently it is suggested to recalculate the recommendations once a week, which allows
satisfactory computational time even with modest server configurations. In practice, interval
of recalculations could be as low as an hour. Any recalculation scheme with shorter intervals
should incorporate some incremental learning heuristics of decomposed parts of the system of
ratings.

Input data format for algorithms

Collaborative filtering algorithm takes data in (rows of) information triples
<user,object,rating>, i.e. a list format for a data matrix, especially suitable for sparse matrices.

Example:

1,1,0.7
1,2;1
131
2,11

Association rule and frequent closed itemset mining algorithms require the data to be
differently preprocessed.

Example.

(each row is a user, however the order of users is not important for rule generation)
(TRUE/FALSE information is not additionally provided, only true value attributes exist in the
row)

(row /user 1) fetched_a_lot_of _information[1] strong_dislike[2] strolikge[3]

(row/user 2) strong_like[1]

3 http://en.wikipedia.org/wiki/Power law
4 http://en.wikipedia.org/wiki/Zipf%27s_law
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Output data buffering for algorithms

The output of algorithms should be stored for rapid real-time access i if an object is viewed,
instantly a recommendation should be given to the user.

Association rules and frequent closed itemsets can be stored as triples in database
<objectl,object2,pattern_importance/support/confidensg>the database query of “sort the
recommendations for objectl based on the pattern importance value" could be performed on
database server. Collaborative filtering algorithm could give top objects with best predicted
value, but at current state should be tested more for convenient real-time access.

Recalculation procedures can take a lot of computational power, but the output should always
be stored in a database to enable fast queries of the updated behavioral model at any time.

Analysis

User profile summary described by D1.1 and D2.1, is sufficient to perform all the behavioral
modeling of user profiles described in this document.

The choice of the previous algorithms comes down to total running time of the algorithm and
value added. Mining of closed frequent itemsets was chosen for the following reasons:

1 Fastest running time;

1 Symmetric recommendation is quicker and more reasonable in practice. First intuition

mi g ht suggest, t hat we might be interest
person | i ked object X, he/she also I|ikes
also |ikes object Xo. H aliceuld &so be hundiedsof | ar g e
t housands of combinations | i ke Alf person
X5, he/ she also |ikes object X60, Al f pe
and X6, he/ she al so | i kesXlardl X2aodtX3 a0d 0 , Al
X5 and X6, he/she also |ikes object X400 e

1 Current collaboration filtering algorithm estimated well over 48 hours of calculation
of scores and a possibility of a enormous object1-vs-object2 (entity-to-entity) distance
matrix generation in the database.

A walkthrough from the use case and data storage point of view would be as follows.

A browsing and walking session has to be linked with specific userlD. Therefore, if we visit a
specific object (with objectlD) and either rank it manually or tag with other scores as
described by (Tammet, 2007), we have to store (at least) the following data to meet the
requirements of our algorithms:
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<userID,objectID,ranking >

(in a corresponding rating database table, which is described in data definition language in
technical supplementary materials) Knowledge about the preferences of users is built up on
such information periodically with the following scheme:

T Preprocessing of the database to meet t hi
the technical supplementary material);

1 Postprocessing of the found patterns to meet the operational level recommendations to
be uploaded in the handheld interface or browsed via web browser (included in the
technical supplementary material);

As a result, a database of patterns of objects which people tend to like (together) is stored and
available to use in the following way:

1. If one objectID is known (e.g. at the point of interaction with the object), it is possible
to query the patterns with strongest support by pattern frequency where that object is.
The result of a pattern is a |ist of othe

2. Similarly, it is possible to query beforehand (e.g. at the point of entry in the museum)
all the objects recommendations or for example the recommended route for visit T one
needs to query all the patterns where all the objects in that museum exist (all the
patterns are already precalculated).

3. With nested queries and database joins, it is possible (without extra algorithmic data
analysis; natively with database queries) to link the objectlD with museum and other
preferences, therefore filtering the result in several ways, e.g.

1. Exclude everything that the person has explicitly stated not liking or rank
higher (currently the ranking is based on the patterns support by frequency)
objects with the properties/attributes that the person has explicitly stated to
like;

2. It is possible to query and also to filter out cross-patterns between museums
(and other places of interests). The objectID has to be linked with the museum
and a query could show all the patterns, where there are objects that this person
has liked, and filter out only objects which are in museum X.

A prototype of an item recommender and user profile matchmaker with aforementioned

description has been implemented and is available as a component (Liv, 2008).
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Extended Collaborative Filtering: Utilizing Semantics and Social Trust

Collaborative Filtering seems to be the dominant technique for Recommender systems which
predicts new ite m6é s r a tugerrbgsed bnahe ratimg from other users. Traditional CF
algorithms are based on similarity of users profile and use that as a weight to make
recommendations. It is difficult to compute similarity measure between users when ratings are
sparse. Therefore, the profile similarity on its own is not effective.

In the context of web-based social networks, where users are connected to their friends and

share their opinions, we need to consider additional factors which can measure and interpret

the similarity between user profiles. In social networks, users are able to express their feelings

about their relationships like how much they trust others (Golbeck, 2007). Trust provides us

with information about the people we should share content with and accept content from. In

fact, users would prefer to receive recommendations from whom they trust. Therefore, we

need trustful recommender s r alhioa bhlaev er eac o finmie ¢
( O6 Donov an,.Infad, rec@hmendaticdstre rhajle only based on the ratings given

by users who are directly trusted by the current user or indirectly trusted by another trusted

user (Massa, et al., 2004).

We (Zarghami, et al., 2009) propose a recommender system that can be extended with
trustworthiness of the users. In order to model the trust, we create an ontology that extends
FOAF (Friend-of-a-Friend) vocabulary (Brickley, et al., November 2007) and adopts the
structure presented in (Dokoohaki, et al., 2007) (Dokoohaki, et al., 2008).

Extending Recommender Systems with Semantics: A User-ltem Ontological Model

We present a model with an ontological structure to build trust relationships between

users considering all types of item, accessed by an unique URI in heterogeneous networks.
Therefore, our model is composed of two ontologies for users and items. As a result, their
corresponding concepts can be extended by other ontologies.

User Ontology

Trust ontology can be considered as a model for representing trust relationships in semantic
web and social networks (Dokoohaki, et al.,, 2008) (Dokoohaki, et al., 2007).We take
advantage of the trust model presented by (Dokoohaki, et al., 2007) to express the trust
between users who extend FOAF Agent. In our model, trust value is computed based on
u s emtmgl to different items possibly in different contexts. As shown in Figure 3, we
create an instance of Relationship class between two users for whom trust value is computed.
The users are specified as Truster and Trustee and their trust value and subject is assigned as a
Main property (Dokoohaki, et al., 2008) to the instance defined earlier. In addition, we
propose a measure called T-index, similar to H-index (Braun, et al., 2006) to show the
minimum number of trust relationships with a trust value higher than the same minimum. T-
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index depicts how close a user is to the center of its cluster. We assign it as a Main property
[5] for the Relationship instance. Therefore, the ontology is able to keep top-n trustee who has
the highest trust value and T-index. In this work, T-index will range from 0 to 100 and trust
value is in the rang of 0 to 1. For instance, we have a user whose T-index is 20 meaning that
he has at least 20 trust relationships with trust value more than 0.20. We will show how T-
index can be applied and we also define RankRelation class for associating a user to an item
by a rank value. This class is used to keep the track of rated items by a user called user
profile.

I Context | I Subject I T-index |
A
TrustValue

n .
Auxiliary Property (—l RelationShip —ﬂ MainProperty
1

FoafAgent has lk—’FoaﬁAgem
1
Truster 1 Trustee
1
N
n

RankRelation
' Rank

Figure 3 - User Ontology Model

Item Ontology

We develop an ontology for i tedendédshy ak otterw! e d g e

ontologies. We introduce a new class called TopTrusteeList to store users who have no trust
relationship yet but might have similar interests. We assign it to an individual item in order to
achieve list of users who rate the item. The list of raters is sorted by their T-Index. In a real
scenario, these TopTrusteeList can be implemented by Distributed Hash Tables (DHT) with
unique URI as their keys.

TopTrustee

1 1 as

T-Index ftem

has 1
1

Trustee

Figure 4 - ltem Ontology Model
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Enriching Recommendations using Distributed Social Trust

Similarity between two users and how much this similarity is related to the trust in between

them, is discussed in (Ziegler, et al., 2005). Golbeck also shows through the analysis of data

in FilmTrust (Golbeck, 2006) that there is a correlation between similarity and trust. They

define a recommenders rating to be correct if the difference between it and the users rating is

less than a threshold value. Two computat i on al model s of trust are
and Smyth( O6 Do n o v a n, as mdfile-lavel and profil€i@rb-level based on the past

behavior of user profilessThey set a producerdés rating as ¢
and c o nr&ingm &ss thas a predefined threshold. (Lathia, et al., 2008) propose a trust
formulabasedondi f f er ence of a usero6s rating and it
item(s). Hence, as the distance between their rating value increases, trust decreases linearly.

Assuming we have two users u, and up, who rated items iy and i, by value r; and ry,

respectively. Thus, trust between u, and u, is formalized, according to (Lathia, et al., 2008):

n

.T('“'a‘ “b) =1 = zi:l[”.umiz - I'tnb,zi}

Tmaz * 1

Formul a cal cul ates the t adttasl rdeicfofmenreemdseer sO sb ert
over n historical ratings multiplied by the maximum value in each rating scale (i.e., 5). In

order to improve prediction accuracy, suggest to transpose the rating values of truster based

on its past experience with trusteeconsi der i ng nratingd which a® the sams,e r 6 s

| ower or higher t ha,accordingto (Lathiz,etalné08)der 6 s r at i n

(r — 1 % lower,) + (r = same,) + (r + 1 = higher,)

tr(r) = -
(r) lower, + same, + higher,

The transpose of rating values, tr(r(up,ij)) can be used instead of r(up,i;) to guarantee that a user
and its recommenders have the same scale for rating.

Recommendation prediction process

As mentioned earlier, we keep top-n neighbors list of a user in an ontological structure based
on their mutual trust value. The list is updated upon two events: rating a new item and making
a new recommendation. If the events lead up to some changes in top-n neighbors list of a
user, then T-index value is recalculated and updated in all TopTrusteeLists which contain the
same user.

Rating a New Item Event

When a user rates a new item, we compute its trust with all usersint he i t emdés TopTr
who do not exist in its current top-n neighbors list but might be trustworthy users potentially.
We also update trust values between the user and its top-n neighbors. Ultimately, we form a
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new top-n neighbors list by selecting the most trustworthy users from the union of its
preceding neighbors and the potential trustees. Algorithm 1 describes the process of rating a
new item. T-index and TopTrusteeList of rated item are required to be updated along with the
process. More details are described later.

Generating a New Recommendation Event

In order to recommend a new item to a user, it explores its neighborhood to find the users
who rate the item, with a mutual trust value more than a predefined threshold and a maximum
distance value from the user. Thed et ai | s of user 6s traver
discussed. As a result, if a user discovers another user out of its top-n neighbors list, who has
more mutual trust value than its current neighbors, it will be added to top-n neighbors list. In
case the list exceeds the maximum number of trustees called n, the neighbor with the lowest
trust value will be removed.

Algorithm 1 Rating a new item

upon event (RATE NEW ITEM | T'ruster . Item)
UpdateTrust(neighbours)
pointers < calculate TrustwithTrustees(Item,m)
neighbours « selectTopnTrustee(neighbours,pointers)
T — index — updateTindex(neighbours)
update TopTrusteeList(/tem) //if it exceeds, remove the last one
for all (ratedltems) in T'ruster do

updateTindex(rateedl tems)

end for

end event

As mentioned above, when a user rate a new item, as shown in algorithm 1 , it calls

s al

updateTopTrusteelList () funct i on-indexwitheothetr unct i c
users of the i1 temds TopTr wisdexeiewlillibesatded toTthh e n
TopTrusteelList. I n t hiength egceeds dhg makirhum Possipld r u st e ¢

number of pointers, the pointer with the lowest T-index will be removed. If its T-index value
does not exist in top-m T-index, the TopTrusteeList remains unchanged. In order to add a user
to TopTrusteeList, we first check its trust with current users in TopTrusteeList with higher T-
index, to make sure that there is no other users with direct trust relationship in the
TopTrusteeL.ists.

By using TopTrusteeList, we aim to make other users accessible across the web for a
particular user, which is not in their neighborhood even within t paths. For this purpose,
TopTrusteeList should point to users from different clusters, each consist of similar users. It
looks like selecting a representative from any kind of preferences model which might be
interested in a particular item. Therefore, we define a measure called T-index as mentioned
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before, to select the most trustworthy nodes from all kinds of interests shown as clusters of
users. The T-index value increases as a user becomes closer to the center of a cluster.

When a user rate a new item, it computes mutual trust between the user and top-m users in the
itembs TopTrusteelList. | f i t f inelglbars, itwallr e t r u
update its trustee list with the new users.

Defining the number of traversing leads to a trade off between accuracy and performance.
Therefore, as the number of parallel traversals and their maximum length increases, we
achieve better prediction accuracy and coverage. However, it takes more resources of
bandwidth and computation. We define a minimum trust and maximum distance threshold
that any traverse can proceed until it reaches specified the thresholds. The distance is defined
by the number of edges from the user where the traversing originates. For computing trust
between two indirect users, we simply multiply the trust value of the edges which builds a
path between them.

.T:Ua:u'c = .Tluar-u'b = .T:ub_-uc

This trust computation is done repeatedly during each traversal to achieve the trust value
between the source and the target user. Traversing continues until it reaches the minimum
trust threshold.

In order to recommend a specific item i; to user us, we originate two traversing, one directly

from usds neighbors amd tThhe To Wils dsee eafimgéd f r om
trustworthy user among its trustees , it can directly starts its inquiry directly from a user

located in the center of the cluster which its users more likely rated the item before and are
trustworthy as well. We show that this approach increases both accuracy and coverage rather

than when the inquiry is done only among the neighbors. After collecting the rating from all

the originated traversing, firstly we adjust their rating based on the formula 2 and then we

predict its ranking for the us as the following:

Zgg(r"'(?‘ﬂm,-ii) * .T(“'s‘ “'1‘) * .T'm.der{'”-.r})
Zr (.T(“s- '“:c) k . Ii-nde:r[”'-.r)}

plus,i;) =

Extending Recommender Systems with Socio-Semantic Trust: An Evaluation

A prototype of the recommender system has been implemented. Reader is advised to refer to
(Zarghami, et al., 2009) for further information.

We have used the MovieLens dataset (Riedl, et al.) for evaluating our method which consists
of 943 ontological user profiles. Ratings are based on five point scale.The profiles are divided
into training and test sets including 80% and 20% of ratings, respectively.
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Conclusion

This section discusses the conclusions of the work gathered and disseminated under
deliverable 2.2.

First a general preface is given, while a more detailed description of the selection of
algorithms and approaches is given in the following section.

General Conclusions

The merit of WP2 has been introducing the formalization of semantics and content of user
profiles for the project. In this deliverable we have presented a framework for extending the
user profiles presentation with dyamic operations allowing creation and modification of the
profiles of users using the platform.

In order to justify the approaches undergone to implement introduced operations within the
framework, a very thorough state-of-art of research survery is given. This survey gives a
thorough knowledge about personalization, contextualization and recommendation in the
context of cultural heritage. Majority of the focus of this survery is given to learning and
building user profiles while recommender systems have been studied briefly to pave the way
for introducing the dynamic profile operations at the top of them.

Following the survey, dynamic profile operations are introduced as a framework for
extending the profile framework introduced in D2.1. We have suggested collaborative
filtering recommenders for enabling dynamic profile operations for learning, modifying as
well as allowing profile-driven value-adding services such as personalized information
retrieval based on user preferences or trust.

General conclusion is that within the framework of this WP, we have introduced two CF-
based solutions.

First approach, can incrementally learn and build user profiles, in an statistical way (simple

mode), and can recommed items based on det ati st
second approach can consider social trust between users of the platform and improve the
recommendation based on the social trust (extended mode).
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Detailed Conclusions: Selection of Algorithms and Mechanisms

For mining and learning profiles of the users, we have selected unsupervised learning
approach, using association rules, frequent closed itesets(two-mode clustering approach)
(Liv, 2008) (Pasquier, et al., 1999) (Zaki, et al., 2002).

For example, in implementation of closed item set mining, Apriori and Eclat(Borgelt., 2003)
are utilized and implemented.

For matchinguser profilesand generating/predicting recommendation fasess we strongly
suggest utilizing Collaborative Filteringapproaches, taken as general.

Similarity measuresased in Collaborative Filtering approaches is used for matching user/item
attributes based on approaches under taken.

Itembased familyf Collaborative Filtering approaches (Sarwar, et al., 2001) (Karypis, 2001)
(Linden, et al., 2003) (Deshpande, et al., 2004) is suggested for simple case.

In this case Slope onéLemiere et al., 2005) is considered and implemented along with .

While Userbased familyof Collaborative Filtering approaches (Resnick, et al., 1994)
(Shardanand, et al., 1995) is suggested for extended case, where weights (privacy and trust)
are utilized with user profiles.

For instance, in extended approach (T-index mechanisjn(Zarghami et al., 2009) User-based
approach is used where It computes the difference of user rating to common items considering
their transposed values (skewed rating). Based on these differences, each user keeps N high
trustworthy as its direct neighbors and propagate the trust with other indirect neighbors maybe
who has not any common items with itself.
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