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Consumer Behavior in the Interaction with
Knowledge-based Recommender Applications
Alexander Felfernig
Abstract. Knowledge-based recommender technologies provide a couple of mechanisms for improving the accessibility of
product assortments for customers, e.g., in situations where
no solution can be found for a given set of customer requirements, the recommender application calculates a set of repair
actions which can guarantee the identification of a solution.
Further examples for such mechanisms are explanations or
product comparisons. All these mechanisms have a certain
effect on the behavior of customers interacting with a recommender application. In this paper we present results from
a user study, which focused on the analysis of effects of different recommendation mechanisms on the overall customer
acceptance of recommender technologies.

1

Introduction

Knowledge-based recommender applications (advisors) (see,
e.g., [1, 4]) exploit deep knowledge about the product domain
in order to determine solutions suiting the wishes and needs of
a customer. Using deep product, marketing and sales knowledge, the corresponding advisors can be equipped with intelligent explanation and repair mechanisms supporting more
intuitive sales dialogs for customers. Advisors are frequently
applied in commercial settings. The effects of advisor technologies to consumer buying behaviour have not been analyzed in detail up to now. Existing studies focus on specific
aspects of the interaction with recommenders. E.g., [2] analyze different dimensions influencing the trustworthiness of
a recommender application. [6] analyze the influence of different recommendation focuses (questions which are posed in
different orders to customers) on the final product selection.
Compared to, e.g., the work of [2, 6], we are interested in
an integrated analysis of the effects of knowledge-based recommender technologies on consumer buying behaviour. The
extension of our knowledge-based recommender environment
[4] with concepts of consumer buying behaviour are the major
goals of the project COHAVE.3
In this paper we focus on the presentation of the results of
a user study which investigated explicit and implicit feedback
of online customers to various interaction mechanisms sup1
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ported by knowledge-based recommender applications. The
findings of the study show interesting patterns of consumer
buying behaviour when interacting with advisors. In particular, there exist specific relationships between the type of supported interaction mechanisms and the attitude of the customer w.r.t. the advisor. In the study we analyzed the degree
to which concepts such as explanations (why does a certain
product fit to the requirements articulated by the customer)
or repair actions (if no solution was found, the advisor calculates proposals for minimal changes to a given set of customer
requirements which allow the calculation of a solution) influence the attitudes of online customers towards knowledgebased recommender technologies. The remainder of the paper
is organized as follows. In Section 2 we introduce the basic
interaction mechanisms provided in our knowledge-based recommender environment. In Section 3 we discuss the results of
our study.

2

Interacting with Advisors

The first step when building an advisor is the construction
of a knowledge base which consists of sets of variables (VC ,
VP ROD ) and sets of constraints (CR , CF , CP ROD ).4

• Customer Properties (VC ) describe possible customer requirements. Examples for such properties are the maximum
price of the internet connection (maxprice), the downloadlimit, the average online time per day (avgonlinetime) or
the major applications (goals), e.g., games, films.
• Constraints (CR ) are restricting the possible combinations
of customer requirements, e.g., CR ={c1 :¬(maxprice= <10
∧ downloadlimit = 5GB), c2 :¬(maxprice = <10 ∧ avgonlinetime = 3h)}. Confronted with such combinations of
customer requirements, the recommender application indicates the incompatibility and tells the customer to change
his/her requirements.
• Product Properties (VP ROD ) are a description of the properties of a given set of products. Examples for product properties in our example domain are the region of an internet
provider or the offered downloadrate.
• Filter constraints (CF ) establish the relationship between
customer requirements and an available product assortment. An example for a filter constraint is customers wanting to see films or play games, definitely need a product
4

1

Note that we use Internet Provider recommendation as working
example throughout this paper.

Figure 1.

Example user interface of an Internet Provider recommender application.

with a high download rate, i.e., goal=films ∨ goal=games
⇒ downloadrate=high.
• Allowed instantiations of product properties are represented by constraints (CP ROD ) which define restrictions
on the possible instantiations of variables in VP ROD .
Given a set of customer requirements, we can calculate a recommendation. We denote the task to identify a set of products
for a customer as recommendation task.
Definition (Recommendation Task). A recommendation task can be defined as a Constraint Satisfaction Problem [9] (VC , VP ROD , CC ∪ CF ∪ CR ∪ CP ROD ), where VC
is a set of variables representing possible customer requirements and VP ROD is a set of variables describing product
properties. CP ROD is a set of constraints describing available
product instances, CR is a set of constraints describing possible combinations of customer requirements and CF is a set
of constraints describing the relationship between customer
requirements and available products (also called filter constraints). Finally, CC is a set of concrete customer requirements (represented by unary constraints).
A recommendation result is an instantiation of the variables
in VC ∪ VP ROD which is consistent with the constraints defined in CC ∪ CF ∪ CR ∪ CP ROD .
A customer interacts with an advisor by answering a set of
questions related to his/her wishes and needs. Depending on
the given answers, the recommender application determines
the relevant set of additional questions. After a customer has
answered all relevant questions, a corresponding recommendation is calculated based on the definition of the filter constraints in CF .
An example user interface of an Internet Provider recommender is depicted in Figure 1. Examples for questions are the
online time per day and the ratio between business time and
spare-time application of the internet connection (see Figure
1a). In some situations, the customer imposes requirements
which are incompatible with the existing definitions in the
recommender knowledge base. In such a situation, the recommender application proposes a set of repair actions (a minimal
set of changes to a given set of customer requirements which
can guarantee the identification of a solution). In our example

in Figure 1b, the customer can change, e.g., his/her requirements related to the upper bound of the price per month. The
technical approach behind the calculation of repair actions is
an application of model-based diagnosis [5].
Having identified a set of solutions (see, e.g., Figure 1c),
each solution has related explanations as to why this solution
fits to the specifications provided by the customer. Explanations can be activated selecting the link Why this product?.
For each solution, a set of explanations is calculated which
are derived from variable assignments directly dependent on
selections already made during search (explanations directly
derived from activated filter constraints). An example for such
explanations is depicted in Figure 1d. Note that explanations
can be formulated in a positive as well as in a negative way.
We derive positive explanations directly from satisfied filter
consraints. Negative explanations are derived from those filter
constraints which can not be satisfied for the given customer
specifications. These filters are relaxed in order to allow the
calculation of a solution.
Finally, product comparisons provide basic mechanisms to
compare different products part of a recommendation result.
This component is based on the definition of rules defining under which conditions an argumentation for/against a certain
product should be displayed, e.g., if the price of component A
is significantly higher than the price of B then the comparison
component should display a corresponding hint.

3

Study: Acceptance of Knowledge-Based
Recommender Technologies

In this section we focus on the presentation of the results of a
user study which investigated explicit and implicit feedback
of online users to various interaction mechanisms supported
by knowledge-based recommender applications. The results
of the study are based on a data basis collected from 116
study participants. The findings of the study show interesting patterns of consumer buying behaviour when interacting
with knowledge-based recommender applications. In particular, there exist specific relationships between the type of supported interaction mechanisms and the attitude of the user

2

Advisor versions
(a) switched expertise, positively formulated explanations, with product comparisons.
(b) switched expertise, without explanations, without product comparisons.
(c) positively formulated explanations, without product comparisons.
(d) negatively formulated explanations, without product comparisons.
(e) positively formulated explanations, with product comparisons.
(f) without explanations, with product comparisons.
(g) pure list of products (without any recommendation functionalities).
(h) positively formulated explanations, with product comparisons (automatically activated).
Table 1.

Different versions of Internet Provider advisors.

w.r.t. the recommender application. In the study we analyzed
the degree to which concepts such as explanations, repair actions, and product comparisons influence the attitudes of online users towards knowledge-based recommender technologies. In the scenario of the study the participants had to decide
which online provider they would select for their home internet connection. To promote this decision, different versions
of an Internet Provider recommender application have been
implemented. The participants of the study had to use such a
recommender application to identify the provider which best
suits their needs and to place a fictitious order. Each participant was randomly assigned to one version of the implemented
recommender applications (an overview of the provided versions of recommender applications is given in Table 1). Before
and after interacting with the advisor, participants had to fill
out an online questionnaire (see Table 2a, 2b). Participation
was voluntary and a small remuneration was offered. We were
interested in the frequency, participants used a recommender
application to order products or as an additional information source (Table 2a-2). Self-rated knowledge and interest
in the domain of internet connection providers (Table 2a-5,6)
was assessed on a 10-point scale before interacting with the
recommender application. After solving the task of virtually
buying a connection from an Internet Provider, the participants had to answer follow-up questions as well assessed on
a 10-point scale (Table 2b) except 2b-10 where a probability estimate had to be provided. Additional information has
been extracted from interaction logs (Table 2c). The inclusion of the variables depicted in Table 2 is based on a set of
hypotheses which are outlined in the following together with
the corresponding exploratory results. The participants of the
user study were randomly assigned to one of the Internet
Provider advisors shown in Table 1. If a participant was confronted with the advisor version (a) or (b) and answered the
question related to his/her expertise with expert than he/she
was forwarded to a path in the recommender process which
was designed for the advisory of beginners (and vice-versa) we denote this as switched expertise. This manipulation was
used to test the hypothesis that a dialog design fitting to the
knowledge level of the participants leads to a higher satisfaction with the recommender application. Note that positive
explanations provide a justification as to why a product fits
to a certain customer, whereas negative explanations provide
a justification for the relaxation of certain filter constraints.
Product comparisons where supported in two different ways:
firstly, comparisons had to be explicitly activated by participants, secondly, the result page was automatically substituted
by the product comparison page. Finally, a pure product list,
i.e., product selection without any advisory support, was implemented by automatically navigating to the result page and
displaying all available products.
We have tested 116 participants with a mean age of x̄=

(a) Questions posed before advisor has been started
1. personal data (age, profession, etc.)
2. previous usage (for buying purposes, etc.)
3. satisfaction with recommendation processes up to now
4. trust in recommended products up to now
5. knowledge in the Internet Provider domain
6. interest in the domain of Internet Providers
(b) Questions posed after completion of advisory session
1. knowledge in the Internet Provider domain
2. interest in the domain of Internet Providers
3. satisfaction with the recommendation process
4. satisfaction with the recommended products
5. trust in the recommended products
6. correspondence of recommendation and expectation
7. importance of explanations
8. competence of recommender application
9. helpfulness of repair actions
10. willingness to buy a product
(c) Data derived from interaction log
1. session duration
2. number of visited web pages
3. number of inspected explanations
4. number of activated product comparisons
5. number of clicks on product details
6. number of activations of repair actions
Table 2.

Variables assessed in the study.

28.7 SD (standard deviation) = 9.78 (33,6% female and 66,4%
male). 42.2% were recruited from the Klagenfurt University and 57.8% were non-students. 27.6% of the participants
stated that they have used a recommender application before in order to buy products and 50,9% of the participants
used a recommender application for gaining additional knowledge about specific products. 11.8% of the participants classified themselves as beginners (low knowledge level in the domain of Internet Providers), 49.5% classified themselves as
advanced users, and 38.6% classified themselves as experts in
the product domain. Familiarity with recommender applications did not differ with the occupational background or age
but to some extent with gender. Male participants used recommender applications significantly more often than female
participants to buy a product (χ2 (1) = 4,379; p = 0,028) as
well as to get information about a product domain (χ2 (1)
= 3,615; p = 0,044) (Table 2a-2). The degree of usage of the
provided explanation, repair and product comparison mechanisms is distributed as follows. Explanations were used by
29.2% of the participants, repair actions have been triggered
in 6.9% of the cases. Finally, a product comparison was used
by 32.8% of the participants.5 To assess the significance of
correlations and differences, non-parametric tests were used
[7]. Because the assessed variables were either ordinal-scaled
or violated the assumptions of normal distribution or homogeneity of variance (visited pages, session duration), the
Mann-Whitney U-Test was used to compare two groups and
the Kruskal-Wallis-H Test to assess differences between more
than two groups. In the following, only significant results are
reported, with α set to 0.05 for all subsequent tests. The corre5
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Note that the relative frequencies refer to participants who had
the possibility to use the corresponding feature (explanations,
repairs, product comparisons).

sponding z-values are provided to show the size of the effects.
There were clear differences between the eight versions of
recommender applications. The most positive ratings related
to trust in the recommended products (Table 2b-5) and satisfaction with the recommendation process (Table 2b-3) were
provided by participants interacting with the versions (e) and
(h), i.e., advisor versions with positively formulated explanations and a product comparison functionality. Let us now
consider the relationship between the features in the advisor
versions and the participants´ impressions in more detail.
Recommender application vs. pure product list. We
have found recommender applications to be more advantageous with respect to most of the assessed variables (see Table 2b). Participants using a recommender application were
significantly more satisfied with the recommendation process
(z = -3.872; p < 0.001) (Table 2b-3) and had a significant increase in satisfaction due to the interaction with the Internet
Provider advisor (z = -2.938; p < 0.01) (Table 2a-3, 2b-3).
Participants trust in that the application recommended the
optimal solution was higher for those interacting with the recommender application compared to those confronted with a
pure product list (z = -3.325; p = 0.001) (Table 2b-5). Furthermore, participants stated that the final recommendation
better fitted to their expectations than when they were confronted with a simple product list (z = -3.872; p = 0.001) (Table 2b-6). Most interestingly, the increase of subjective product domain knowledge due to the interaction was higher when
participants interacted with a recommender application (z =
-2.069; p = 0.04) (Table 2a-5, 2b-1). The estimated (subjective) probability to buy a product in a purchase situation was
higher for those interacting with a recommender application
than for those interacting with a pure product list (z = -2.1;
p<0.01). Actually, this mean probability was only p=0.19 for
participants confronted with a product list, suggesting that
these participants estimated a real purchase of the selected
product as rather unlikely.
Effects of providing explanations. The perceived correspondence between recommended products and expectations
(Table 2b-6) as well as the perceived competence of the recommender application (Table 2b-8) were rated higher by participants provided with the possibility to use explanations (z =
-3.228; p < 0.01 and z = - 1.966; p < 0.05). Most importantly,
these participants´ trust in recommended products clearly increased due to the interaction process (z = -2,816; p < 0.01)
(comparing pre- to post-test, Table 2a-4, 2b-5). There is a
tendency that providing explanations leads to more satisfaction with the recommendation process (z = -1.544; p = 0.06)
(Table 2b-3). However, as hypothesized before the study, the
increase in the rated knowledge from pre- to post-test did
not differ significantly between both groups (Table 2a-5, 2b1). Having compared participants who have actively (!) inspected explanations with those who have not, we saw that
the former show a higher correspondence between expected
and recommended products (z = -2.176; p = 0.01) (Table
2b-6) and express an increased interest in the product domain when comparing pre- to post-test (z = -1.769; p < 0.05)
(Table 2a-6, 2b-2). Participants who inspected explanations
and had experience with applying recommender applications,
showed a tendency to rate the importance of explanations
higher (Table 2b-7). They showed more trust in the recommended products (Table 2b-5) and stated a higher interest in

the product domain (Table 2b-2). This might suggest that a
certain degree of familiarity with recommender applications
is necessary in order to optimally exploit explanations.
Exploring variables that may potentially influence the actual use of explanations, it was found that experience correlated with the degree of explanation use. Participants already
having experience with recommender applications were more
likely to use an explanation (r = 0.23; p < 0.05) (Table 2c3). Additionally, this use was positively correlated with age
(r = 0.23; p < 0.05). Interpreting interaction processes with
advisors as processes of preference construction, as described
by [8], we can assume that explanations influence preferences
by adjusting the expectations of customers. This influence
may be simply due to the fact that an explanation contains
product features to which customers are primed. As argued in
[8], priming of features causes customers to focus attention to
those features and thus possibly to compare the recommended
products with their expectations mainly along the primed features. This provides an explanation as to why the perceived
correspondence between recommended and expected products
and trust is higher when providing explanations.
Effects of product comparisons. Participants using recommender applications supporting product comparisons were
more satisfied with the recommendation process (z = -2.186;
p = 0.03) (Table 2b-3) and the recommended products (z =
-1.991; p < 0.05) (Table 2b-4) than participants using advisors without product comparison support. Furthermore, participants using advisors with product comparisons showed a
significant higher trust in the recommended products (z =
-2.308; p = 0.02) (Table 2b-5). Product comparison functionality leads to a higher perceived competence of the recommender application (z = -1.954; p < 0.05) (Table 2b-8). Interacting with advisors supporting product comparisons leads
to a clear increase in trust (z = 3.016; p < 0.01) (Table 2a-4,
2b-5) and interest in the product domain (Internet Providers)
(z = 1.885; p < 0.05) (Table 2a-6, 2b-2). Interestingly, these
positive effects seem to be due to the offer of comparisons
and not to their usage since only 32,8% of the participants
actually used them.
Those participants who actually used product comparisons,
were more satisfied with the recommendation process (z =
2.175; p = 0.03) (Table 2b-3). Positive effects due to the possibility of using a product comparison were even accentuated
for those participants who already had experiences with recommender applications. They were more satisfied with the
suggested products (z = 2.233; p =0.03) (Table 2b-4) and established more trust (z = -3.658; p < 0.001) (Table 2b-5). Furthermore, product comparisons combined with existing experiences leads to a higher perceived competence of the advisor
(z = 1.940; p < 0.05) (Table 2b-8). Participants also stated
that the recommendations better match their expectations.
The multitude of positive influences that product comparisons offer (especially the increase in satisfaction) can be explained by the lower mental workload when products and
product features are visually clearly presented to enable an
evaluation of the recommended product set. Interestingly,
taken together with the results on the explanation feature,
some suggestions for the optimal design of product comparisons can be made. Firstly, as already suggested by [3] it
is useful for customers to visually highlight features in the
recommendation set that distinguish between the products
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(e.g., different color or font size). Also, assuming that a customers product evaluation will be rather based on features
that she/he was primed to in the course of the interaction
process through questions or an explanation feature, it should
aid her/his purchase decision when primed features are highlighted as well. (will be tested in a follow-up study).
Effects of repair actions.6 If we compare the participants who triggered repair actions (due to their inconsistent
specifications) to those who did not trigger repair actions, we
find that the first group stated to have less knowledge in the
product domain (z = -1.801; p < 0.05) (Table 2a-5) and that
they rarely used recommender applications before (z = -1.645;
p < 0.05) (Table 2a-2). This is plausible since participants
with higher knowledge and in the product domain and more
experience with recommender applications will have more realistic expectations regarding product features and costs and
they will provide information to an advisor that will most
likely generate a set of recommended products, which makes
a repair action dispensable. Thus, participants who used repair actions rated these as more useful (z = -2.978; p < 0.01)
(Table 2b-9) and indicated an increase in product domain
knowledge (z = -1.730; p < 0.05) (Table 2a-5, 2b-1).
Effects of switched expertise. Participants who received
switched versions showed less satisfaction with the recommendation processes (z = - 1,790; p < 0,05) (Table 2b-3) and
provided a lower rating for the competence of the advisor (z
= - 2,997; p < 0,01) (Table 2b-8). They regarded the helpfulness of repair actions as lower (z = -2,379; p < 0,01) (Table 2b-9) compared to participants not confronted with the
switched expertise scenario. This may be interpreted as an indicator of lower interest in recommender applications that fail
to put questions that appropriately incorporate the expertise
or knowledge level of the customer. Interestingly, participants
rating themselves as experts who then were confronted with
questions for beginners showed a lower trust in the recommended products (Table 2b-5) than participants who rated
themselves as beginners and answered questions for experts
(χ2 (2) = 6.018; p < 0.05).
Willingness to buy a product. We examined which of
the assessed variables show a significant correlation with the
willingness to buy a product. The highest correlation has been
detected between the willingness to buy (Table 2b-10) and
trust in the recommended products (r = 0.60; p < 0.01) (Table
2b-5).7 Furthermore, the higher the fit between the suggested
products and the expectations of the participants (Table 2b6), the higher was the willingness to buy the recommended
product (r=0.54, p < 0.01). Another interesting relationship
exists between the perceived competence of the recommender
application (Table 2b-8) and the willingness to buy (r = 0.49,
p < 0.01) (Table 2b-10). Additionally, positive associations
exist between the willingness to buy and
• increase in trust in the course of the interaction with the
advisor (r = 0.32, p < 0.01) (Table 2a-4, 2b-5).
• increase in satisfaction with recommendation processes in
the course of the interaction with the advisor (r = 0.26, p
< 0.01) (Table 2a-3, 2b-3).
6
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In the study, only 6.9% of the participants triggered repair actions. Therefore, we combined the data with a sample from a
pilot study.
For the computation of correlation measures, the Spearman correlation r for ordinal scale variables was used.

• satisfaction with advisors (r = 0.52, p < 0.01) (Table 2b-4).
Perceived Domain Knowledge. The higher the interest
in the product domain (Table 2a-6), the higher was the perceived knowledge (r = 0.55 p < 0.01) (Table 2b-1) and the
higher was the trust in the recommended products (r = 0.28 p
< 0.01) (Table 2b-5). The more participants had the impression to gain knowledge about the product domain through
the interaction process the more they were satisfied with the
application (r = 22; p < 0.01) (Table 2b-3).
If we assume that the willingness to buy a product depends
on whether the interested customer has gathered enough
knowledge about the products to make a purchase decision,
then knowledge-based advisors fulfill their task in that they
are able to increase the customers knowledge (explanations
and product comparisons are central to this goal). Although
the direct relationship between knowledge gain and willingness to buy was rather low (r = 0.16; p < 0.05) indirect positive influences exist. That is, the higher the gain in knowledge,
the higher is the trust in the advisory process and the higher
is the willingness to buy.

4

Conclusions

In this paper we have presented a study related to the application of knowledge-based recommender technologies in online
buying situations. The study provides major guidelines which
should be taken into account when building knowledge-based
recommenders. The focus of future work is to integrate psychological variables influenced by the recommender application in a structural equation model which will include trust,
satisfaction and willingness to buy as key constructs.
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Persuasive product recommendation
Markus Zanker1 and Marcel Bricman2 and Sergiu Gordea3 and
Dietmar Jannach4 and Markus Jessenitschnig5
slightly depending on the culture and previous experiences of participants, the study showed that advice given by a computer was well
accepted.
Sales advisory systems or virtual sales assistants are conversational recommender systems. They engage in an interaction with
the customer and reach from simple value elicitation forms to more
natural-language like sales dialogues. Depending on the underlying reasoning technology different variants of conversational recommender systems can be distinguished. Case-based recommender
systems [21, 20] employ enhanced similarity measures to retrieve
those products that are most similar to the one specified by the user.
Knowledge-based recommender systems [4, 11] base their product
proposals on deep domain knowledge and map the situational context of the customer onto technical product characteristics. Due to
this explicit domain knowledge formulated as declarative business
rules or constraints, recommendations can be accompanied with additional explanations for the user.
The third type of conversational recommender systems allows natural language discourses [17]. While the first two techniques allow
only pre-structured interaction paths, the latter form can cope with
natural language input of the customer. However, this additional flexibility is typically bought at the cost of limited product retrieval capabilities. For instance pre-defined querying interfaces allow more
complex preference elicitation (e.g. selection from several choices
and adding of restrictions) than what could be communicated to a
natural language understanding system. The best known variants of
recommender systems namely collaborative and content-based filtering systems [2, 22] are in their pure form not conversational. Contentbased recommender systems reason on preference models for users
that are built from characteristics of products they liked in the past.
Contrastingly, collaborative systems propose products to a user based
on positive ratings from other users that are considered similar to
him. Hybrid approaches [5, 1] that combine several of these techniques and may also possess conversational capabilities have been
developed recently.
In this paper, we discuss the persuasive power of conversational
recommendation applications and present a conceptual scheme that
emphasizes on the driving factors and their dependencies that influence user experience at online-shopping sites (Section 2). In Section
3 we give qualitative results from a long running evaluation that indicates commercial benefits from the deployment of recommender
applications. Finally, we summarize the contribution and make an
outlook on future work.

Abstract. Online shops and B2C sites in diverse domains such as
’quality & taste’, consumer electronics or e-tourism require on the
one side persuasive Web presentation and on the other side deep
product knowledge. In that context recommender applications may
help to create an enjoyable shopping experience for online users.
The Advisor Suite framework is a knowledge-based conversational
recommender system that aims at mediating between requirements
and desires of online shoppers and technical characteristics of the
product domain.
In this paper we present a conceptual scheme to classify the driving factors for creating a persuasive online shopping experience with
recommender systems. We discuss these concepts on the basis of
several fielded applications. Furthermore, we give qualitative results
from a long-term evaluation in the domain of Cuban cigars.

1 Introduction
High complexity and search effort for the users are major obstacles
for today’s e-commerce sites that keep online conversion rates low
and make potential customers restrain from buying. In traditional
brick and mortar businesses sales persons fulfill an advising and complexity reducing function, but online customers many times still miss
such a mediation between their personal requirements and the offered
services and product portfolios.
Conversational recommender systems are successful applications
of Artificial Intelligence that target this problem and ease customers
in finding what they are looking for. However, recommender systems
may not only be seen from a technical perspective in terms of their
capabilities and functionality. Being the face towards the customer
in an online-sales channel, there is also a social and emotional perspective that must be considered. In domains such as wine, cigars,
or other luxury goods these aspects are of paramount importance.
Comparable to their alive counterparts, virtual shop assistants may
be intentionally designed to influence the online-customer’s attitude
or behavior in order to sell products and therefore they can be seen
as a form of persuasive technology [7]. Dormann [6] discusses the
emotional aspects of design and gives several examples of existing
shop environments where customers might be actually more likely
to buy. Guerini et al. [9] formalize persuasion models for intelligent
interfaces that are based on beliefs, desires and intentions. In [27],
a study has been conducted that investigated differences in people’s
perception of human and computer advice: Although results varied
1
2
3
4
5

University Klagenfurt, Austria, email: markus.zanker@ifit.uni-klu.ac.at
KCI-group, Austria, email: mbricman@kci-group.com
University Klagenfurt, Austria, email: sergiu.gordea@ifit.uni-klu.ac.at
ConfigWorks GmbH, Austria, email: djannach@configworks.com
ECCA e-tourism competence center Austria, email: mjesseni@edu.uniklu.ac.at

2

Persuasive recommendation scheme

The field of persuasive computing technologies [7] is still in its infancy. It lies at the intersection of technology and tools on the one
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side and social acting and social dynamics on the other side. Computing applications that influence people’s attitudes or behaviors are
also in the center of ethical discussions [3]. In our work we set the
focus on effective sales applications for the Web. By understanding
the social and personality traits of successful salespersons and their
interaction and selling techniques, valuable insights for the functioning of sales agents in the Web can be gained. Selling has always been
closely related to social behavior and persuasion in a wider sense.
Building effective virtual salespersons for an e-Commerce environment that provides advisory service to their users and helps shop
owners to be successful in monetary terms can therefore benefit from
following the principles of persuasive technologies. Up to now only
few work has been elaborated on these issues. In [15] a stepwise process that characterizes a seductive experience with a software product
is described: They differentiate phases such as diverting the attention, making a promise or fulfillment beyond expectations. Komiak
et al. [16] report on a study where they compared trust in virtual
salespersons with trust in their human counterparts. Some of the interesting findings were that virtual salespersons were attributed to be
slightly more trustworthy than human ones. Control over the process
and benevolence (due to the fact that they do not earn a commission)
were among the strongest perceived trust building components for
virtual salespersons.
As each of the contributions in this area focuses only on isolated
aspects of recommendation in the context of persuasiveness, we propose a conceptual framework that structures the influential factors
and their dependencies. As sketched in Figure 1 online selling centers
around customer, product and process. The basic abstract features
with respect to recommender systems comprise: Personalization, personification, community, objectivity and complexity reduction. They
positively influence higher level concepts such as user involvement
and credibility and thus believability of the system itself. On the third
layer reciprocity and conditioning are situated. They signify the actual ability of a recommender system to influence users behavior and
affect their attitudes. The final stage leads to adopted suggestions and
a committed sale.
In the following we will shortly discuss each of the involved concepts and illustrate them with examples from the domains of wine
and cigars. Personalization denotes the adaptation of the system behavior and its outcome towards the situational as well as the preferential and requirements context of the user [10]. In [12] different
personalization strategies supported by the Advisor Suite on both the
level of presented content and on the interaction process itself are
elaborated. When buying wine online, users like to have the choice
between different ways of stating their preferences. For instance selecting product parameters like region, year or grape variety on the
one hand and describing taste characteristics like sweetness or fruitiness on the other hand. When proposing products to customers, providing them also additional product details and some form of explanation proves extremely helpful [16].
Personification is about giving a life-like identity to virtual sales
agents. Full resemblance to humans is however not necessary. Virtual personalities can be created by using a relatively small inventory
of traits [19]. Nevertheless, making the character look attractive is
not an easy task. Rules of thumb like symmetry, broken symmetry,
golden cut or color psychology might still produce an unfavorable
outcome. Therefore, extensive user tests on the characters are necessary. [23] showed that attractiveness of virtual characters correlates positively with purchase likelihood [23]. In Figure 2 some of
the characters we employed for actual applications can be seen. Beginning from the left, the virtual sommelier sem and the cigar advisor

Figure 1. Building blocks for persuasive sales recommenders

Figure 2. Personification

Mortimer are depicted.
Community features of recommender systems are predicted to
have a big potential in the future [24]. Computer games which hold
the forefront of technology development are rapidly moving towards
building online communities. Ratings and comments to products that
can be seen by all users or topic centric discussion fora have only
been the beginning. In the future we might see social networking
systems or virtual sales rooms where basic social behavior between
customers becomes possible.
Objectivity is mutually affected by community aspects. Opinions
from other customers are generally appreciated as they are assumed
to be independent from the shop owner. However, recommender systems can foster their perceived objectivity by offering a high degree
of product information, explaining pros and cons for proposals and
allowing testimonials and comments from other users. For instance
the virtual sommelier sem reasons on product specific explanations
that point the customer explicitly on the dryness of a wine if its acid-
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ity level is high and its sugar level low.
Conversational recommender systems achieve Complexity reduction for customers by mediating between the situational and preferential context of the client and the technical details of the product
domain. Another crucial factor is the tool complexity of the system
itself and its perceived usability.
Involvement and credibility may both be induced by the underlying building blocks. Involving users signifies reducing the distance
between them and the system itself [26]. In our case community
building as well as personalized customer treatment are prerequisites for user involvement. Personification through virtual characters stimulates users involvement by enabling them to identify themselves with the system. Tseng and Fogg [25] circumscribe the credibility of a system with the synonym believability. It addresses the
basic question: May users believe the information given? Swana et
al. [13] provide a comprehensive review on the issue of customer
trust in salespersons. In virtual environments the factors objectivity
and community building may positively affect this issue. Furthermore, knowledge-based recommender systems have the advantage
of incorporating the knowledge of the human expert, that guides and
advises (complexity reduction). Communicating explicitly the competency of a real-world sommelier behind the virtual character sem
is a strategy taken by the online wine platform.
Customers that feel involved relate to computers and applications
like they relate to other humans. Therefore, humans would accept
praise by a computer, e.g. when the virtual shop assistant compliments the user on its excellent choice. Thus introducing conditioning
into conversational dialogues is one of the final steps towards persuasiveness of recommendations. Closely related to the issue of conditioning is reciprocity. Fogg and Nass [8] conducted experiments to
investigate how users can be motivated to change their behavior by a
computer. In online sales situations keeping the user at the Web site
and in the process is of paramount importance. Thus, credibility of
the system and user involvement are the underlying factors that foster
loyalty of users.
Suggestion is on top of our conceptual scheme and stands for the
ability of virtual sales agents to successfully close the deal when
needed. Patience is not widespread among online users, therefore
a balance between interaction length and suggestive propositions is
crucial for conversational recommendation agents to influence people’s minds.
In the following we give practical evidence from the implementation of some of these abstract concepts in an e-Commerce platform
for Cuban cigars and conduct an analysis of actual sales figures.

Figure 3. Screenshot of cigar shop

on the World non smokers day (May, 31st ) in 2003. Figure 3 gives a
screenshot of the Web shop environment and the virtual sales assistant. The conversational recommender system is based on the Advisor Suite framework [11] that was extended to include additional support for the integration of virtual characters. Next to personification,
also the personalization and complexity reduction function was targeted by the sales recommender system. The shop owner addressed
community building by introducing testimonials of registered users.
To ensure objectivity the advisor system generates specific explanations on products upon request that provide pros as well as cons with
respect to the user preferences. While being strong on basic functionalities, implementation of features that support the higher level
concepts like conditioning and involvement is left for future work.

3 Example
Most reported experiments in the domain of recommender systems
perform an off-line analysis on an historical data-set [14]. So, for
instance the predictive accuracy of collaborative filtering algorithms
[14] or the session length for different retrieval strategies are measured. The evaluation effort is considerably higher when conducting
live-user trials with an application prototype like [18] or operating a
real system like Entree that served as a restaurant guide for attendees
of a convention in Chicago [5].
Moreover, our research question is about the capability of recommender systems to influence peoples mind when interacting with recommender systems. Therefore we even chose a real-world setting to
analyze the effect of a conversational recommender on buying behavior and sales figures. In the following we report about a Web shop for
fine Cuban cigars that introduced the virtual shop assistant Mortimer

Figure 4. List of top ranked products

For evaluation, we were given the opportunity to analyze the sales
figures for a period starting in January 2002 until November 2004.
The product range comprises approximately 115 different models of
Cuban cigars from 18 different manufacturers with Cohiba, Montecristo or Romeo y Julieta being the most prominent ones. The assortment of products and their prices remained basically stable over the
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whole evaluation period.
The research hypothesis was as follows: Does advice given by a
virtual shop assistant affect the buying behavior of online shoppers?
Therefore, we separated sales records into two periods, one before Mortimer went live (01/2002 - 05/2003) and one afterwards
(06/2003 - 11/2004). For each period we computed a separate top
ten product list. The result confirmed the initial guess of the shop
owner, namely that customers are more likely to order cigars produced by less prominent manufacturers then before. In the period
before Mortimer, mostly the prominent makes like Cohiba or Montecristo have been ordered, while in the period afterwards ’no-names’
like Juan Lopez Petit Coronas entered the top ten list (e.g. rank 2
compared with rank 22 in the period before). Figure 4 gives the top
ten ranks for the period afterwards from top to bottom. The bars signify actual sales in pieces for the period before and afterwards. No
numbers are given for reasons of confidentiality, but the ratios between bars are in accordance with the absolute numbers. The figures
in brackets next to the bars of each cigar model correspond to the
rank in the period before, e.g. the top ranked model in the period afterwards Exhibicion Nr. 4 by Romeo y Julieta was previously ranked
on 4th position and the top ranked model in the period before Montecristo No. 1 fell back to rank number 10. Evaluations of shorter subperiods did not result in significant changes. In a next step we wanted

does not seem a lot at first sight, but given the fact that many cigar
smokers will just order their favorite model without conversing with
a recommender, the figure is quite promising.
In addition, we compared how Mortimer’s recommendations correlate with the increase in sold items of different cigar models. On
the abscissa we measure the number of clickthroughs, which denotes
how often an item has been recommended and was then examined in
detail by the user. As sketched in Figure 5 cigar models that greatly
improved their rank are also among the items that have been recommended most often. We also investigated why cigars like Juan
Lopez Petit Coronas or Cohiba Siglo III were recommended so often and thus became so popular among customers. It turned out that
in specific situations for instance when users identified themselves
as novices without any smoking experiences these models have been
proposed due to their taste and smoking duration. Recommendations
are always accompanied by explanations and further product details
as already noted in the previous section. Although overall correlation
between recommendations and sales for this example is below 0.4, it
still qualitatively supports the following conclusions: Recommender
systems do affect the shopping behavior of users and their advice is
accepted by them.

4

Conclusions

In this paper we discussed concepts for persuasive technologies and
related them to the development of conversational recommender systems. We sketched a conceptual scheme that builds on basic functionalities of recommender agents like personalization or objectivity
and finally leads to suggestions that are persuasive in nature, i.e. affect peoples actual buying decisions. We illustrate the concepts with
examples from systems deployed in quality & taste domains and provide results from an evaluation conducted with data from a Web shop
for Cuban premium cigars.
Future work will lead us to further evaluation scenarios where key
ingredients for persuasive sales advisors will be analyzed in greater
detail and their effects and dependencies will be evaluated.
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Explicit Trade-off and Prospective Analysis in Electronic
Catalogs
David Portabella Clotet1 and Martin Rajman2
Abstract. We consider example-critiquing systems that help people search for their most preferred item in a large electronic catalog.
We analyze how such systems can help users in the framework of
four existing example-critiquing approaches (RABBIT, FindMe, Incremental Critiquing, ATA and AptDecision). In a second part we
consider the use of several types of explicit passive analysis to guide
the users in their search, specially in either underconstrained or overconstrained situations. We suggest that such a user-centric search
system together with the right explicit passive analysis makes the
users feel more confident in their decision and reduces session time
and cognitive effort. Finally we present the result of a pilot study.

1 INTRODUCTION
A Multi-Attribute Decision Problem (MADP) is the problem of finding the best outcome or solution based on the user’s preferences.
However users may not have an accurate idea of their preferences
while searching for a product, especially when the product is beyond
the user’s domain knowledge. They may begin the search with some
vague set of preferences and refine them as they learn more about the
different possibilities [6].
An example-critiquing interaction is an iterative process where the
user and the system collaborate to find the best solution. Based on the
current user’s preference model, the system shows a set of candidate
solutions and the user gives some feedback to the system so that it
can update the preference model. The loop continues until the user is
convinced with one of the candidate solutions. The type of feedback
varies from system to system: it can be a direct manipulation of the
preference model, such as adding a constraint such as “a maximum
price of 400 Euros”, or a more vague feedback such as “a cheaper
apartment (than the proposed candidate)”.
The rest of this paper is organized as follows: first we study four
example-critiquing systems; then we justify the importance of Explicit Passive Analysis (EPA) and propose three types of EPA with
informal examples; finally we present the results of a pilot study.

2 EXAMPLE-CRITIQUING SYSTEMS
One of the first systems to implement an example-critiquing approach was the RABBIT system [7], where the preference model is
a query explicitly given by the user. This system is sometimes referred as of a query-building interface. The candidates shown to the
user are simply the list of all items satisfying the query. The query
1
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can then be explicitly reformulated by using options such as “prohibit” or “specialize” over an attribute. When the solution space is
overconstrained (i.e., there is no solution satisfying the query), the
system simply does not show any candidate solution. In contrast, in
a preference-based approach, the user would have the possibility to
define a weight for each constraint and this information would be
used to provide a list of ranked partial matches. The system is usercentric in the sense that it is the user who guides the interaction, the
system just providing the requested information to the user.
In FindMe [1] there is no direct mapping between the feedback
provided by the user and the preference model constructed by the
system. The system limits the type of possible user feedbacks to a set
of options such as “this apartment is OK, but make it bigger” based
on one of the candidate solutions and thus, the approach is systemcentric. The advantage of this approach is that the cognitive effort
to provide feedback is lower as it doest not need to be very precise.
As the interaction goes on, the system builds an implicit preference
model using the feedback. In an overconstrained situation, the system performs a pre-defined domain-dependent ordered list of operations to relax the preference model. A problem with this approach is
that the user may eventually not understand the justification for the
proposed candidates, as the preference-model built by the system is
completely hidden to the user who thus may feel frustrated.
The incremental-critiquing approach proposed by McCarthy at [5]
shows just one candidate solution and a set of compound critiques
that describe the feature relationships that exist between the remaining candidates. The user has the option of directly updating the query
by adding or changing a constraint over an attribute, or by accepting one of the proposed compound critiques. The system selects the
three best compound critiques with lower support values, as these
would eliminate many items from consideration if chosen. This approach has the advantage that, if one of the compound critiques turns
out to be interesting to the user, selecting it would probably require
less cognitive effort than manually inspecting all the matching items,
and extracting and applying the individual critiques one by one. The
system builds the implicit user model incrementally, but there is no
reason why compound critiques could not also be used in a query
building tool as RABBIT.
One important feature proposed in the ATA system [4] and further elaborated in [2] is that the system not only presents the k best
ranked items but also a set of alternative suggestions which are significantly different therefore and have the potential to stimulate the
expression of hidden preferences, thus avoiding locally optimal solutions. For instance, if the user has not expressed a preference for
non-stop flights, presenting an alternative solution that best satisfies
the expressed preferences plus the latter one could potentially induce
the user to realize that this new preference is important to him.
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Figure 1. Screenshot of our user interface. At the left is the criteria selection window, where the user can specify search criteria and their weights (preference
based approach). At the right is the corresponding ranked list of items (upper part) and the items currently being considered by the user (lower part). At the
bottom is the Trade-off Analysis window, which displays the Minimal Conflicting Set Analysis (lower part) and the Possible Relaxations Analysis (upper part).

3 EXPLICIT PASSIVE ANALYSIS
Two types of approaches emerge from the four above presented
cases: (1) the system-centric approach, which tries to build an implicit preference model or somehow limit the type of user feedback
and the (2) user-centric approach, in which the user can directly update his query or preference model and the system just helps by providing some kind of passive analysis.
However, in all the reviewed systems except in the case of
incremental-critiquing, the passive analysis when available is provided in the form of alternative solutions. We suggest that providing the users with some explicit explanation that can potentially lead
to these alternative solutions will make them feel more confident in
their decision process and speed up the interaction. For instance, in
the example given for the ATA interface, the system could inform the
user that, given the current preference model, he may potentially be
interested in adding a preference about non-stop flights.
Indeed, we believe that a good way to increase user trust is to
make users feel that they have reached a good characterization of the
domain (at least in their region of interest). Thus, it is not enough
that the system presents the best choice(s) to the user, but the user
also needs to be convinced that the proposed choice(s) actually is
the best. A natural way to achieve this is to compare a candidate
solution with the related alternatives. In other words, we suggest that
users use the example-critiquing iterative cycle not just to refine their
preference model but also to browse and characterize their region of
interest in the domain, i.e. they use the system as a query-building

tool.
This browsing phase is even more important when preferences are
not additive independent (see [3] for a detailed definition). In this
case, the iterative process is also used to avoid expressing a complex
preference model. Imagine for example that the user is interested in
an apartment in the city center for less than 800 Euros or otherwise
an apartment in the suburbs for a maximum of 600 Euros and close
to a bus stop. Instead of directly entering this more complex preference model, he would probably first search for one of the cases by
entering in an iterative process to refine the preference model and
then switch to the other case and repeat the process, to finally select
the best option between the two. In this situation we cannot say that
the user was constantly refining his preference model, but rather that
he studied two different cases separately.
Along these lines, we propose to use a query-building tool to let
users browse and characterize their region of interest and to help
them to do so by providing three types of explicit passive analysis
about their current query, as described hereafter.
A basic form of such type of analysis is to let the user compare,
while being in an underconstrained situation, the number of items
that would match the query for different values of an attribute. We
call this type of approach Prospective Analysis, as it provides information to the user about the impact of the different choices before
he makes up his decision. For example, if the user has stated that he
wishes cars for less than 6000 Euros, and now he is browsing the
possible values for matriculation time, the system can indicate that
there are 10 cars matriculated after 2005, 20 cars matriculated after
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2004 and so on.
As users progressively add constraints, they will eventually end
up in an overconstrained situation. Rather than then providing partially matching items, we propose to explicitly provide the user with
the Minimal Conflicting Set Analysis. For instance, in a catalog of
second-hand cars, given the current constraints expressed by the user,
the system could indicate that “there are no Audi cars & Cheaper than
6000 Euros & Matriculated later than year 2000” nor “cars Cheaper
than 6000 Euros & with Blue color & with Electric windows”. Rather
than just providing partial matching solutions, this information can
potentially help the user to better understand the solution space.
A third type of explicit passive analysis is the Possible Relaxations Analysis, which provides concise relaxation suggestions to
overcome the minimal conflicting set of constraints. While the information about the minimal conflicting set may be useful to characterize the solution space and thus get more confidence, finding which
constraints to relax to overcome the situation is not evident for the
user and it may involve trying several relaxation combinations. Explicitly providing a list of possible relaxations may lead to a speed
up of the interaction. Notice that just proposing to remove some constraints as it is done in other approaches may not be very satisfactory.
Indeed, in the case of a constraint over an ordered attribute such as
price, providing the user with information about the minimal modification of that constraint can help the user to better characterize the
domain and speed up the interaction. For instance, in the previous example, the system would also inform that there are cars “if the user
relaxes the maximum price to 6500 Euros” or “if he relaxes the maximum price to 6200 Euros and without Electric windows”. We call
Explicit Trade-off Analysis the combination of the Minimal Conflicting Set Analysis with the Possible Relaxations Analysis.

4 PILOT STUDY
We have carried out a pilot study3 evaluating our interface on
two binary control variables: (1) whether or not to show the explicit passive analysis and (2) whether to use a query-building or a
preference-based approach. The corresponding four interfaces were
implemented using the same software so that their “look and feel”
was as similar as possible to get a fair comparison. See Figure 1 for
a screenshot.
As a database, we used an extract of 7000 second-hand cars kindly
provided by the company Comparis4 , with 35 attributes for each car.
We have tuned our prototype so that it computes the minimal conflicting set for combinations of a maximum of four constraints. Notice that the selection of the appropriate value for this maximum deserves further investigation. Similarly, we have limited the maximum
number of attributes in a relaxation suggestion to three.
Although the pilot study involved only four users, we were able to
obtain some interesting preliminary results:
• Users using the query-building approach felt more in control about
the search system and appreciated it.
• Users using the preference-based approach did hardly make use
of the weights and were dissatisfied by the fact that they didn’t
understand how the items were ranked
• Users using the query-building approach were dissatisfied by the
fact that no item was displayed in underconstrained situations.
3

4
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• More importantly, users using the Explicit Trade-off Analysis (in
both the query-building and the preference-based approach) were
more confident with their choice, while there was no significant
difference with the interaction time.
• An unexpected result was that the use Prospective Analysis together with Explicit Trade-off Analysis performed worse than using Explicit Trade-off Analysis alone. This may be due to the fact
that the Prospective Analysis was inciting the users not to enter
in an overconstrained situation, therefore making them lose the
benefit of the Trade-off analysis.
Although still preliminary, these results are promising. We are
therefore currently preparing a more extensive user study with about
forty users.

5 CONCLUSION
We have compared four existing example-critiquing systems for electronic catalogs both in terms of their user- or system-centric nature
and in terms of the type of analysis provided to the user.
Based on this study, we suggest that providing an analysis in an
explicit form rather than hiding it in a set of proposed alternative
suggestions may greatly help the user to better understand the solution space, and therefore feel more confident about the final decision
and speed up the interaction.
We have proposed the use of Prospective Analysis and Trade-off
Analysis, the latter one consisting of the Minimal Conflicting Set
Analysis along with the Possible Relaxations Analysis. We have built
a concrete prototype and carried out a small pilot study to evaluate
our approach. While Prospective Analysis lead to unexpectedly bad
results, the Trade-off Analysis appeared as very promising. We now
plan to carry out a user study with a larger number of subjects to
confirm and precise the preliminary results obtained so far.
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Detection of Obfuscated Attacks
in Collaborative Recommender Systems 1
Chad Williams and Bamshad Mobasher and Robin Burke and Jeff Sandvig and Runa Bhaumik 2
Abstract. The vulnerability of collaborative recommender systems
has been well established; particularly to reverse-engineered attacks
designed to bias the system in an attacker’s favor. Recent research has
begun to examine detection schemes to recognize and defeat the effects of known attack models. In this paper we propose several techniques an attacker might use to modify an attack to avoid detection,
and show that these obfuscated versions can be nearly as effective as
the reverse-engineered models yet harder to detect. We explore empirically the impact of these obfuscated attacks against systems with
and without detection, and discuss alternate approaches to reducing
the effectiveness of such attacks.

1

Introduction

Recent work has exposed significant vulnerabilities in collaborative
filtering recommender systems to what have been termed “shilling”
or “profile injection” attacks in which a malicious user enters biased profiles in order to influence the system’s behavior [3, 1, 7, 10].
While there are ways system owners can increase the cost of attack
profiles being created; doing so often comes at the cost of reduced
participation, which can hamper the predictive accuracy of a collaborative system. As a result it is impossible to completely eliminate
the threat of an attack in an open collaborative system.
Recent research efforts have been aimed at detecting and preventing the effects of profile injection attacks. Chirita, Nejdl, and Zamfir [4] proposed several metrics for analyzing rating patterns of malicious users and introduced an algorithm specifically for detecting
such attacks. Su, Zeng, and Chen [14] developed a spreading similarity algorithm in order to detect groups of very similar attackers
which they applied to a simplified attack scenario. O’Mahony, Hurley and Silvestre [11] developed several techniques to defend against
the attacks described in [7] and [10], including new strategies for
neighborhood selection and similarity weight transformations. Our
work has focused on developing a multi-strategy approach to attack
detection, including supervised and unsupervised classification approaches and incorporating time-series analysis, vulnerability analysis, anomaly detection and pattern recognition. In [2] a model-based
approach to detection attribute generation was introduced and shown
to be effective at detecting and reducing the effects of random and average attack models. A second model-based approach for detecting
attacks that target groups of items was introduced in [9] and shown
to effectively detect the segment attack.
1
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Prior work has focused on detection of the attack profiles that
are reverse-engineered to introduce the largest bias in favor of the
attacker. These approaches assume that attack profiles have signatures that closely resemble well-known attack models. However, an
attacker may expect (and our research has shown) that hewing too
closely to these optimized attack models makes the attack easier to
detect [2, 9]. With detection and response schemes becoming more
effective, one likely consequence is that attackers may attempt to
conceal their injected attack profiles so that they more effectively
masquerade as genuine profiles, while still biasing the system. We
have termed such attacks obfuscated attacks.
The primary contribution of this work is an analysis of methods
attackers may use to avoid detection schemes based on attack pattern recognition and of approaches that may limit their effectiveness.
Three techniques an attacker may employ to obfuscate their attack
in order to avoid detection are examined: User shifting, designed to
reduce the similarity between profiles of an attack; Noise injecting,
designed to blur the signature of common attack models; and Target shifting, designed to reduce the extreme ratings of attack profiles.
We evaluate the threat of these obfuscation techniques by analyzing
their success: at avoiding detection, biasing an unprotected system,
and biasing a system with detection. To evaluate the effectiveness of
these techniques at obfuscating an attack, we use several existing detection attributes designed to identify attacks based on the average
and random attack models. We show that these obfuscated variations
can introduce nearly as much bias as the original models on a system
without detection, and some obfuscated attacks are more effective
than the original attacks on a system with detection. We conclude by
showing that the most problematic cases (those of low profile size)
can be effectively handled by combining detection with a variant of
the recommendation algorithm.

2

Profile Injection Attacks

For our purposes, a profile injection attack against a recommender
system consists of a set of attack profiles inserted into the system
with the aim of altering the system’s recommendation behavior with
respect to a single target item it . An attack that aims to promote it ,
making it recommended more often, is called a push attack, and one
designed to make it recommended less often is a nuke attack [10].
An attack model is an approach to constructing the attack profiles, based on knowledge about the recommender system’s, rating
database, products, and/or users. The attack profile consists of an mdimensional vector of ratings, where m is the total number of items
in the system. The profile is partitioned in four parts as depicted in
Figure 1. The null partition, I∅ , are those items with no ratings in
the profile. The single target item it will be given a rating designed
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enough similiarity between the profiles and real system users.

Figure 1. The general form of an attack profile.

to bias its recommendations, generally this will be either the maximum or minimum possible rating, depending on the attack type. As
described below, some attacks require identifying a group of items
for special treatment during the attack. This special set IS usually receives high ratings to make the profiles similar to those of users who
prefer these product. Finally, there is a set of filler items IF whose
ratings are added to complete the profile. It is the strategy for selecting items in IS and IF and the ratings given to these items that define
an attack model and give it its character.

2.1

Standard Attack Models

Two basic attack models, originally introduced in [7] are random
attack, and average attack. In our formalism, for these two basic attacks IS is empty, and the contents of IF are selected randomly. For
random attack all items in IF are assigned ratings based on the function σ, which generates random ratings centered around the overall
average rating in the database. The average attack is very similar, but
the rating for each filler item in IF is computed based on more specific knowledge of the individual mean for each item. For more complex attacks the IS set may be used to leverage additional knowledge
about a set of items. For example the bandwagon attack [3] selects a
number of popular movies for the IS set which are given high ratings
and IF is populated as described in the random attack. The segment
attack [3] populates IS with a number of related items which it gives
high ratings to as specified by δ, while the IF partition is given the
minimum rating in order to target a segment of users. Due to space
limitations we focus on the average and random attack models as
they are the most widely discussed.

2.2

Obfuscated Attack Models

Attacks that closely follow one of the models mentioned above can
be detected and their impact can be significantly reduced [2, 9]. As
a result, to significantly bias the system an attacker would need to
deviate from these known models to avoid detection. To explore this
problem, we have examined three ways existing attack models might
be obfuscated to make their detection more difficult: noise injection,
user shifting and target shifting.
Noise Injection – involves adding a Gaussian distributed random
number multiplied by α to each rating within a set of attack profile
items Oni ; where Oni is any subset of IF ∪ IS to be obfuscated and
α is a constant multiplier governing the amount of noise to be added.
This noise can be used to blur the profile signatures that are often
associated with known attack models. For example, the abnormally
high correlation that is associated with profiles of an average attack
could be reduced by this technique while still maintaining a strong

User Shifting – involves incrementing or decrementing (shifting)
all ratings for a subset of items per attack profile in order to reduce
the similarity between attack users. More formally, for all items
0
= ri,u + shift(u, Os ) where Os is any subset of
i in Os , ri,u
IF ∪ IS to be obfuscated, ri,u is the original assigned rating given
0
to item i by attack profile u, ri,u
is the rating assigned to item i
by the obfuscated attack profile u, and shift(u, Os ) is a function
governing the amount to either increment or decrement all ratings
within set Os for profile u. This technique results in a portion of
the base attack model ratings deviating for each attack profile. As a
result, the distribution signature for the profile can deviate from the
profile signature usually associated with the base attack model. This
technique can also be used to reduce the similarity between attack
profiles that often occurs in the reverse-engineered attack models.
Target Shifting – for a push attack is simply shifting the rating
given to the target item from the maximum rating to a rating one
step lower, or in the case of nuke attacks increasing the target rating
to one step above the lowest rating. Although a minor change, this
has a key effect. Since all reverse-engineered models dictate giving
the target item the highest or lowest rating, any profile that does not
include these ratings is likely to be less suspect. Naturally, profiles
that are not as extreme in their preference will generate less bias in
the attacked system (and our experiments bear this out). However, in
many practical scenarios, for example, trying to push an item with
low ratings, a target shifted attack may be almost as effective as an
ordinary one.
While there are numerous ways a profile may be constructed to
avoid detection, we focus on these to illustrate the detection challenges that can occur with even minor changes to existing models.

3

Detecting Attack Profiles

We outline a set of detection attributes that have been introduced for
detecting attacks based on supervised learning techniques. Our goal
is to apply the attributes introduced in [4, 2, 9] and some additional
attributes to see their effectiveness at detecting obfuscated attacks
when trained on base attacks. For this method, training data is created by combining genuine profiles from historic data with attack
profiles inserted following the base attack models described above.
Each profile is labeled as either an attack or as a genuine user. A binary classifier is then created based on this set of training data using
the attributes described below and any profile classified as an attack
will not be used in predictions.
These attributes come in two varieties: generic and model-specific.
The generic attributes are modeled on basic descriptive statistics that
attempt to capture some of the characteristics that will tend to differentiate an attacker’s profile from a genuine user. The model-specific
attributes attempt to detect characteristics of specific attack models.

3.1

Generic Attributes

Generic attributes are based on the hypothesis that the overall statistical signature of attack profiles will differ from that of authentic
profiles. This difference comes from two sources: the rating given
the target item, and the distribution of ratings among the filler items.
As many researchers have theorized [7, 4, 10, 8], it is unlikely if not
unrealistic for an attacker to have complete knowledge of the ratings
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in a real system. As a result, generated profiles are likely to deviate
from rating patterns seen for authentic users.
For the detection classifier’s data set we have used a number of
generic attributes to capture these distribution differences. These attributes are:
• Rating Deviation from Mean Agreement [4], is intended to identify
attackers through examining the profile’s average deviation per item,
weighted by the inverse of the number of ratings for that item.
• Weighted Degree of Agreement [9], captures the sum of the differences of the profile’s ratings from the item’s average rating divided
by the item’s rating frequency.
• Weighted Deviation from Mean Agreement (WDMA), designed to
help identify anomalies, places a high weight on rating deviations
for sparse items. We have found it to provide the highest information gain for obfuscated attacks as well as standard attacks of the
attributes we have studied. The WDMA attribute can be computed in
the following way:
nu
P
|ru,i−ri |

WDMAu =

l2
i

i=0

nu

where U is the universe of all users u; let Pu be a profile for user
u, consisting of a set of ratings ru,i for some items i in the universe
of items to be rated; let nu be the size of this profile in terms of the
numbers of ratings; and let li be the number of ratings provided for
item i by all users, and ri be the average of these ratings.
• Degree of Similarity with Top Neighbors (DegSim) [4], captures the
average similarity of a profile’s k nearest neighbors. As researchers
have hypothesized attack profiles are likely to have a higher similarity with their top 25 closest neighbors than real users [4, 12]. We
also include a second slightly different attribute DegSim0 , which
captures the same metric as DegSim, but is based on the average
similarity discounted if the neighbor shares fewer than d ratings in
common. We have found this variant provides higher information
gain at low filler sizes. The User Shifting obfuscation technique is
specifically designed to reduce the effectiveness of these attributes.
• Length Variance (LengthVar) [2] indicates how much the length of
a given profile varies from the average length in the database. This
attribute is particularly effective at detecting large profile sizes often
associated with bots as few authentic users have rated as many items
as these larger filler sizes require.

3.2

Model-Specific Attributes

In our experiments, we have found that the generic attributes are insufficient for distinguishing a attack profiles from eccentric but authentic profiles. This is especially true when the profiles are small,
containing few filler items. As shown in Section 2, attacks can be
characterized based on the characteristics of their partitions it (the
target item), IS (selected items), and IF (filler items). Model-specific
attributes are those that aim to recognize the distinctive signature of
a particular attack model.
Our detection model discovers partitions of each profile that maximize its similarity to the attack model. To model this partitioning,
each profile is split into two sets. The set Pu,T contains all items
in the profile with the profile’s maximum rating (or minimum in the
case of a nuke attack); the set Pu,F consists of all other ratings in
the profile. Thus the intention is for Pu,T to approximate {it } ∪ IS
and Pu,F to approximate IF . (We do not attempt to differentiate it
from IS .) As these attributes are dependent on the accuracy of se-

lecting these partitions, the Target Shifting obfuscation technique is
designed to reduce their partitioning accuracy.
The average attack model divides the profile into three partitions:
it given an extreme rating, Pu,F given filler ratings, and unrated
items. The model essentially just needs to select an item to be it
and all other rated items become Pu,F . By the definition of the average attack, the filler ratings will be populated such that they closely
match the rating average for each filler item. We would expect that a
profile generated by an average attack would exhibit a high degree of
similarity (low variance) between its ratings and the average ratings
for each item except for the single item chosen as the target.
The intuition of this hypothesis is implemented by iterate through
all the highly-rated items, selecting each in turn as the possible target,
and then computing the mean variance between the non-target (filler)
items and the average across all users. Where this metric is minimum,
the target item is the one most compatible with the hypothesis of the
profile as being generated by an average attack, and the magnitude of
the variance is an indicator of how confident we might be with this
hypothesis. The Noise Injection obfuscation technique is designed to
increase the filler variance thus making the profile more resemble an
authentic profile, while still being very similar to the consensus item
rating. The partitioning is performed twice, once for a push attack as
described above and once for a nuke attack selecting low-rated items
as hypothesized targets. These two partitioning sets are used to create
two sets of the following attributes introduced in [2]:
• Filler Mean Variance, the partitioning metric described above.
• Filler Mean Difference, which is the average of the absolute value
of the difference between the user’s rating and the mean rating (rather
than the squared value as in the variance.)
• Profile Variance, capturing within-profile variance as this tends to
be low compared to authentic users
The group attack detection model was designed for detecting attacks that target a group of items such as the Segment and Bandwagon attack, however it is included here as it has been found to be
informative for single target attacks as well [9]. For this detection
model, the partitioning feature that maximizes the attack’s effectiveness is the difference in ratings of items in the Pu,T set compared
to the items in Pu,F captured as the Filler Mean Target Difference
(FMTD) attribute. The effectiveness of this attribute is also reduced
by the Target Shifting obfuscation technique as the difference between the filler items and target item is decreased.
All of the attributes thus far have concentrated on inter-profile
statistics; target focus, however, concentrates on intra-profile statistics. The goal is to use the fact that an attacker often must introduce
more than a single profile in order to achieve their desired bias. It
is therefore profitable to examine the density of target items across
profiles. One of the advantages of the partitioning associated with
the model-based attributes described above is that a set of suspected
targets is identified for each profile. For our Target Model Focus attribute (TMF), we calculate the degree to which the partitioning of a
given profile focuses on items common to other attack partitions, and
therefore measures a consensus of suspicion regarding each profile.
Thus from an obfuscation perspective, if the techniques described
above can reduce the accuracy of the targets selected by the above
models, the effectiveness of this attribute will be reduced as well.

4

Experimental Methodology

Recommendation Algorithm – The standard kNN collaborative filtering algorithm is based on user-to-user similarity [5]. In selecting
neighbors, we have used Pearson’s correlation coefficient for similar-
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ities and a neighborhood size k = 20. Neighbors with a similarity of
less than 0.1 are filtered out to prevent predictions from being based
on distant or negative correlations. Once the most similar users are
identified, predictions are calculated as described in [8]. The attack
classification is incorporated by examining each profile and assigning a classification of either attack or authentic. If a profile is classified as attack, the profile is not used in any prediction calculations.
Evaluation Metrics – There has been considerable research in the
area of recommender systems evaluation [6]. In evaluating security,
we are interested in change in performance induced by an attack
rather than raw performance. In the experiments reported below, we
follow the lead of [10] in measuring an algorithms stability via prediction shift. The prediction shift metric as computed in [1] measures
the change in the predicted rating of an item before and after attack.
For measuring classification performance, we use the standard
measurements of precision and recall. Since we are primarily interested in how well the classification algorithms detect attack, we
look at each of these metrics with respect to attack identification.
Thus precision is calculated as the fraction of true positives (actual
attacks) among all those profiles labeled as possible attacks, and recall is defined as the fraction of detected attacks among all of the
attack profiles injected.
Experimental Setup – For our detection experiments, we have used
the publicly-available Movie-Lens 100K dataset 3. This dataset consists of 100,000 ratings on 1682 movies by 943 users. All ratings
are integer values between one and five where one is the lowest (disliked) and five is the highest (most liked). Our data includes all the
users who have rated at least 20 movies.
The attack detection and response experiments were conducted using a separate training and test set by partitioning the ratings data in
half. The first half was used to create training data for the attack detection classifier used in later experiments. For each test the 2nd half
of the data was injected with attack profiles and then run through the
classifier that had been built on the augmented first half of the data.
This approach was used since a typical cross-validation approach
would be overly biased as the same movie being attacked would also
be the movie being trained for.
For these experiments we have used 15 total detection attributes:
6 generic attributes (WDMA, RDMA, WDA, Length Variance,
DegSim k = 450, and DegSim k = 2 with co-rating discounting
d = 963); 6 average attack model attributes (3 for push, 3 for nuke
– Filler Mean Variance, Filler Mean Difference, Profile Variance); 2
group attack model attributes (1 for push, 1 for nuke – FMTD); 1
target detection model attribute (TMF.)
The training data was created using the same technique described
in [9] by inserting a mix of random, average, segment, and bandwagon attacks using base attack models described above and in [9]
for both push and nuke attacks at various filler sizes that ranged from
3% to 100%. Based on this training data, kNN with k = 9 was used
to make a binary profile classifier. To classify unseen profiles, the k
nearest neighbors in the training set are used to determine the class
using one over Pearson correlation distance weighting. Classification
results and the kNN classifier were created using Weka [13].
In all experiments, to ensure the generality of the results, 50
movies were selected at random representing a wide range of average
ratings and number of ratings. Each of these movies were attacked individually and the average is reported for all experiments. The experiments used a sample of 50 users mirroring the overall distribution of
users in terms of number of movies seen and ratings provided. The
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Figure 2. Classification results for 1% Average push attack.

results reported below represent averages over the combinations of
test users and test movies.
To evaluate the obfuscation methods discussed above we have examined these techniques on the average and random attack models
for both push and nuke attacks. For the user shift technique, for both
models we shifted all of the filler items, and we used a Gaussian
distributed random number for shift amount. For the noise injection
technique we add noise to all of the filler items using a Gaussian
distributed random number multiplied by 0.2.

5

Experimental Results and Discussion

In our first set of experiments we compare the attack detection
model’s ability to detect the obfuscated attacks compared to the base
attacks (standard non-obfuscated attacks). As Figure 2 depicts the
target shifting obfuscation has little impact on the detection of average attack. The user shifted and noise injection techniques were
much more successful particularly at lower filler sizes where the recall degraded over 37% for average attack. (Results for the random
attack were similar.) Thus as the number of ratings increase, the patterns that distinguish an attacker would become more apparent. The
same trends emerged for both average and random nuke attacks (results omitted). Recall of the nuke average attack dropped by over
30% for user shifting and noise injection, while recall of random attack degraded by over 50%. Once again target shifting alone was
not particularly effective at disguising either of these attacks. Target
shifting may be more significant for models such as segment attack
since attributes designed to detect these attacks focus on target/filler
rating separation [9]. We intend to investigate obfuscating these types
of attacks in future work.
We also examined the impact on prediction shift due to deviating from the reverse-engineered attacks to avoid detection. We compared the prediction shift of base attacks and obfuscated attacks on
a system without detection. Figure 3 depicts the maximum prediction shift found for each attack across all filler sizes with the black
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Figure 4. Prediction shift against co-rate discounted kNN.

Figure 3. Maximum prediction shift 1% push attacks across all filler sizes.

bars capturing the results against a system without detection and the
gray bars the results against a system with detection (we used filler
sizes between 3% and 10%). As the results show, the user-shifted and
noise-injected versions are nearly as effective as the non-obfuscated
versions without detection for both attack models at their most effective filler sizes. This means an attacker can mount an effective attack
using the obfuscation techniques with reduced chance of detection.
For both average and random attacks the user shifting obfuscation
is the most effective against a system that uses detection as seen in the
gray bars in Figure 3. Noise injection, however, is more effective than
the base attack against a system with detection for average attack, but
the obfuscated version is slightly less effective for random attack.
Intuitively, this makes sense since the random attack already is an
attack based on noise, and its lack of correlation to item averages is
one of the features that aides in its detection; additional noise being
added is unlikely to improve the correlation.
The classification and prediction shift results indicate that, when
combined with detection, average and random attacks at lower filler
sizes pose the most risk. To reduce the effect of these attacks at lower
filler sizes, one approach would be to discount profiles that have
fewer items in their profile. Herlocker et al. introduced such a variation in [5] that discounts similarity between profiles that have fewer
than 50 co-rated items by n/50 where n is the number of co-rated
items. While this modification was proposed originally to improve
prediction quality, it has some interesting effects on changing the
characteristics of effective attacks as well. As Figure 4 shows, while
the average and random attacks are about as effective against the corate discounted version as they are against the basic version at high
filler sizes, at low filler sizes their impact is far less. When combined
with the detection model outlined above the largest prediction shift
achieved by any of the attacks described above is only .06 compared
to the .86 shift achieved against basic kNN. This combination may
not be as effective against attacks that focus specifically on popular
items, since they are designed to increase the likelihood of co-rating,
but it does appear to add significant robustness for the attacks studied
in this paper.
A more challenging problem will likely be ensuring robustness
against unknown attacks as profile classification alone may be insufficient. Unlike traditional classification problems where patterns are
observed and learned, in this context there is a competitive aspect
since attackers are motivated to actively look for ways to beat the
classifier. Given this dynamic, a solution may lie in combining multiple detection approaches such as time series or rating distribution
analysis. We envision combining the techniques above with other detection techniques to create a comprehensive detection framework.
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Attacking Recommender Systems:
The Cost of Promotion
Michael P. O’Mahony1 and Neil J. Hurley and Guenole C.M. Silvestre
Abstract. It has been established in recent work that collaborative
recommender systems are vulnerable to attacks that seek to manipulate the recommendations that are made for target items. In this paper,
we examine attacks from a cost perspective. While various costs can
be associated with attacks, here we focus on the effect that attack
size, in terms of the number of ratings that are inserted during an attack, has on attack success. We present a cost-benefit analysis which
shows that substantial profits can be realised by attackers, even when
financial costs are imposed on the insertion of ratings.

1

Introduction

Recent work has highlighted the lack of robustness exhibited by collaborative recommender systems against attack [3, 4, 5, 7]. It has
been shown that attacks on these systems are capable of significantly
biasing the recommendations that are made. In this paper, we introduce a framework for quantifying the gains that are realised from
such attacks.
Let us begin by stating the precise objectives of the attacks that
we consider. To do so, it is important to distinguish between the perspectives of the different parties that are involved. In recommender
systems, three distinct parties can be identified. These are:
• End-users: the primary clients of the system, to whom recommendations are delivered. From this perspective, client satisfaction depends mainly on how well the recommender system follows the personal tastes of these users.
• System owners: mainly concerned with the throughput of the system as measured by the total number of transactions. From this
perspective, recommendations need not necessarily be accurate,
so long as customers are attracted and retained to the service.
• External interested parties: these parties have a direct interest
in the transactions that are made. Such a party might be, for example, the author or publisher of some books that are listed on a
recommender system. Obviously, these third parties have a vested
interest in the recommendations that are made for their products.
In our analysis, we take the end-users’ perspective, and seek systems which are accurate and consistent in the recommendations that
are made to these users. With respect to attacks, we examine how
recommendations can be manipulated by external third parties. Examples of such attacks are product push and nuke attacks, where the
objectives are to promote or demote the recommendations that are
made for target items, respectively. In this paper, we assume that the
objective of the attacks is to target one particular item, and attack
performance is evaluated only with respect to the attacked item.
1
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Attacks are implemented by registering a number of bogus user
profiles with a system. Using these profiles, the attacker supplies ratings to selected items with a view to pushing or nuking the target
item. We refer to these profiles as attack profiles.

2

Cost-Benefit Analysis

In this section, we propose a framework that enables us to quantify
the financial gains that are realised by third party attacks on recommender systems. We assume that the goal of these attacks is to promote the recommendations that are made for a single target item.
Cost-benefit analysis is a widely used technique for deciding
whether or not to undertake a course of action. To use the technique
one simply adds up the value of the benefits accruing from an action,
and subtracts the costs associated with it. The Return on Investment
(ROI) metric is widely used to perform cost-benefit analysis. The
following definition of ROI is provided in [8]:
ROI is a general concept referring to earnings from the investment of capital, where the earnings are expressed as a proportion of
the outlay.
ROI is frequently derived as the return from an action divided
by the cost of that action, which can be expressed as:
ROI =

total benefits − total costs
.
total costs

(1)

Costs. There are several criteria under which the costs that are associated with attacks on recommender systems may be measured [3]:
• Attack Size: the total number of ratings that are inserted during
the course of an attack.
• Financial Costs: monetary costs may be associated with the insertion of ratings, i.e. users may only be permitted to express preferences following the actual purchase of items.
• Domain Knowledge: attacks are likely to be more successful if
domain knowledge particular to the system under attack is known.
For example, knowledge of the underlying recommendation algorithm, or knowledge of user and item rating distributions may
facilitate greater attack success.
• System Interface: the ease of interaction with the system needs to
be considered. For example, the use of anti-automation techniques
would increase the time and effort required to input attack data.
• General Requirements: factors such as technical and computational resources, etc. that may be needed to implement an attack.
While the latter two factors are important, they are difficult to
quantify; consider, for example, that some recommender systems
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may be easier to interact with than others. Thus, we focus on the first
two cost factors outlined above, since these are the most objective
and are readily subjectable to analysis. In addition, we assume that
certain domain knowledge is available to attackers (see Section 3).
For the purposes of this analysis, we assume that an item can only
be rated following its actual purchase. Attack cost is calculated as
follows. If the purchase cost
 of item k is given by ck , then the total
attack costs are given by k∈I ck , where Ij is the set of items that
j
are assigned ratings in the attack.
Benefits. The benefits resulting from an attack on an item j
are given by the increase in the number of times that item j is
selected. Let N be the total number of genuine system users and
let nj and nj be the fraction of users who select item j pre- and
post-attack. Thus, total benefits can be expressed as cj N (nj − nj ).
Substituting the above expressions for total costs and benefits
into (1), the ROI for an attack on item j is given by:
ROIj =

cj N (nj − nj ) −



k∈Ij



k∈Ij

ck

ck
.

AverageBot Attack. In our version of this attack [3], profiles are
created using the l − 1 most popular items from the product space
under attack. Items are rated randomly on a normal distribution with
mean equal to the average rating of the item being rated and standard
deviation equal to the standard deviation across all items.
Random Attack. Attack profiles are constructed by simply
choosing l − 1 items uniformly at random from the product space
under attack [7]. The ratings for these items are chosen according to
a uniform random distribution over the rating scale that is employed.

4

Prediction and Recommendation Algorithms

Recommender systems are typically used to deliver recommendations to users in two ways. Firstly, predictions for specific item(s) can
be provided (prediction problem). Secondly, recommendations in the
form of ranked lists of items can be delivered (top-N problem).
With respect to the prediction problem, we consider the well established user-based collaborative algorithm that is described in [9].
A prediction pa,j is computed for a user a (termed the active user) on
an item j as a weighted average of k neighbours’ ratings as follows:

We can simplify this expression by assuming that all items are of
equal cost. Let sj be the total number of ratings that are inserted
during an attack. ROIj now becomes:
ROIj =

N (nj − nj ) − sj
.
sj

(2)

The remaining difficulty lies in calculating the fractions nj and nj . In
Section 5, we will show that the robustness metrics, which evaluate
the effect of attacks, can be used to estimate these quantities.

3

Attack Strategies

We compare several push attack strategies and determine which is
the most successful from an ROI perspective. (Product nuke attacks
are not considered but a similar analysis applies [7].) It is assumed
that full knowledge concerning both item popularity, the number
of ratings received by each item in the system, and item likeability,
the average rating received by each item, is available to attackers.
(See [5] for an analysis of when such knowledge is only partially
available.) Where required, this knowledge is used to create attack
profiles. We define l as the attack profile size and rmax and rmin as
the maximum and minimum permissible ratings, respectively. The
item being pushed is included in all profiles, and is assigned a rating
of rmax . Further, it is assumed that only integer ratings are allowed.
Popular Attack. The motivation behind this strategy [7] is
that popular items are ideal candidates for attack profiles, since they
provide for optimal overlap with genuine users. Attack profiles are
constructed using the l − 1 most frequently rated items from the
target product space. To ensure positive correlations between attack
and genuine profiles, ratings of rmin + 1 and rmin are assigned to
the more- and less-liked items, respectively.
Probe Attack. This approach [5] uses the output of a recommender system as a means to select attack profile items and ratings.
The attacker initially selects and rates (using the same approach
as outlined for the popular attack) a small number of seed items;
thereafter the system is interrogated to discover additional items and
ratings. In our evaluations, 10 seed items are selected at random
from the 100 most popular items from the target product space.

pa,j = r̄a +

k

i=1

w(a, i)(ri,j − r̄i )

k

i=1

|w(a, i)|

,

(3)

where r̄a is the average rating of user a, ri,j is the rating assigned
by neighbour i to item j and w(a, i) is the similarity weight between
user a and neighbour i. We employ the k–nearest neighbour scheme,
with neighbourhood size chosen by experiment in order to optimise
predictive accuracy. Similarity weights are calculated using Pearson
correlation [9]. We also use significance weighting [2], which devalues weights that are based on small numbers of co-rated items.
To generate a top-N recommended list, the items contained in all
of the nearest neighbours are aggregated to form a candidate set.
Items that have already been rated by the active user are excluded,
and a prediction is made for each of the remaining candidate set items
using the procedure outlined above. Candidate items are then ranked
according to predicted ratings, and the top-N set is returned.

5

Robustness Metrics

Prediction Problem. We use mean absolute prediction error (MAPE) to measure the prediction shift that has been
achieved
 by an attack. The MAPE for item j is calculated as
1
|pa,j − pa,j |, where Aj is the set of users over which
|Aj |
a∈A
j

the attack is evaluated and pa,j and pa,j are the pre- and post-attack
predicted ratings for item j, respectively. System robustness can then
be calculated by taking the average MAPE over all attacked items.
We also report the number of times that pa,j > pa,j (as required for
successful push attacks).
Not all prediction shifts are necessarily equivalent in effect;
for example, a shift from 1 to 2 is likely to be of less importance to
users than a shift from 3 to 4. Thus, we also calculate the increase
in the number of good predictions (GP) that are made for attacked
items. A good prediction for item j is defined as the number of times
that pa,j ≥ δg , ∀ a ∈ Aj , where δg is a threshold rating. Overall
robustness can be established by computing the average increase in
the number of good predictions over all attacked items.
Top-N Problem. We use the hit ratio (HR) metric [4] to measure the
number of times that a target item appears in top-N recommended

25

lists. Let Ra be the set of top-N recommendationsfor user a.
For an item j, hit ratio is defined as HRj = |A1j | a∈A ha,j ,
j
where ha,j = 1 if j ∈ Ra , and 0 otherwise. A measure of overall
robustness can be obtained by comparing the average pre- and
post-attack values of the hit ratio over all target items.

3
2.5

MAPE

2

Metrics and ROI. The good predictions and hit ratio metrics
are useful measures of attack success since both can be used to
estimate the likelihood that users will act (i.e. purchase, select etc.)
on items that receive high predicted ratings. In terms of the good
predictions metric, for example, we can calculate the fraction of
genuine users who will act on an item j as nj = αj GPj , where αj is
the browser-to-buyer conversion rate for item j. The conversion rate
captures the fact that only a proportion of users will make selections
based on a recommender system’s output. (2) can now be written as:
αj N (GPj − GPj ) − sj
,
sj

0.5
0
0

(4)
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Figure 1. MAPE (top), percentage of good predictions (middle) and hit
ratio (bottom) achieved by different attack strategies versus the number of
attack profiles inserted into the system

Comparing Attack Strategies

We begin by comparing the performance of the different attack strategies in the context of the prediction problem. Figure 1 shows MAPE
and the percentage of good predictions that were achieved versus the
number of attack profiles that were inserted. The results shown are
for attacks carried out against the MovieLens dataset. Neighbourhood size was set to k = 35. Attack profile size was set to l = 100,
which is approximately equal to the average genuine profile size. The
threshold rating, δg , was set to rmax − 1. Similar trends were found
using the EachMovie dataset, but are not shown due to limitations of
space.
From the results, it is clear the popular attack significantly outperformed the other strategies, followed by the probe, AverageBot
and random attacks. For example, when 30 attack profiles were inserted, the percentage of good predictions that were achieved were,
in order of descending performance, 88%, 63%, 33% and 19%, respectively. The baseline performance (i.e. when no attack profiles
were present) was 19%. It is immediately apparent that the random
attack has failed to impact system robustness. Regarding the other
3
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Evaluation

We use two datasets in our evaluations. The first is provided by the
MovieLens research project2 . It consists of 943 users, 1,682 movies
and contains 100,000 transactions in total. Ratings are based on an
integer scale of 1 to 5. We also use the EachMovie dataset3 , which
has a total of 72,916 users who provided 2,811,983 ratings on 1,628
movies. The rating scale is from 1 to 6.
We use the following experimental procedure to evaluate system
robustness. The performance of a particular item is evaluated over
all the genuine users in the system who have rated the item in question. For each of these users, an all but one protocol is adopted,
where the test set is comprised of the user in question, and a prediction/recommendation for this user is made using all remaining data.
The average result over all users is then computed. This procedure is
repeated for all attacked items, and the mean result is obtained.

10

100

where GPj and GPj are the pre- and post-attack percentages of good
predictions for item j, respectively. Similarly, for top-N problems,
ROIj can be obtained by substituting HRj for GPj in (4).
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http://movielens.umn.edu/.
Obtained from Hewlett-Packard (no longer available since October 2004).

attacks, it is also useful to examine the corresponding numbers of attack profiles that were found in neighbourhoods. In the same order as
before, the average percentage of attack profiles in neighbourhoods
over all attacked items were 68%, 46% and 47%, respectively. The
popular attack again achieved the best performance. Recall that the
only difference between the popular and AverageBot strategies (as
implemented in this paper) lies in the ratings that were assigned to
attack profile items – both strategies used the l − 1 most frequently
rated items in the construction of attack profiles. The ratings that are
applied in the popular attack can be considered optimal for the following reason. Consider, for example, the case in which all nearestneighbours consist of identical attack profiles; thus (3), assuming
positive correlations between attack and genuine profiles, simplifies
to pa,j = r̄a + (rattack,j − r̄attack ). It is easily seen that the latter
term is maximised by assigning a rating of rmax to the pushed item
and the lowest possible ratings to the remaining items in the profile.
This is not the case for the AverageBot attack, where relatively high
ratings, based on the distribution of genuine users’ ratings, were applied to items and thus, smaller prediction shifts were achieved.
The better performance of the probe attack over the AverageBot attack can also be explained in the above context. Both attacks resulted
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in a similar percentage of attack profiles in neighbourhoods, implying that the average similarities achieved between genuine and attack
profiles using both strategies were closely matched. The probe attack
was more successful, however, because the ratings strategy that was
applied to seed items followed that of the popular attack.
Finally, the difference in performance between the popular and
probe attacks can be explained by the fact that the average number
of (genuine) ratings received by items that were included in popular attack profiles was 330, as opposed to only 99 for probe attack
profiles. Compared to the popular attack, this resulted in, on average,
smaller numbers of co-rated items between probe attack and genuine
profiles, leading to reduced similarities and therefore to fewer attack
profiles in neighbourhoods, as the above findings indicate.

6.2

Performance Metrics

The results presented in Figure 1 indicate that broadly similar trends
were captured by both the MAPE and good predictions metrics. It is
interesting to note, however, that the optimum attack gains as measured by the good predictions metric occurred at lower numbers of
attack profiles inserted than those indicated by the MAPE metric. For
example, 35 attack profiles are required to attain the highest MAPE
in the case of the popular attack, whereas the highest percentage of
good predictions was achieved when ≈ 20 attack profiles were inserted. Thus, the largest prediction shifts were not required to achieve
the best performance in terms of good predictions.
Of the two prediction problem metrics, the trends established by
the good predictions metric were the closest match to those presented
in Figure 1 (bottom), where we show attack performance in the context of the top-N recommendation problem (with N = 10). This
finding was expected, since the former metric measures the percentage of predictions that are pushed beyond a particular threshold by
the attack and, in the case of the top-N problem, recommendation
lists are ranked by the predicted ratings of candidate items. The results obtained using the hit ratio metric also indicate that non-target
items were not inadvertently pushed in the course of the attacks to
the point of excluding attacked items from recommended lists. From
these findings, it is therefore apparent that recommender system outputs, in terms of both prediction and ranked-list generation, proved
to be very susceptible to manipulation from attack.

6.3

Cost-Benefit Analysis

We perform our cost-benefit analysis in the context of the popular attack, the most successful strategy that was evaluated. It is important
to understand how system robustness varies with dataset size – for
example, as the number of genuine users in a system increases, attacks may well become more difficult and/or costly to implement. For
this analysis, we use the EachMovie dataset due to the large quantity
of data that is available. In order to simulate a system as it grows in
size, 10 different–sized samples were randomly drawn from this system, where the samples, di , were subject to the following constraint:
d1 ⊂ d2 ⊂ . . . ⊂ d10 . The smallest sample contained 1,000 genuine
users, the largest contained 10,000 users.
We begin, using the smallest dataset d1 , with an experiment to determine the optimal number and size of attack profiles that should be
inserted into the system. In this regard, the attacker needs to maximise ROI with respect to the item being attacked. From (4), this is
equivalent to maximising (GPj − GPj )/sj . It was found that ROI
was greatest for single-profile attacks which ranged in size from 7
to 25 items. At smaller attack sizes, the number of co-rated items
between attack and genuine profiles was reduced to the extent that
significance weighting (refer to Section 4) substantially minimised

the effect of the attack. It was also found that ROI decreased significantly for attack sizes > 25, where any additional returns were more
than offset by increasing attack sizes.
We now examine the effect of attacking the 10 sample datasets
that were drawn from the EachMovie dataset. The approach that is
adopted in all cases is to create 1 attack profile, consisting of 25
items. This particular attack size, at the high end of the optimal ROI
range, was selected because attack profiles of greater size are more
likely to be influential against larger datasets, where greater numbers
of high quality (genuine) neighbours are likely to be present.
The results for the attacks are presented in Table 1. For each of the
datasets, the neighbourhood size that provided the optimum performance in terms of predictive accuracy (when no attack was present)
was selected. These neighbourhood sizes are shown in the table and,
as expected, it can be observed that the optimum neighbourhood size
generally increased as the systems grew in size.
Table 1. Popular attacks carried out on 10 sample datasets drawn from the
EachMovie dataset. For each dataset, the results shown are averaged over
attacks carried out against all items with ≤ 100 genuine ratings.
Dataset
Sample
d1
d2
d3
d4
d5
d6
d7
d8
d9
d10

# Users
(N)
1,000
2,000
3,000
4,000
5,000
6,000
7,000
8,000
9,000
10,000

Neigh.
Size
45
40
40
50
55
65
70
80
90
95

Items with ≤
100 ratings (%)
88
79
72
67
64
60
57
55
54
52

GP (%)
(Pre)
24
24
22
20
19
17
16
15
17
17

GP (%)
(Post)
37
35
31
29
29
25
24
24
25
25

It is reasonable to assume that newer items are likely to be the subject of most attacks, given that the logic of attacking well-established
items is dubious and furthermore, new items often sell at premium
rates. The results that are presented in the table therefore relate to
those items which have received ≤ 100 genuine ratings in the various sample datasets. For each of the datasets, the percentages of
such items are also shown. While these percentages decreased as the
sample datasets grew in size, over 50% of all items contained in the
largest sample that was used still satisfied this criterion.
The pre- and post-attack good predictions data can be used to estimate the profit that accrued from the attack. The profit for an attack
on an item j is defined as the total benefits
 that are realised minus
 the
total attack costs, which is given by cj αj N (GPj − GPj ) − sj . The
average profit, calculated over attacks that were carried out against all
items which received ≤ 100 ratings, is shown for each of the sample
datasets in Figure 2. The results presented correspond to a browserto-buyer conversion rate of 10% and an item cost of $10 (all items
were assumed to have the same conversion rate and equal cost).
Of critical importance is the fact that profit was found to increase
with dataset size, since more and more users became available to be
targeted by the attack. While financial losses actually resulted for the
attacks against datasets of size 2,000 or less, thereafter profits were in
the black. For example, a profit of $500 was realised for the attack on
the largest sample dataset, which contained 10,000 users. (Note that
increased profits would be realised at higher conversion rates and/or
item costs.)
As can be seen from Figure 2, a linear relationship (r2 = 0.99)
was found to exist between profit and dataset size. Accordingly, it is
possible to extrapolate these results and estimate the profit that would
be realised by attacking larger systems. Figure 3 shows the minimum
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Figure 4. Projected profit versus system size for browser-to-buyer
conversion rates ranging from 1% to 20%

Figure 2. The average profit that was achieved when each of the 10 sample
datasets were subjected to product push attacks

system size that is required in order to provide a zero profit margin
for different values of the browser-to-buyer conversion rate. Thus,
systems must exceed the indicated sizes before attacks become financially worthwhile. At higher conversion rates, the zero profit margin
was achieved at smaller system sizes. For example, a minimum size
of 16,700 was required for a conversion rate of 2%, compared to a
size of 2,450 for a conversion rate of 10%.

0

7

Conclusions

In this paper, we compared the performance of a number of attack
strategies in the context of both prediction and top-N recommendation problems. In each case, the attacks were successful. The popular
and probe attacks were the most effective and proved capable of significantly manipulating system output in the attacker’s favour.
In Section 2, we proposed a framework for establishing the costbenefit that applies to these attacks. Using this framework, we
demonstrated that substantial profits can be realised by attackers,
even when financial costs were imposed on the insertion of attack
data. Disturbingly, from a security perspective, the analysis also indicated that small-sized attacks, involving little effort and low risk,
were the most effective in terms of maximising return on investment.
Recent research has examined techniques that aim to improve the
robustness of collaborative recommender systems [1, 6, 7]. While
these techniques have enhanced robustness against known attacks,
new and less transparent attack strategies are always likely to emerge.
Given the widespread use and commercial benefits of recommender
systems, the need for ongoing research in this area is clear.
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Trust-aware Bootstrapping of Recommender Systems
Paolo Massa and Paolo Avesani 1
Abstract. Recommender Systems (RS) suggest to users items they
might like such as movies or songs. However they are not able to
generate recommendations for users who just registered, in fact bootstrapping Recommender Systems for new users is still an open challenge. While traditional RSs exploit only ratings provided by users
about items, Trust-aware Recommender Systems let the users express also trust statements, i.e. their subjective opinions about the
usefulness of other users’ ratings. In this paper we analyze the relative benefits of asking new users either few ratings about items or
few trust statements about other users for the purpose of bootstrapping a RS ability to generate recommendations. We run experiments
on a large real world dataset derived from the online Web community
of Epinions.com. The results clearly indicate that, while traditional
RS algorithms exploiting ratings on items fail for new users, asking
few trust statements to a new user is instead a very effective strategy
able to quickly let the RS generate many accurate items recommendations.

1 Introduction
Information overload makes Recommender Systems (RS) [3] a tool
that cannot be renounced. Nevertheless the bootstrapping of a Recommender System is still an open challenge.
Bootstrapping, known also as cold start problem, is threefold: it
can be concerned with a new system, a new item or a new user. The
first scenario refers to situations where a Recommender System has
been just launched and can’t rely on the collaborative contribution of
a community of users [2]. The second scenario is represented by the
extension of the catalog of contents: usually opinions on recently introduced items, for example new movies, are not available [9]. Third,
we have a cold start problem when a new user subscribe to a Recommender System [6]. In the following we will focus our attention on
this third kind of bootstrapping challenge.
When a new user joins for the first time a Recommender System
the system doesn’t know anything about her. A poor or an empty
profile prevents the system to deliver personalized recommendations.
The main drawback is the latent period required by the system to
acquire enough knowledge about the new user. Proactive strategies,
such as asking the new user to provide a certain number of ratings,
may shorten this period but there is the risk of annoying the user.
The bottleneck for a quick bootstrapping is therefore the elicitation of
user preferences: it has to be enough rich to enable the Recommender
System and at the same time enough quick to not bother the user and
to not drive her away from the system.
In this paper we hence concentrate on the issue of bootstrapping
Recommender Systems based on Collaborative Filtering (CF) for
new users. And we propose to tackle this problem by exploiting elicitation of explicit trust between users. As in CF the user provides
1
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examples of items she likes, in the same way the user can provide
examples of users she trusts when operating in a trust-aware framework [6]. The intuitive strategy is to exploit the notion of trust that
allows the users to refers to those “reviewers whose reviews and ratings they have consistently found to be valuable”2 . According to this
strategy the early profile elicitation will be oriented towards acquiring ratings on other users rather than ratings on items.
The working hypothesis is that inviting users to elicit opinions on
users (trust statements) rather than opinions on items (ratings) allows
to shorten the bootstrapping of RSs for cold start users. The benefits
can be summarized as follows: (1) the number of trust statements
needed from a new user for bootstrapping a Recommender System
is much less than the number of ratings on items; (2) while exploiting the few early ratings provided by a new user does not enable to
generate recommendations, exploiting just few early trust statements
allows to significantly increase the number of possible recommendations; (3) the accuracy of generated recommendations increases as
well exploiting trust statements rather than ratings on items.
The main contribution of this paper is the empirical proof of our
hypotheses on a real world dataset, derived from the large Web community of Epinions (http://epinions.com). The straightforward impact of this work is a new guideline for Recommender Systems design: a new user has to be invited to elicit few other users she trusts
rather than to express her opinions on a pool of items.
In the following we briefly summarize the issues that arise when
a new user approaches a Recommender System, afterwards we introduce the basic notions of trust network and trust metric. Section 4
illustrates the hypotheses of this work, while Section 5 and Section 6
are devoted to the empirical analysis and the discussion of results
respectively.

2 Motivation
Collaborative Filtering (CF) [3] is the most used technique for Recommender Systems. CF relies on the opinions provided by the users
in the form of ratings to items, such as movies, songs or restaurants.
A CF algorithm predicts the rating a certain user might give to a certain item she has not yet rated and experienced; the RS can then, for
example, suggest to that user the items not yet rated that received
the highest predicted rating. CF does not consider the content of the
items, such as the genre of a movie, but only the ratings provided by
the community of users and hence it can work unchanged on every
domain. The functioning of a Collaborative Filtering Recommender
System can be divided in two independent steps: (1) neighbours formation and (2) ratings prediction. In order to create items recommendations for the active user, first the CF algorithm tries to find some
like-minded users that have tastes similar to the active user (step 1).
2
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Like-minded users are called neighbours and CF computes a similarity coefficient for each of them. Step 2 task is to predict the rating the
active user would give to a certain item as the weighted average of the
ratings given by her neighbours to that item, where the weights are
the similarity coefficients of the neighbours. The rationale is that the
ratings of users that are more similar to the active user are considered
more.
The typical instantiation of step 1 is based on the computation of
the Pearson correlation coefficient (Formula 1), that has shown to
provide the best results [3]. It computes wa,u , the value of similarity
between the active user a and another user u, as a comparison of the
ratings they provided. ra,i is the rating given by user a to item i and
r a is the average of the ratings given by user a.
Pm
(ra,i − r a )(ru,i − r u )
(1)
wa,u = pPm i=1
P
2
(r
− r a )2 m
a,i
i=1 (ru,i − r u )
i=1
Note that m is the number of items rated by both user a and u
and in fact, in order to compare two users, there must be some overlapping in the items they have rated. Lack of overlapping means the
similarity weight wa,u cannot be computed. Moreover, if 2 users only
have one item rated by both, then the coefficient is not meaningful,
being either 1 or −1 based on the differences of the rating with respect to the average rating. Hence, for a user, it is possible to compute the correlation coefficient only in users who share at least 2
co-rated items and we will see in the following how these are usually
a small portion. Additionally, a similarity weight computed based on
few item ratings is a noisy and unreliable value.
It is crucial to note that a failure in step 1 produces a failure in step
2. In fact if the number of identified neighbours for the active user is
null or very small, it is unlikely that they have rated the item whose
rating the RS tries to predict and hence a recommendation is not
possible. The computability of similarity weights is a crucial issue
for new users: since they have rated 0 items, it is not possible to find
neighbours and hence it is not possible to predict their ratings and
generate personalized recommendations for them. This is an intrinsic
weakness of the Collaborative Filtering model: new users suffer from
the cold start problem. Our goal is to propose a way for bootstrapping
RSs for newly registered users and for exploiting as soon and as much
as possible the early preferences elicited by the users.
The main idea of Trust-aware Recommender Systems [6] is to
change what a RS asks to its users: from rating items to rating other
users. Rating other users means expressing how much the active user
trusts them for their ability to provide useful ratings to items. We call
this expression a trust statement and we will precise this concept in
the next section along with an analysis of the differences between
rating items and rating other users. Let us briefly note that letting
users express trust in other users is a feature that is becoming more
and more utilized in current Web communities [5]. For example on
Epinions (http://epinions.com), users can assign ratings to items but
they can also express which users they trust (“reviewers whose reviews and ratings that user has consistently found to be valuable”)
and which users they distrust.
In this paper we explore whether the user activity of rating items
can be replaced by and/or integrated with the user activity of rating other users, i.e. of expressing trust statements. The ultimate goal
is to reduce the elicitation effort for the users and to allow Recommender Systems to create recommendations for the users as soon as
possible. This is especially relevant for newly registered users: unless they receive good and tailored items recommendations since the
very beginning, they have an incentive for leaving the system and
never contributing to it again.

3 Trust Metrics in Recommender Systems
Trust is a concept that is starting to receive increasing attention by the
research community and be used in many current online systems [5].
For the purpose of this paper we define trust as “the explicit opinion
expressed by a user about another user regarding the perceived quality of a certain characteristic of this user”. In Recommender Systems,
the characteristic that is under evaluation is the ability to provide useful ratings, so that a source user should trust a target user if she believes that the target user’s ratings are useful to her. When referring to
the information provided by a user, we also call it “trust statement”.
Since the users of a system express trust statements about other users,
it is possible to aggregate all the trust statements for building the
overall trust network [7]. Note that the trust network is weighted (if
the users can express different numeric scores for their trust in other
users) and directed (since trust statements are not necessarily symmetric).
In the context of Recommender Systems, the traditional information expressed by users is ratings given to items. Trust statements are
instead ratings given to users and the goal of this paper is to analyze
differences between them and if trust statements are more effective
for bootstrapping a RS for a new user. The most relevant difference
between ratings to items and ratings to users is that the second ones
can be propagated. In fact, assuming user a does not know user b
(i.e. she has not expressed a trust statement in her), it is possible to
predict the degree of trust a might pose in b exploiting trust propagation over the trust network. Trust metrics [11] are computational
algorithms with this precise goal. The basic assumption of trust metrics is that if user a trusts user b at a certain level and user b trusts
user c at a certain level, something can be predicted about how much
a should trust c. This reflects the intuition that friends of friends are
more likely to become friends than random strangers and that it is
common to rely on opinions of known people when forming a first
opinion about unknown people.
While the topic of trust metrics is very recent, it is receiving an increasing attention. Let us briefly note how PageRank [8], one of the
algorithms powering the search engine Google (http://google.com)
can be considered a trust metric, since it performs trust propagation over a link network, the Web, in order to compute which Web
pages are more authoritative. Other trust metrics have been recently
proposed in the context of Semantic Web [1], Recommender Systems [10, 6] and Peer-to-Peer networks [4]. Trust metrics can be
classified into local and global [11, 7]. Global trust metrics produce
a value of reputation for each user that is the same from the point of
view of every other user while local trust metrics provide personalized views. However it is out of the scope of this paper to provide
a survey of the proposed trust metrics and the rest of the section is
devoted to briefly explain the trust metrics we have used in our experiments, MoleTrust, described in [7]. It is a local trust metric and
hence it must be run once from the point of view of every user and
not just once for all the community as with global trust metrics. MoleTrust predicts the trust value a source user should place into a target
user by walking the trust network starting from the source user and
by propagating trust along trust statements (the directed edges of the
trust network). Intuitively the trust score of an unknown user depends
on the trust statements she received and the trust scores of the users
who issued them.
It can be described as composed of two stages. At the first stage
the task is to remove cycles in the trust network and hence to transform it into a directed acyclic graph (DAG). The problem created
by cycles is that, during the graph walk, they require visiting a node
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many times adjusting progressively the temporary trust value until
this value converges. In order to have a time-efficient algorithm, it is
preferable to visit every single node no more than once and, in doing this, to compute her definitive trust value. In this way, the running
time is linear with the number of nodes. Moreover trust is propagated
only to users at a certain distance so that, by controlling this trust
propagation horizon parameter, it is possible to reduce even more the
computational time. After the first stage, the trust network is a DAG
with trust flowing away from source user and never flowing back.
The second stage is responsible for predicting the trust scores,
representing how much source user should trust every single other
reached user. For predicting the trust score of a user, MoleTrust analyzes all the incoming trust edges (representing the trust statements
remaining from step 1) and accepts only the ones coming from users
with a predicted trust score greater or equal than a certain threshold
(in our experiments, set to 0.6). The predicted trust score of a user
is the average of all the accepted incoming trust statement values,
weighted by the trust score of the user who has issued the trust statement. A more detailed explanation of MoleTrust can be found in [7].

4 Working Hypotheses
Trust-aware Recommender Systems [6] extend the type of information collected from users enabling the elicitation of opinions both on
items and other users. Therefore the trust statements don’t replace the
ratings but simply enrich the notion of user profile. In this paper we
are not interested to prove whether elicitation of user trust should be
preferred to opinions on items because ratings are the kernel of Recommender Systems. The focus of our research is the investigation
of the informative power of different kinds of opinions expressed by
users at the early stage of interaction for new users. The main question is to understand whether for a new user it is more effective to
express opinions on an item she likes or to indicate a user she trusts.
The investigation of this question is designed taking into account
the general framework of Recommender Systems illustrated in Section 2. The basic idea is to arrange an alternative implementation of
neighbours computation, corresponding to step 1 of the traditional
RS algorithm previously described. The assessment of user similarity based on the similarity of ratings is replaced with the use of trust
information. The alternative way to measure user relevance weights
is therefore derived from the explicit trust statement values and the
estimated trust values computed with trust metrics.
Since new users start with 0 ratings on items and 0 trust statements on other users, it is of paramount importance for the RS to
come to know some information about the user as soon as possible.
We assume that a user would like to receive a useful service without
having to spend too much time and effort in providing information
to the Recommender System. For this reason it is very important to
reduce as much as possible the initial bootstrapping period in which
the RS is not able to provide recommendations but simply asks opinions to the user. Here we compare two opposite strategies of asking
few trust statements and of asking few ratings on items and their relative benefits in letting the RS provide recommendations to the new
user.
Our first working hypothesis is that with few trust statements a RS
is able to find a large number of neighbours, i.e. performs well in
step 1 of the RS framework we previously described. The reason behind this hypothesis is trust propagation over the trust network that
can be performed by a trust metric. In fact, propagating trust starting
just with few trust statements emanating from the new user should
allow to reach most of the other users and hence to consider them

as possible neighbours. On the other hand few ratings on items expressed by the new user in general don’t allow to compare the new
user with all the other users. The reasons are data sparsity and the fact
that overlapping between rated items is required for Pearson correlation coefficient to be computable. Moreover, even when there is such
an overlapping, a similarity coefficient based just on very few items
rated by the two users tends to be noisy and unreliable. As a consequence, step 1 fails and the number of identified neighbours is null
or tiny at best.
Our second hypothesis is that the larger number of identified neighbours translates into a larger number of items for which recommendation predictions are possible, i.e. the coverage of the algorithm is
greater with Trust-aware Recommender Systems.
While the number of neighbours might be greater, it might be the
case that the identified neighbours are not good quality neighbours
and that the recommendations created with a weighted average of
their ratings are not accurate. Our third hypothesis is that recommendations accuracy for new users when a recommendation is possible
is comparable for the two different methods.
The overall assumption underlying our experiments is that the best
way to bootstrap a Recommender System for a new user is by exploiting trust, i.e. the first information asked to a new user should be
to identify few other users she trusts and not to rate few items.

5 Experimental Settings
We tested the previously introduced hypotheses against a real world
dataset derived from the large Web community of Epinions. Epinions
is a consumers opinion site in which users can review items (such as
cars, books, movies, software, etc) and also assign them numeric ratings in the range 1 (min) to 5 (max). Users can also express their
Web of Trust, i.e. “reviewers whose reviews and ratings they have
consistently found to be valuable” and their Block list, i.e. “a list of
authors whose reviews they find consistently offensive, inaccurate,
or not valuable”. We crawled these data directly from the Epinions
Web site. Our dataset consists of approximatively 50, 000 users who
rated almost 140, 000 different items at least once. The total number
of reviews is around 660, 000. The total number of issued trust statements is about 490, 000. Details about the distributions of ratings and
trust statements can be found in [6]. Note that the Block list is not
shown on the site and kept private and hence it is not available in our
dataset. Table 1 presents the percentage of cold start users, users who
provided few ratings and few trust statements. Note how the largest
portion of Epinions users are cold start users, for example, more than
half of the users (53%) provided less than 5 ratings. It is important to
underline that these are real world distributions representing a large
community of real users and their elicitation patterns.
#ratings
#trust

0
18.52
31.10

1
15.70
19.14

2
7.99
9.46

3
5.92
6.10

4
4.70
4.38

5
3.89
3.43

6
3.33
2.64

7
2.93
1.98

Table 1. Percentage of Epinions users who expressed x ratings and x trust
statements.

In order to test our hypotheses we run two different algorithms
and we compared them. The first algorithm is a standard Collaborating Filtering algorithm [3] taking as input the ratings provided by
users. In step 1 it computes the similarity weights between the active
user and all the other users in order to find neighbours using Pearson correlation coefficient as defined in Formula 1. Then in step 2 it
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predicts the rating that active user would give to a certain item as a
weighted average of the ratings given by her neighbours to that item,
where the weights are the similarity coefficients computed in step 1.
100

min # overlapping items = 2
3
4

Average #Comparable Users

80

60

40

5 ratings, even accepting similarity weights computed only on 2 overlapping items, the number of comparable users is less than 20! For
the trust-aware RS algorithm, we analyze the benefit of propagating trust up to different trust propagation horizons (see Figure 2). Of
course, with larger horizons more users are reachable and can be considered as neighbours but their trust score predictions become less
and less reliable. Note however that just by propagating trust up to
distance 3 or 4 it is possible to reach a very large portion of users also
for cold start users. This is particularly important when compared to
the tiny portions of users comparable with the standard Pearson correlation coefficient (Figure 1). Let us underline once more the striking difference in the y axis of Figures 1 and 2.
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Figure 1. Average number of comparable users computing Pearson
correlation coefficient with different minimum number of overlapping items.
Users are aggregated based on the number of ratings they expressed (x axis).

The second algorithm is a trust-aware one [6] taking as input the
trust statements provided by users. Step 1 finds neighbours and their
weights by using MoleTrust trust metric that propagates trust over
the trust network. Step 2 is precisely the same as a standard CF algorithm. In essence, the only difference is in how the two algorithms
find neighbours and which information they take as input. We compare the two algorithms when they utilize a similar amount of information bits, for example the performances of a CF algorithm on
users who provided 3 ratings are going to be compared with the performances of a trust-aware algorithm on users who provided 3 trust
statements.
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Figure 2. Average number of reachable users propagating trust up to
different trust propagation horizons. Users are aggregated based on the
number of trust statements they expressed (x axis). The horizontal line
represents the maximum number of reachable users (49289).

In order to test the first hypothesis, we analyze the number of users
for which a weight can be computed using the two algorithms. For
the standard CF algorithm, Figure 1 reports the average number of
comparable users, with different required quantities of overlapping
items. Note that the y axis is much smaller than the ideal maximum
(the number of users minus 1) that is 49289. For users with less than
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Figure 3. Ratings coverage for MoleTrust2 and CF.

In order to test the second and third hypotheses, we analyze both
the accuracy and the coverage of the overall algorithms, i.e. the final output of step 2 that is predicted ratings. We use leave-one-out
methodology that consists into deleting one rating, trying to predict
it with an algorithm, and then comparing the real and the predicted
ratings. Coverage refers to the portion of deleted ratings for which a
prediction is possible. Accuracy refers to the difference between the
real and predicted rating when a prediction is possible, in particular
we computed Mean Absolute Error (MAE) [3].
Figure 3 shows the ratings coverage of the different algorithms
while Figure 4 reports the MAE representing their accuracy. For the
trust-aware Recommender System algorithm, we present here the results obtained propagating trust up to distance 2, and hence the algorithm is called “MoleTrust2”. Note that for users with 2 ratings, CF
is not able to produce any recommendations since, after leave-oneout removal, they are actually users with 1 rating and hence it is not
possible to compute their similarity with any other user.

6 Discussion of results
Figure 1 and Figure 2 show the relative benefits of exploiting Pearson correlation coefficient on ratings and of exploiting the MoleTrust
trust metric on trust statements for the purpose of finding neighbours
(step 1 of the algorithms). It shows that, taken a new user and using
the similarity coefficient, the number of other users that are comparable is extremely tiny. Note how the ideal value would be the total
number of users (almost 50, 000) while the y axis of Figure 1 is 100.
On the other hand, exploiting trust it is possible to reach a large portion of the users; propagating up to distance 5 for instance allows to
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ings provided by users. In this paper, we simply made the case for
a bootstrapping strategy for new users powered by trust: the initial
short information gathering window for a new user should be guided
towards acquiring few trusted users instead of few ratings on items
in order for the RS to be able to generate many accurate recommendations soon so that the user is satisfied and keeps using the system,
possibly by providing also ratings on items.

MoleTrust2
CF

1.4

1.2

Mean Absolute Error

1

0.8

0.6

7 Conclusions

0.4

In this paper we have compared two possible ways of bootstrapping
a Recommender System for a new user. The first way is the traditional approach of asking to a new user to rate few items so that the
system can start finding other users with similar tastes and generate
recommendation for the new user. The alternative way is related to
the elicitation of trust: the new user is asked to explicitly indicate
few other users she trusts. We have evaluated the two strategies on
data derived from the large and real world Web community of Epinions. Our experiments demonstrates that asking ratings to a new user
is unlikely to rapidly let the RS generate personalized recommendations due to data sparsity and the need of overlapping of rated items
with possible neighbours. On the other hand a RS able to get just few
trust statements from a new user is able to produce a large number of
accurate personalized recommendations, because it is able to exploit
trust propagation over the trust network by means of a trust metric. A
suggestion to Recommender System designers can be derived from
the presented evidence: the RS should not ask to a new user to rate
some items but instead just to indicate few trustworthy users already
in the system.
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MAE of ratings predictions for MoleTrust2 and CF.

reach almost all the 50, 000 users also for cold start users. This is a
significant improvement with respect to the use of a similarity coefficient on items ratings and this confirms our first hypothesis. These
two figures really gives an idea of the potential of the different input information used in step 1 in order to form the set of neighbours.
In fact, exploiting trust as input information is more effective since
trust can be propagated over the trust network using a trust metric.
On the other hand, the computation of similarity coefficients between
ratings requires overlapping of rated items but this is very unlikely
to happen because of data sparsity and this is especially an issue for
new users.
With respect to the second hypothesis, Figure 3 gives a powerful
visual insight about the relative performances of a CF algorithm and
a trust-aware one (MoleTrust2). Let us remember that cold start users
are really the majority of the users in our realistic Epinions dataset,
for example 53% of the users provided less than 5 ratings. So the
difference in performances really affects a significant portion of the
users. As an example, for users who provided 4 ratings, CF is on
average able to predict less than 10% of their ratings. Instead, for
users who provided 4 trust statements, trust-aware is able to predict
around 50% of their ratings! Note that, because of leave-one-out, for
users with n ratings, only n − 1 ratings are in reality used. However,
even shifting the line of CF coverage on the left of one position, the
difference in coverage remains huge.
With respect to the third hypothesis, Figure 4 clearly shows how
the error produced by MoleTrust2 is smaller than the one produced
by CF.
It is worth underlying that the evidence presented here is based on
experiments run on a large, real world dataset. This evidence shows
that bootstrapping a RS for a new user is possible with just very few
trust statements, even just 1 or 2. From this evidence it is possible
to derive a suggestion for designers of Recommender Systems: new
users should be asked to find soon at least one other trustworthy user
already in the system. She can be for example the user who invited
the new user in the system or, as another example, a user very active
in the community and likely to be appreciated that is conveniently
shown in the RS homepage. Note however that we don’t propose to
totally replace ratings on items nor we state that ratings on items are
not useful and should not be acquired and asked to users. Actually
they are the real basic data used in step 2 by both algorithms since
the predicted ratings are computed as a weighted average of the rat-
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are

Collaborative Filtering (CF), first applied in grouplens[2], is

successfully used in personalized service systems for their

probably the most successful and widely used technique for

simplicity and high recommending quality. A problem with

building recommender systems [4]. For each user, CF-based

existing CF algorithms is that they are not adaptive to user’s

recommender systems use historical information to identify a

changing interests. If a user’s interest has changed, the systems

neighborhood of people that in the past have exhibited similar

may not recognize it quickly. it is referred to as concept drift

behavior (e.g., accessed the same type of information, purchased

problem. Although some research have been conducted to solve

a similar set of products, liked/disliked a similar set of movies)

this problem, most of these methods only consider the data

and then analyze this neighborhood to identify new pieces of

recency, but ignored the recursion of user interests. In this paper,

information that will be liked by the user.

Abstract:

Collaborative

filtering

(CF)

algorithms

we present a novel data weighting method which combines

However, existing CF algorithms suffer from the concept drift

time-based data weight and item similarity–based data weight,

problem, that is, if a user’s interest has changed, the systems

to track changes in user interest. The main idea behind this is to

may not recognize it quickly. To solve this problem, we present

adjust the weight of data according to their relevance to user’s

a new data weighting method which combines time-based data

interest space. Based on this idea, an improved item-based CF

weight and item similarity-based data weight, and import it to

algorithm is developed to get more predictive accuracy.

traditional CF algorithm to improve the quality of the

Experimental results show that our improved algorithm will

recommendation.
The rest of the paper is organized as follows. The next section

provide substantially better recommendations than existing

provides a brief background in collaborative filtering algorithms.

methods.

Section 3 discusses our data weighting methods and describes

Keywords : recommender systems, scalable collaborative

how it integrates item-based collaborative filtering. Section 4

filtering algorithms, data weight, concept drift

describes our experimental work including data sets, evaluation
metrics, methodology, results of different experiments and
discussion of the results. The final section provides some

1.Introduction

concluding remarks and directions for future research.

With the rapid growth of the Web, people have to spend more
and more time to search what they need. To deal with this
difficulty, recommender systems have been developed to
provide different services for different users. It can actively
recommend items to users according to their interests and
behaviors.
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2.Related work

The input of collaborative filtering algorithms is a user-item
preference matrix. Let R be an m*n binary matrix containing
historical preference information of m users on n items. Each

2.1 Item-Based collaborative filtering algorithms

row of R represents a user and each column represents an item.
for each item i ∈ C, we compute its similarity to the set U as the

Rij is one if the ith user has visited the jth item (purchased the

∈ U and c, using

product, or clicked on the web page), and zero otherwise. The

sum of the similarities between all the items j

value of R ij can also be implicitly derived from purchase records,

only the k most similar items of j. Finally, the items in C are

by analyzing timing logs, by mining web hyperlinks and so

sorted in non-increasing order with respect to that similarity, and

on.Typical CF algorithms are user-based, the computational

the first N items are selected as the top -N recommended set.

complexity of these methods grows

quadratically with the

Because of the advantages of item-based CF, in this paper we

number of users, To address the scalability concerns of

tried to make improvements based on this algorithm.

user-based recommendation algorithms without declining
recommending quality, item-based recommendation techniques

2.2 Time recency-based collaborative filtering

have been developed [1], [3]. The bottleneck in user-based
collaborative filtering algorithms is the search for neighbors

Traditional collaborative filtering algorithms focus on dealing

among a large user population of potential neighbors.

with only the users’ historical preference data but do not

Item-based algorithms avoid this bottleneck by exploring the

consider the user interest drift, so they can not reflect the

relationships between items first, rather than the relationships

changes of users’ interests. For this reason, if a user’s interest

between users. Recommendations for users are computed by

has changed, the systems may not recognize it quickly, thus the

finding items that are similar to other items the user has visited.

prediction of the system becomes inaccurate. As far as we know,

Since the similarities between items can be pre-computed and

few researches have focused on this problem in collaborative

stored off-line and updated periodically, they need less online

filtering. In [5], the authors proposed that a movie's production

computation thus lead to much faster recommendation

year, which reflects the situational environment in which the

generation. The similarity between item i and item j can also be

movie is filmed, might significantly affect target users' future

measured using the conditional probability P(i|j), which is

preferences, but this may not be applicable for other kinds of

nothing more than the number of users that have visited both

items. Paper [6] defined users' preferences using their personal

items i and j divided by the total number of users that have

history. Some papers [7],[8],[9] proposed using decaying

visited item j:

function to tackle time series data. They tried to assign a greater

sim( i, j) = P(i | j) =

Freqij
( )
.........(1)
Freq( j)

weight to new data, and decay or remove the influence of older
data. Unfortunately, these weighting methods have a common
flaw, they only considered the data recency, but ignored the

where Freq(j) is the number of users that have visited the item j

recursion of user interest. That is to say, these methods will

and Freq(ij) is the number of users that have visited both of item

always assign greater weights to new data than older ones.

i and j .

However, in some cases, this may not be true. The user interests

Item-based collaborative filtering algorithms work as follows:

do not only change, but also possibly recur, a user’s old data

During the model building phase, for each item j , the k most

may still be valuable for learning his interest, especially when a

similar items { j1, j2, . . . , jk } are computed, and their
corresponding similarities {s

j1

user’s interest recurs. For this reason, simply decreasing the

, s j2, . . . , s jk } are recorded.

weight of old data may cause a loss of useful information.

After that, for each user that has visited a set U of items, first we

To solve this problem, we present a novel data weighting

identify the set C of candidate recommended items by taking the

method which combines time-based data weight and item

union of the k most similar items for each item j ∈ U, and

similarity based data weight, then import it to traditional

removing from the union any items that are already in U. Then,

item-based CF algorithm to improve the quality of the
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recommendation.

parameter that represents the speed of increasing the weight of
item according to its occurring time. By varying a, the slope of
the weighting function can be adjusted to optimize the

3.Iterative data weighting
collaborative filtering

method

for

recommending quality. This linear weighting function was
utilized in our experiment reported in the next section.

3.1 Hybrid data weighting method

3.3 Iterative refinement phase

Underlying our data weighting method is the following two

The user interests do not only change, but also possibly recur.

assumptions:

A user’s old data may still be valuable for learning his current

(1)Basically, recent data tend to be more important than old

interest, especially when a user’s interest recurs. Therefore, a

data.

refinement is needed to better reflect the real significance of

(2)An item should be assigned a high weight if it is highly

each items.

relevant to the target user’s interest space, even if the target user

In this step, we use item similarity-based data weighting

visited it long ago.

function to update the weights of data. The main idea is

Based on these ideas, we propose our iterative data weighting

assigning a high weight for all the items that are relevant to the

method which consists of two phases: initial weight assignment

active user’s current interests, regardless of when the active user

and iterative refinement.

visited it. Let Iu be the set of items that have already been

In initial weight assignment phase, we use time-based data

visited by user u, it can be viewd as a representation of the

weighting function to compute initial weights for items.

user’s interest space. An item i should has a high weight if it is

Consecutively, we use item similarity based weighting function

highly relevant to Iu, the relevance of i and Iu is measured by

to iteratively refine the weights of items, which can be

the similarity of them, which in turn can be approximated as the

approximated by their relevance to the target user’s interest

weighted similarity of i and each item j ∈ Iu:

space. The iteration is terminated when each item’s weight

W (u, i ) = Weighted _ sim ( i, Iu )

became stable.

3.2 Initial assignment phase

............ =

∑ [W (u, j ) * sim( i, j)]
j∈ I u

∑ W ( u, j)

.........(3)

j ∈I u

Let Iu be the set of items that have already been visited by
target user u. In initial assignment phase, we use a time-based

Where W (u,j) is the weight of item j to user u, sim(i, j) is the

data weighting function WT(u, i) to produces an initial weight
for each item i ∈ Iu according to the time when user u visited it.

similarity between item i and j. Since W (u,j) is itself unknown,
computing the weight for each item j ∈Iu requires an iterative

The calculated weights make the recent data more significant for

refinement computation. Therefore we rewrite equation (4) as

future process than the old ones. The importance of data

follows:

increases with time. Various weighting functions can be defined,
In our exp eriment, we use linear weighting function[9]:

WT(u, i ) = (1 −a) + a

Wm

Dui
.........(2)
Lu

∑ [W (u, j) * sim( i, j)]
( u, i ) =
.........(4)
∑ W ( u, j)
j ∈I u

m −1

j∈ I u

m −1

Where Dui is the relative time distance from the time when user

Where m and m-1 is the iteration number. Before the iteration,

u visited item i to his earliest observation, Lu is the total time

we compute the initial weights of items using

span for user u using the recommender system, 0<a<1 is a

weighting function mentioned in the previous section, and we
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time-based

define mean weight difference (MWD) to control the iteration, it

2660 users and 387 items. Each visiting record is in the form of

computes the average deviation of data weights from the

<USER_ID, ITEM_ID, DATETIME>, in order to evaluate the

previous loop of iteration:

quality of our algorithm on tracking the change of user interests,

MWD =

∑

j∈ I u

| W m ( u, i ) − Wm −1 (u, i ) |
Size ( I u )

we select 1000 users who had visited 10 or more items during 40
days or longer, and split the dataset into training and test set, by

..........(5)

selecting the visiting records of each user during the last 10 days

In equation (5), Size(Iu) is the number of items the target user

to be the test set, and use the remaining records for training. The

has visited. The iteration is terminated when MWD is lower than

item similarity model were built using only the training set and

a pre-defined threshold ε . After the refinement phase, each item

the top-N recommendations were computed and evaluated using

in Iu is weighted according to its relevance to the target user’s

test set.

The recommending quality was measured by looking at

interest space.

the number of hits; i.e., the number of items in the test set
that where also present in the top-N recommended items

3.4 Improved item-based CF algorithm

returned for each user. In particular, if N is the total number of
recommendations,

Based on the weighting function defined in the previous

we

computed

the

precision

of

the

recommending algorithm as:

sections, we propose our improved item-based CF algorithm.

precision =

First, all the pairwise similarities of items are computed and
recorded in the model. Then, for the active user u who has

Hits
N

A precision value of 1.0 indicates that the recommending

visited a set Iu of items, first we identify the set C of candidate

algorithm was able to always recommend the hidden item for

recommended items by taking the union of the k most similar

user, whereas a precision value of 0.0 indicates that the

items for each item i ∈ Iu, and removing from the union any

recommending algorithm was not able to recommend any of the

items that are already in Iu. The following step is to calculate the
data weight W(u,i) for each item i ∈ Iu, using our iterative data

hidden items. Finally, in all of our experiments we used k=20, as

weighting algorithm. Finally, for each item j ∈ C, we compute

the number of each item’s neighbors, N = 10 to 50, increased by
10 each time, as the number of top items be recommended.

its weighted recommending score by adding up the weighted
similarity between each item i ∈ Iu and j and the weight of each
item i ∈ Iu, using only the k most similar items of j:

4.2 Experimental results

rec _ w(u, j ) = ∑[W (u, i)* sim( i, j)].........(6)
i∈I u

In this section we present our experimental results of

Finally, the items in C are sorted in non-increasing order with

applying the improved collaborative filtering algorithms for

respect to that weighted recommending score, choose the first N

generating recommendations.

items are selected as the top-N recommended set.

Experiment 1 The convergence of our weighting method
The convergence of our proposed weighting method can be
proved by principal eigenvector. However, the computational

4. Experimental Results

complexity grows linearly with the number of iterations, since
the real time performance of recommender algorithms is very

4.1 Data Set and Evaluation Metrics

demanding, the speed of its convergence is very important.
Therefore, we did a set of experiment to analyze the
convergence rate of our weighting method, in which we vary the

We use the KDD2000 online transaction data set [10] to

ε

and examined the average number of

evaluate the performance of our improved algorithm. The

threshold value

original data file is the web log of an E-commerce website. We

iterations required by our method. In our experiment we found

extracted 90,182 visiting records from the log file, containing

our weighting algorithm is fast convergent, for example. When
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we set

ε

CF [9]:

to be 0.001, on average the data weights converge

(1) Traditional item-based CF. The item-based algorithm without

after 14 iterations. This result indicates that our weighting
method has an acceptable real time performance since one user

data weighting

will select only a small number of items, thus it is applicable in

(2) Pure recency-based CF algorithm. In this set of experiments,

real time recommender systems. Figure 1 plots a convergence

we use equation (3) to generate data weights and then directly

curve of the data weights computation, x-axis is the treshold

use them to compute recommendations for target user. The

value, y-axis is the average number of iterations required. To

parameter a controls the speed of increasing the weight of item

find a balance betwwen accuracy and time complexity, in the

according to its occurring time. The larger a is, the more quickly

following expriments we set

it is for the weight of data increase with time. In our experiments

ε

to be 0.001.

we set a=0.3, 0.4, 0.5, 0.6, and 0.7 to examine the impact of this

Iteration number

Convergence of our weighting method

parameter on the final performance of the time-based weighting

25

method.

20

(3) Our proposed weighting method. To investigate the

15

sensitivity of our method on the parameter a in initial

10

assignment phase, we also performed an experiment in which

5

we let a take the value of 0.3, 0.4, 0.5, 0.6, and 0.7.

0
0.1

0.05

0.01

0.005

The experimental results are listed in table 1.

0.001 0.0005 0.0001

As we can see from these experiments, after we import our

Treshold

data weighting method to traditional item-based CF, the overall
recommendation precision of our algorithm tend to improve

Fig.1 The convergence curve of the data weights computation

significantly, especially when the number of recommendations is

Experiment 2 The performance of our proposed algorithm

small. This result is very positive since most of the users will

In our experiments, we evaluate our data weighting method
for item-based CF, and compare its recommending precision

only care about the top 10 or 20 recommendations provided by

with the traditional item-based CF and pure time recency-based

the recommender system.

Table.1 Comparison of recommendation quality of three item-based CF algorithms: traditional, time recency-based and our proposed
algorithm

Top-N
Configuration
Traditional item-based

10

20

30

40

50

0.184

0.163

0.139

0.121

0.109

Time Recency-based

0.198

0.171

0.146

0.129

0.113

Proposed method

0.236

0.202

0.175

0.159

0.138

Time Recency-based

0.203

0.179

0.151

0.136

0.118

Proposed method

0.241

0.208

0.178

0.165

0.14

Time Recency-based

0.215

0.186

0.158

0.139

0.121

Proposed method

0.239

0.205

0.173

0.157

0.137

Time Recency-based

0.201

0.178

0.153

0.133

0.119

Proposed method

0.235

0.201

0.171

0.152

0.133

Time Recency-based

0.193

0.174

0.148

0.127

0.118

Proposed method a=0.7

0.229

0.196

0.167

0.142

0.129

a=0.3

a=0.4

a=0.5

a=0.6

a=0.7
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From Table.1 we can also make some important

provide better recommendations than existing methods. In the

observations. First, we can see that pure recency-based

near future, we plan to extend this work to the databases in other

weighting method does improve the recommendation precision,

domains. In addition, we should also develop algorithms to

because it rise the importance of recent data to make the final

accelerate the computation of data weights to make it more

recommendation more close to user’s current interests. The

effective.

selection of parameter a dramatically influence the final
recommending quality of the algorithm. It achieved a much
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similarity-based data weighting function data is used to
iteratively adjust the data weights according to their relevance to
user’s interest space. Our proposed weighting method is easy to
implement, fast convergent and experimental results show that
our improved item-based collaborative filtering algorithm will
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Comparing Performance of Recommendation Techniques
in the Blogsphere
Kyumars Sheykh Esmaili and Mahmood Neshati and Mohsen Jamali
and Hassan Abolhassani 1, and Jafar Habibi 2
aimed in developing a weblog recommender system. The basic idea
of our approach is using the links between weblogs as bloggers’ ratings. Based on this idea we have adapted some of the famous methods used by recommender systems. In addition we have proposed
some new methods for recommending weblogs. These methods have
been implemented on a real dataset and results are reported here too.
Remaining parts of this paper are organized as follows. Section 2 is
a short review on traditional recommender systems and some other
works related to web page and weblog recommendation. Section 3
introduces a formal definition for link structure based weblog recommendation and then adapted methods for recommendation based
on this definition are described. In section 4 evaluation framework
including data and metrics and results has been shown. Finally, performance of the methods is evaluated and compared to each other in
section 5.

Abstract. Weblogs are one of fundamental components of Web
2.0 and there are a lot of unskilled bloggers and visitors who have
difficulties in finding relevant blogs. Recommender systems are a solution to the information overload problems. In this paper a weblog
recommender system based on link structure of weblog graph is introduced. Here we treat links between weblogs as some kind of rating, meaning that if there is a hyperlink from weblog A pointing to
weblog B then blogger A prefers weblog B. Based on this assumption
we have adapted almost all of famous recommendation techniques
for Blogsphere. The methods are implemented on a real dataset and
experiments show promising results.

1 Introduction
Nowadays Recommender Systems are accepted as a vital application
on the web. The Internet and World Wide Web have brought us into
a world of endless possibilities. But how can one select from a huge
universe of items of widely varying quality? It is often necessary
to make choices without sufficient personal experiences of the alternatives. In everyday life, we rely on recommendations from other
people either by word of mouth, recommendation letters, movie and
book reviews printed in newspapers. Recommender systems assist
and augment this natural social process. The Recommender systems
enhance E-commerce sales in three ways [12]: Browsers into buyers,
Cross-sell and Loyalty. Developers of the first recommender system,
Tapestry, coined the phrase ”collaborative filtering” and several others have adopted it. As authors of [10] discussed, the more general
term ”recommender system” is better for two reasons: First, recommenders may not explicitly collaborate with recipients, who may be
unknown to each other. Second, recommendations may suggest particularly interesting items, in addition to indicating those that should
be filtered out. A typical recommender system recommends items
the seeker probably will like. In addition it may identify people with
similar interests. The seeker may use the recommendation to select
items from the universe or to communicate with like-minded others.
In this paper we have addressed the problem of recommendation
on the blogsphere. Motivation is that a huge portion of bloggers are
unskilled users on the web and it’s too difficult for them to find their
favorite weblogs or like-minded bloggers. Currently they are forced
to track the hyperlinks in other blogs for gaining these goals which
is a time-consuming process. Considering this limitations we have
1

2
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2 Related works
Since Web page recommendation is roughly new area in research,
there are no strict related works, therefore in this section we first
browse the traditional recommender systems in general and later
some of similar works in context of web page and weblog recommendation is reviewed.

2.1 Types of Traditional Recommender Systems
Therefore there is not a unique taxonomy and categorization scheme
for Recommender systems. Usually commercial recommender systems can be categorized in to two distinct groups:
1. Content-based systems: use only the preferences of the seeker;
they attempt to recommend items that are similar to items the user
liked in the past.
2. Collaborative filtering systems: require recommendation seekers
to express preferences by rating a dozen of items. These systems
focus on algorithms for matching people based on their preferences and weighting the interests of people with similar taste to
produce a recommendation for the information seeker.
Some researchers suggested other additional categories, e.g. in [14]
authors have mentioned two other categories:
1. Recommendation support systems: which do not automate the recommendation process; instead, they serve as tools to support people in sharing recommendations
2. Social data mining systems: which mine implicit preferences from
computational records of social activity, such as Usenet messages.
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utility function that measures the usefulness of item s to user c, i.e.,
u : C × S → R, where R is a totally ordered set. Then, for each
user c ε C, we want to choose such item s0 ε S that maximizes the
user’s utility :

The important entities in the recommendation space are the users and
the items, each of these entities and the relations between them can
be used in the recommendation technique. Based on these relations
in [12] another taxonomy for recommendation techniques has been
proposed:

∀c ∈ C, s0c = arg[max u(c, s)]
s∈S

1. Non-Personalized Recommendations: these recommender systems recommend products to customers based on what other customers have said about the products on average. The recommendations are independent of the customer, so each customer gets
the same recommendations. For instance, the average customer
ratings displayed by Amazon.com is non-personalized recommendation.
2. Attribute-Based Recommendations: they recommend products to
customers based on syntactic properties of the products. For instance the movie Matrix can be recommended to young customers.
3. Item-to-Item Correlation: these systems recommend based on a
small set of products the customers have expressed an interest in.
Item-to-Item correlation is frequently used technique in commercial recommender systems and there are a lot of algorithms proposed to use it. The authors of [11] have studied Item-based recommender Algorithms in detail.
4. People-to-People Correlation: known as ”collaborative filtering”,
we have talked about it before.

(1)

The central problem of recommender systems lies in that utility
u is usually not defined on the whole C × S space, but only on
some subset of it. This means u needs to be extrapolated to the
whole space C × S. The recommendation engine should be able
to estimate the ratings of the non rated item-user combinations and
issue appropriate recommendations based on these predictions.
In the context of Weblogs we can define recommendation problems
as follows: The set C is the set of Bloggers The set S is the set of
blogs. The list of user’s outlinks forms the list of preferred items by
him.
According to our assumption, we try to recommend a list of unseen
favorite blogs to each blogger. Considering this definition, we adapt
the most famous existing recommendation methods, run them, and
then analyze their performance on a real data set

3.2

Adapting Recommendation Methods for
Weblog Recommendation

2.2 Web Page Recommendation

3.2.1 Non Personalized Recommendation

Content-based filtering has been considered in the web page recommender systems [2]. This technique is used by the Excite3 search
service by extracting keywords that appear on the seed pages and returning pages that contain these keywords. This technique can use
hyperlinks too[4, 13], for example in [13], if a user requests a page
similar to a set of pages P1, , Pn, the system can find page R that
points to a maximal subset of these pages and then returns the pages
referenced by R to the user.
In [7], a new framework is proposed that combines both contentbased and collaborative filtering, while the collaborative filtering is
based on the method of mining user access patterns.
At last it should be noted that authors of [6] have proposed a weblog
recommender system based on machine learning techniques, but
their definition for weblogs is different. They defined weblogs as web
pages that have RSS news feeds.

These are the simplest form of recommendations in which without
any consideration of user’s specifications some items are recommended. The most popular method is the recommendation based on
ranking of items. For example in an electronic shop most sold items
are recommended to all users. For weblogs there are various methods for rating. In our experiments we have applied following three
methods:
1. Ratings based on in-links (the simplest form of calculating page
ranks)
2. Ratings based on PageRank algorithm [3]
3. Ratings based on Authority values of HITS algorithm [9]
The first method is very primitive while the other two methods are
more complex providing special analysis of web graph.
Non personalized recommendations have the benefit that there is
no need to gather initial data and the system can recommend items
fast. However, since they don’t take user’s preferences into account,
the quality of their results are low.

3 Link-Structure Based Weblog Recommendation
In this section first a formal specification of link-structure based recommender systems are given and then based on this assumption we
adapt famous methods of recommendation in next subsection .

3.2.2 Personalized Recommendation
Algorithms in this category try to use personalized information for
better recommendations to the user. We have applied the algorithms
within the following two subcategories:

3.1 Formal Specification of Recommender Systems
The recommendation problem is reduced to the problem of estimating ratings for the items that have not been seen by a user [11, 1].
Intuitively, this estimation is usually based on the ratings given by
the user to other items and on some other information that will be
formally described later. Once we have estimated ratings for the yet
unrated items, we can recommend to the user the items with the highest estimated ratings. Let C be the set of all users and let S be the
set of all possible items that can be recommended, such as books,
movies, or web pages. Normally both sets are very large. Let u be a
3

www.excite.com

1. Collaborative flitering: For a given user, it operates by firstly creating a list of users having similar outlink patterns. Then from the
weblogs preferred by these similar users recommend those not in
the user’s outlink list. One problem on this method is that it is not
able to recommend suitable items for users who themselves have
rated small number of items.
2. In-links based: Our suggested method is based on the assumption
that bloggers having links to pages of each other are likely to have
similar preferences. Therefore, if there is a link from blog A to B
then recommending blog A to the B blogger is an rational choice.
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a ratio of 4.04 edges for nodes. The rest of blogs which are around
6% constitute small sized components.
We have compiled this data as a standard test bed for future researches. In this test bed following information exists:

3.2.3 Data Mining Based Recommendation
In the previous two methods the emphasis is on user and its preferences for the recommendation problem. In this section we propose
a method which uses the coupling properties of items. It is based
on Associative Rules techniques of data mining. The main goal is to
find pairs of items satisfying coupling property. For example if there
is a considerable number of pages that have links both to A and B
weblogs then we can say that A and B blogs are similar (are couple).
Therefore if a blogger has links to A(B) then B(A) is recommended
to him. There are various ways to introduce coupling properties for
weblogs:

•
•
•
•

– Rankings based on inlinks: It should be noticed that
there exists a few anomalies in inlinks. For example
http://vahidreza.persianblog.com has around 16000 inlinks, but
it’s just because its author is the designer of a frequently used
template and has embedded the link to his blog in the template.
Since such inlinks are dummy, we do not consider them in the
ranking algorithm.

1. Association rules of outlinks: As stated earlier existence of a link
from a page to another one shows the relationships between the
pages. Therefore if two weblogs are linked from a considerable
number of pages it is possible to treat them as a couple.
2. Association rules for inlinks: This is similar to previous method
but with considering inlinks. For example if there are a lot of pages
linked by both of weblogs A and B then they (A and B) are considered as a couple.

– PageRank Ranking: This algorithm was presented by Page and
Brin[3] to have an ordering algorithm for web pages. As noted
in[8] calculations of this algorithm is done offline and is maintained as a stored value for each page. The value of this rank
for each page is query independent. It is notable that the convergence of the algorithm is rather slow for Persianblog pages.
It is converged at 50th iterations. Of interesting points are the
differences between this ranking and the ranking based on inlinks. It means that the linking patterns of bloggers are not homogenous and there is a high possibility for existence of many
small sized communities.

Considering the fact that average number of links in weblogs is low
therefore the possibility to find associations of higher degree than
two is low. So we only take coupling of degree two into account.
After the calculation of Association Rules we can make use of
them in two different ways. One is a simple way like other item based
algorithms in which if A and B are a couple then to a blogger having
a link into (from) A or B the other one is recommended. Our other
proposed approach is the recommendation of each of two coupled
blogs to the other one. This special case is resulted from the fact that
in the weblog recommendation space users and items are somehow
mixed. Experimental results have shown that in blogs area this approach works very well. Therefore with the data mining techniques
it is possible to do recommendations in four different ways.

– HITS ranking: This algorithm was suggested by Kleinberg [9].
One of its applications is for exploring web communities related on a specific topic. For this purpose the algorithm introduces two different concepts: Authority pages which have
useful information for the topic, and Hub pages having high
number of links to authority pages. There is a dual relationship among these two types of pages. It means that a page is
a good Hub if it has links to good authorities, and a page is
good Authority if it is linked from good Hubs. As mentioned
in [8], unlike PageRank the computation of this algorithm is
online and is dependent to the query. In this experiment Hub
and Authorities are calculated in a general form, without considering a specific topic or query. One of the interesting points
is the convergence speed of this method, less than 20 iterations,
compared to PageRank.

4 Experiments
In this section the evaluation framework and evaluation measures are
discussed and results are shown.

4.1 Evaluation Framework
To test the performance of aforementioned methods we applied them on a real test collection. In this research we have
used Persianblog 4 which is the largest and oldest Persian blog
host including more than 50% of Persian blogs. To find pages
we have implemented a specific crawler. The crawler processes
and gathers pages having http://weblogName.Persianblog.com or
http://www.weblogName.Persianblog.com URL patterns. On finding
a page, the crawler first stores it and then applies the same work on its
outlinks in breadth first order. Since the blog graphs are not usually
strongly connected, it is necessary to have a considerable number of
blogs as the crawling seed. Therefore, we have processed all of the
entries in the Persianblog’s user list. After a full crawl 106,699 blogs
were discovered. There are 215,765 links between them which mean
an average of 2.022 outlinks for each blog but the variance is high.
Almost 45% (48603 ones) of blogs are single ones, (they have no outlinks or inlinks). Also it is notable that 48% of the non-single blogs
constitute a large single connected component with 208213 links and
4

List of all crawled blogs
List of links between nodes in this graph
List of all connected components
Calculated ranks for largest connected component based on various ranking methods:

To facilitate access to such data we exported the values from
MySql to Microsoft Access in an mdb file format which can
be processed without the need for a specific driver. We’ve also
implemented an API to use the facilities we prepared for blogs (such
as blog’s inlinks, outlinks, rankings and etc.). The data and API are
available at (http://ce.sharif.edu/∼ shesmail/Persianweblogs).
For our experiments we used the largest connected component
and for each weblog a list of recommended weblogs was created.

4.2

Evaluation Metrics

According to [11] the most important metric is the coverage and
MAE5 . The coverage means that how much the system could discover items desirable for a user. To increase coverage it is a general
5

http://persianblog.com
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Mean Absolute Error

idea to include all items that might be of user’s interest. From this
perspective it is like Recall measure of Information Retrieval area.
Formally we can define this metric as below:

Coverage =

|Recommended Items| ∩ |Favorite Items|
|Favorite Items|

5

In this section, we’ll discuss and analyze different recommendation methods mentioned above. Table I shows the results of nonpersonalized methods. Weblogs’ domain is a personalized domain,
and personal interests and specifications have special importance.
Therefore non-personalized methods for recommendation do not
have good results in general, especially PageRank algorithm has the
worst performance. So it’s not so useful to apply pagerank algorithm
for recommendations. Interestingly, the Authority (HITS) method
has promising results which is mostly because of the way we have
selected our evaluation data. Selected blogs for evaluation are blogs
with many Outlinks (may be they are good hubs) and so, they have
links to good authorities. Therefore, using Authority method has high
precision for this evaluation data.

(2)

MAE is used when an item can be ranked from different aspects
and is calculated as the distance between the ranking of the system
and the user. Since our ranking is binary and the number of weblogs
is high we don’t use this metric.
Two other metrics from Information Retrieval are Precision and
Recall [2]. Precision is the proportion of recommendation recognized
desirable to a user among all recommended items. Therefore it is
high when the number of incorrect recommendation is low. Formally
it is defined as follows:

P recision =

|Recommended Items| ∩ |Favorite Items|
|Recommended Items|

Discussions

Non-Personalized Method
Page Rank
Overall InLink
Authority

Precision
0.00315
0.16947
0.38578

Coverage
0.00262
0.14041
0.31301

(3)
Table 1.

There are two general approaches for evaluations. The first one
is more qualitative in which results are shown to a number of sample users. From the users’ feedbacks the coverage and precision are
calculated and is used to compare a recommender system to other
ones. The second approach is stricter in which first a favorite set of
items for a number of users is gathered. Then a portion of such items
are given to a recommender system (as training set) and the rest is
used to compare the output of a system (as test set). Compared to the
first approach, the second approach is more formal, more precise and
stricter since in the first one a user tries to draw a correspondence
between what a system recommends and own favorites while such
relations might not holding.
For our evaluations we used the second approach. For this purpose
out-links of a weblog is divided randomly in two equal sized groups.
The first group is passed to each aforementioned method and outputs from the system are compared against the second group and the
coverage and precision are calculated.

Average Precision and Recall in Recommendations Based on
Non-Personalized Methods

Table II shows that personalized methods have high precision and
coverage.These methods include ’Collaborative Filtering’ and ’Personal InLinks’. Precision level of Personal Inlinks method is obviously higher than Collaborative Filtering (and even other methods).
The reason for such a behavior relates to the nature of Weblogs,
meaning that in the blogsphere, usually when a blogger links to a
blog, the target blog’s blogger is his friend, and as a result in most
cases they mutually link each other; and therefore a blog’s inlinks and
outlinks usually have many links in common. Therefore, we can conclude there are a lot of small dense communities in weblog graphs.
Low precision and coverage in collaborative filtering method is because of our strict evaluation method. In fact, by examining the content of some of the recommended blogs in this method, we’ve seen
that these blogs’ contents are similar to the content of blog requesting recommendation, but they don’t exist in its Outlinks.
Table III shows results for 4 data mining based algorithms used

4.3 Results

Personalized Method
Collaborative Filtering
InLinks

To do final evaluations among weblogs the top 20 blogs having
largest number of out-links are selected and the output of each
method is compared against actual results. Average of Coverage and
Precision metrics are shown in tables I, II and III. Then results of various methods are compared with each other by a diagram in figures
1 and 2. In these figures each abbrivation stands for:

Table 2.

Precision
0.27485
0.42397

Coverage
0.04170
0.15657

Average Precision and Recall in Recommendations Based on
Personalized Methods

in our experiments. Comparing these methods used for evaluation,
there are two important points: First, generally, methods which analyze outlinks (AROUT, AR2OUT) have better precision and coverage than the methods analyzing inlinks(ARIN,AR2OUT). This behavior is also based on our approach for selecting the evaluation data,
which was mentioned above. Second, AR2 methods generally have
more promising results. The reason for such a behavior is related to
the special nature of the weblogs. In fact , when two blogs are couple
(have a strong association), means that they are famous in a specific
area and, probably, are linked together. Where as in AR, there is low
probability for one blog to link to both of two famous coupled blogs.
Looking at charts in figure 1 and 2 it is perceived that personalized inlink(PIN) algorithm has the best results for these 20 blogs. As

• PR means PageRank algorithm
• INOV means non-personal Inlink algorithm or overall inlink algorithm
• AU means Authority rank (From HITS Algorithm)
• CF means Collaborative Filtering algorithm
• PIN means Personal Inlink algorithm
• AR2IN means our proposed algorithm for associations between
pairs of blogs according to in-links
• AR2OUT means our proposed algorithm for associations between
pairs of blogs according to out-links
• ARIN means Association Rules algorithms for in-links
• AROUT means Association Rules algorithms for out-links
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Personalized Method
Association Rule(Inlinks)
Association Rule(Outlinks)
Association Rule2(Inlinks)
Association Rule2(Outlinks)

Precision
0.19789
0.35473
0.23578
0.36315

several methods for solving it is proposed in the paper. The methods
are from different areas: Ranking, Social Filtering, References and
Data Mining. They are applied on a real test collection and the results
of their comparison is discussed which shows promising results.
In this research we only used methods which are based on links
between weblogs for the recommendation problem. Although it is a
good approach when the density of links are not very low but when a
weblog is separated (it’s in-links and out-links are very low) is not so
useful. Therefore we intend to extend our work and use the contents
of weblogs in our algorithms too. One of the main challenges is the
selections of words from a weblog which are good features for it.
The other main challenge is the combination approach of content
and linked based recommendations.

Coverage
0.16805
0.29446
0.20207
0.28647

Table 3. Average Precision and Recall in Recommendations Based on
Data Minig Techniques

an another result it can be induced that recommending based on Authority Ranking method has good output, but as we discussed before,
it’s not reliable and realistic, in fact it’s because of special evaluation data selection approach. Finally we can say that Data Mining
methods has generally more promising results.
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6 Conclusions
With the explosion of information in web, recommender systems are
one of the most important proposed solutions for exploration and
management of users’ favorites. Also weblogs are one of the important forms of generation and publishing of contents in web. We have
dealt with the problem of recommendations for weblogs. Recommendation problem is defined formally based on link structure and
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A Movie Recommendation Method Considering
Both User’s Personality and Situation




Hideki Asoh and Chihiro Ono and Yoichi Motomura
Miller et al. investigated a movie recommender system for mobile
devices[11, 12]. They used collaborative filtering and introduced two
scenarios, (1) video: for users who are selecting a video to rent or buy,
and (2) theater: for users who are going to see a movie in a nearby
movie theater. However, there are several conditions to be considered
other than the two.
On the other hand, context-aware methods such as location-based
information providing services for mobile phone users are becoming
popular. However, they are also insufficient because they cannot take
personal preferences into account.
In this paper we propose a recommender system that achieves
context-aware personalized recommendations. The system exploits
a Bayesian network to model the complex relation between various
items of information including user profiles, histories, situations and
movie contents. Questionnaire surveys of 2700 persons with a frequently high appreciation of movies were conducted through the Internet, and the obtained data sets with various attributes were used
to construct the model. In order to reduce the computational cost
of probabilistic inference, we introduced an approximate matching
method for contents ranking.
The rest of this paper is organized as follows. Section 2 formulates our movie recommendation task. The probabilistic model for
recommendation is described in Section 3. Section 4 describes the
current implementation of the system. Preliminary evaluation of the
system is shown in Section 5. Section 6 presents the discussion and
conclusion.

Abstract. We are developing a movie recommender system for mobile (cellular) phone users. The movie preferences change according to not only the users’ personality but also to the situation such
as mood, location, accompanying person, and so on. Existing approaches for recommender systems that use user profiles and/or histories are insufficient because they provide the same recommendation results regardless of the users’ situation. Context-aware methods
such as location-based services are also insufficient because they do
not take personal preference into account. In this paper we propose
a recommendation method that provides context-aware personalized
recommendations. The method uses a Bayesian network to model
the complex relation between various items of information including users’ profiles, histories, situations, and movie contents. Questionnaire surveys of 2700 persons with a frequently high appreciation of movies were conducted through the Internet, and the obtained
data sets with various attributes were used to construct the model.
To reduce the computational cost of probabilistic inference for recommendation, an approximate matching method for computing contents ranking was introduced. The results of preliminary evaluation
demonstrate that selecting matching variables depending on the category of users is effective for obtaining better approximation.

1

INTRODUCTION

In order to handle the increasing amount of information and contents available on the Internet, the need for recommender systems
that can assist users in finding the information they desire is increasing rapidly. We are developing a movie recommender system for
mobile phone users because such recommender systems are useful
especially for mobile users.
So far, several approaches have been developed in both the research and business fields[1, 21, 24]. Two main effectively used
approaches are the collaborative filtering[20, 23, 4, 8, 7] and the
content-based method[2, 14, 17]. Several approaches for integrating
both methods have also been investigated in order to combine the
merits of each approach[19, 10, 22, 3, 13, 16].
However, in case of movie recommendation for mobile phone
users, user preference may change according to not only the users
personality but also to the situation such as mood, location, accompanying person, and so on. Existing approaches for recommender
systems that use user profiles and/or histories are insufficient because they provide the same recommendation results regardless of
the users’ situation.

2

The task of our recommender system is to recommend a list of
movies for a mobile phone user considering both the user’s personality including his history of movie appreciation and situation. In this
research, it is assumed that the users are limited to registered ones
who provide demographic information such as age, sex, address, affiliation, job category, etc. Before the recommendation, they also input information regarding their current situation such as, mood, location, accompanying person, and so on through the interface program
on their mobile phone.
In addition, we assume users will return explicit evaluation of both
movies that they appreciated and the results of the system’s recommendation. The system utilizes these data to improve the accuracy of
recommendations.
The number of target contents changes depending on the situation.
If the user would like to go to a movie theater, the targets are limited
to the movies currently showing in the neighboring theaters. Instead,
if the user is going to rent a DVD or to use a VOD (Video on Demand) system, the number of target contents is very large. In both
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3.1

cases the density of evaluated contents is considered to be low because target contents quickly change in the case of a movie theater,
and the number of target contents is huge in the case of DVD rental
and VOD systems.
The number of contents in the recommendation list cannot be so
large because the display on a mobile phone is smaller than that of
a PC. For this reason, a more accurate recommendation is required
than in a system for a PC users.

3

We estimated conditional probabilities using the data (this process
is called CPT learning) obtained through two Internet questionnaire
surveys of persons with a frequently high appreciation of movies.
In the first survey, we obtained data related to the user’s profile,
user’s evaluations for appreciated movies, and contents attributes as
follows:
1. Number of subjects: 1616
2. Condition for recruiting subjects: Subject has appreciated more
than 20 movies among the provided 100 movies.
3. Inquiries

PROBABILISTAIC MODELING

In order to model the complex relation between the user’s profile,
user’s situation, user’s evaluations of past movies, and contents attributes, we exploited a Bayesian network[18, 9]. Bayesian networks
are a way of modeling a joint probability distribution of multiple random variables and are applied to various tasks such as printer failure
diagnosis, traffic jam prediction, and modeling chemical reactions in
body cells.
A random variable is represented as a node of the network, and
the links of the network represent dependencies between variables.
Conditional independences between variables are represented by the
whole structure of the network and used for efficient probabilistic
inference.
A Bayesian network can be specified with the structure of the network and the conditional probability tables (CPT) attached to each
node in the network. There are three main approaches constructing
a network. The first approach is to specify both the network structure and the conditional probabilities by hand based on the domain
knowledge of experts. The second approach is to specify the network
structure by hand and to estimate the conditional probabilities from
data. The third approach is estimate both the structure and the probabilities from data.
Because the number of random variables in our model is large (we
used 39 nodes), searching for a good network structure automatically
using only data is difficult. Hence, we assumed a general network
structure for calculating the user’s evaluation of movies. The structure is shown in Figure 1. This structure assumes that the evaluation
depends on the common variables representing the user’s impressions of a movie (feeling excited, feeling scared, feeling sad, feeling
relaxed, etc.), and the impressions depend on user profiles, situation,
and contents attributes.

(a) demographic attribute: 27 attributes such as age, sex, the number of children, etc.
(b) attributes regarding movie appreciation: frequency, important
factor for selecting movie (7 factors), preference of genre (12
genres), purpose of movie appreciation (7 purposes)
(c) evaluation of 20 appreciated movies: good bad and the impression (7 kinds of impression)
4. Contents attributes
(a) genre, length, country, director, actors, etc.
(b) keywords extracted from texts introducing the movie.
The second survey was for obtaining data related to the user’s situation of watching movies:
1. The number of subjects: 1088 (different from the subjects of the
previous survey)
2. Condition of recruitment: Subject has appreciated more than 15
movies among the provided 100 movies
3. Inquiries
(a) the location of watching the movie such as, movie theater, VOD
system, rental DVD, TV program.
(b) the accompanying person such as family, children, friends etc.
(c) mode or motivation to watch the movie such as ”to feel excited”, ”to feel scared”, ”to feel relaxed”, etc.

3.2

Frequency
Sex

Impressions
Total
Evaluation

User Situations

Model Construction

Although we assumed the general structure of the network shown in
Figure 1, we should select effective variables from many observed
attributes. We should determine local network structures that reflects
the relationship between selected variables also. For this process and
the CPT learning, BAYONET, A tool to construct a Bayesian network, was used[15]. The whole procedure was as follows:

User Profiles
Age

Data for Model Construction

1. Data preprocessing

Cried

(a) extract keywords from movie introduction texts.

With Whom
location

Mood

Content Attributes

Laughed

Satisfactory

(b) categorize extracted keywords into four main categories such
as ”describing scene”, ”describing mood” etc.

Relaxed

(c) keywords in each category are further categorized into three to
five categories.

Country
Genre
year

Figure 1. Structure of the Model

(d) categorize the answer for the inquiries regarding the user’s situation.
2. Group all variables into five categories: ”user profiles”, ”user situations”, ”contents attributes”, ”impressions”, and ”total evaluation”.
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3. Search local structure: Using the model selection mechanism of
BAYONET, we selected effective variables and searched parentchildhood relations between the variables within each group using
the information criteria such as MDL and AIC.
4. Combine local models into a whole model according to the general structure. We selected links between variables in different
groups using the information criteria.
5. Validation of the model: validate the constructed model by evaluating the fitness to the data.
We repeated the above procedure and finally obtained a network
model with 39 nodes (22 user profiles, 3 user situations, 6 contents
attributes, 7 impressions, and 1 total evaluation).

4

PROTOTYPE SYSTEM

A prototype of the movie recommender system using the probabilistic model was implemented. The system is composed of a user interface module that runs on the user’s mobile phone, and a recommendation engine that works on a remote server system.
The overview of the system and the recommendation process is
shown in Figure 2. Two close up images of a mobile phone display
are depicted in Figure 3. The recommendation proceeds as follows:

To keep response time short is very important for recommender systems.
Hence we introduced the following approximation method of
ranking computation:
1. Using the trained Bayesian network, calculate an average impression vector for all movie contents in advance. This calculation can
be easily performed by setting only contents attribute values to
the Bayesian network, executing Bayesian network inference, and
computing expectation values for 7 impression nodes (these nodes
are binary valued).
2. At the time of recommendation, calculate the user’s expected impression vector by setting user profiles and situation values and
executing Bayesian network inference, and computing expectation values for the impression nodes.
3. Compute the similarity between the user’s expected impression
vector and the average impression vector of a contents for all
movie contents.
4. Rank contents according to the similarity.
Instead of computing the expectation, taking the most likely instantiation of the impression variables may also work. Comparison
of these ways of computing the impression vector is an issue of future research. As for the similarity measure, we tested several ones
such as the Euclidian distance and the cosine measure. In the following evaluation, we used the Euclidian distance because it performed
better than others.

1. The user interface module accepts user’s request for recommendation and prompts the user to input situation.
2. The request is sent to the recommendation engine on the server
system. There, the ranking of movie contents for the user is computed based on the input information.
3. The result ranking is sent to the interface module, and the movies
with high ranking are displayed on the screen of the user’s mobile
phone.
4. Prompt the user to input feedback for the recommendation result.

5

There are several important issues that should be considered for evaluating movie recommender systems such as accuracy of the recommendation, novelty and serendipity of the recommendation, user satisfaction, sales lift[5, 6]. As the first step, we evaluated the adequateness of the matching method proposed in the previous section.
We compared the ranking from naive probabilistic inference of
the evaluation value and the ranking computed with the approximate
matching method. The data used for evaluation is different from the
data used to construct the model. The data was obtained from another
Internet survey regarding movie appreciation. In this third survey 787
subjects were recruited.

The feedback response from the user is used to modify the Bayesian
network in the recommendation engine at an appropriate interval.
In the implementation, we introduced an approximation method of
reducing the amount of computation. A naive method of computing
the ranking of movies for a user is to estimate the user’s evaluation
for all movies and rank movies according to the estimated evaluation. However, this procedure becomes computationally heavy as the
number of target contents becomes very large. Even though the inference is done on the server system, it makes the response time longer.
1) Input user situation

2) Inference

“I want
to be relaxed
with a girlfriend
at the theater”

Profiles
age
gender

3) Recommend movies
and its reason

User preference
Model
(Bayesian network)

Situations
mood
who

Request

EVALUATION

Impressions
laughed

Evaluation
satisfactory

relaxed
Content attributes
country
genre

Recommendation Engine
profiles age, gender, etc
history purchase, watch





User
Database

Content
Database

Figure 2. Overview of the recommender system

Figure 3.
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Screen shots of the prototype system
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Table 1. Speaman’s rank correlation between the ranking from the naive
inference and the ranking from the approximate matching
Condition
Target users
Nodes used
Median of
for matching
rank correlation
1
all users
7 nodes
0.257
2
all users
3 selected nodes
0.495
3
selected users
3 selected nodes
0.539

In Condition 2 and 3, three impression nodes (”to feel impressed”,
”to laugh”, and ”to feel excited”) selected from the seven impression
nodes were used to compute similarity because they have stronger
correlation with the total evaluation value than others. In Condition
3, the subjects who answered that they strongly expect the three selected impressions when they watch movies were selected and used
for computing the Spearman’s rank correlation.
This preliminary result demonstrates that selecting impression
nodes depending on the category of users is effective to obtain a better approximation.

6

DISCUSSION and CONCLUSION

We examined a movie recommender system for mobile phone users.
The system aims to provide context-aware personalized recommendation for users in various situations. The system exploits a Bayesian
network for modeling the complex relation between various items of
information related to user profiles, histories, situations and movie
contents. Questionnaire surveys of 2700 persons with a frequently
high appreciation of movies were conducted using the Internet. The
obtained data sets with various attributes were used to construct the
model.
In order to reduce the computational cost for the probabilistic
inference of the Bayesian network, we introduced an approximate
matching method to obtain contents ranking. The results of the preliminary evaluation demonstrate that the approximation matching
method works well and selecting appropriate impression nodes depending on the category of users is effective for obtaining an improved approximation.
The study shows that:
1. A Bayesian network is effective: it works as a promising tool for
integrating various items of information flexibly.
2. The model construction procedure is a key technology: constructing appropriate models with many attributes is difficult. A standard strategy for model construction is necessary to apply this
kind of system to various other areas such as e-commerce, car
navigation, shopping-mall navigation, etc.
There remain many research issues including implementing a
much more elaborate evaluation of the proposed system and refinement of the probabilistic model. In order to evaluate the system, we
are planning to conduct a field test in this year.
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Enhancing Privacy while Preserving the
Accuracy of Collaborative Filtering
Shlomo Berkovsky1, Tsvi Kuflik1 and Francesco Ricci2
Abstract. Collaborative Filtering (CF) is considered a powerful
technique for generating personalized recommendations. Centralized storage of user profiles in CF systems presents a privacy
breach, since the profiles are available to other users. Recent works
proposed enhancing the privacy of the CF by distributing the profiles between multiple repositories. This work investigates how a
decentralized distributed storage of user profiles combined with
data perturbation techniques mitigates the privacy issues. Experiments, conducted on three datasets, show that relatively large parts
of the profiles can be perturbed without hampering the accuracy of
the CF. The experiments also allow conclusion to be drawn regarding the specific users and parts of the profiles that are valuable for
generating accurate CF predictions.

1

vidual users. These works showed that perturbation techniques did
not considerably reduce the accuracy of the generated predictions.
This paper elaborates on the idea of combining the above two
techniques, as initially proposed in [1]. It suggests enhancing the
privacy of the CF through substituting the commonly used centralized CF systems by virtual P2P ones, and adding a degree of uncertainty to the data through perturbing parts of the user profiles.
Individual users participate in the virtual P2P-based CF system in
the following way. Every user maintains his/her personal profile as
a vector of rated items. Prediction is requested by an active user
through exposing parts of his/her profile and sending them with a
prediction request. Other users, who respond to the request, expose
parts (i.e., the relevant ratings) of their profiles, and send them,
jointly with locally computed degree of similarity between them
and the active user. Note that in any stage, users may also perturb
parts of their profiles to minimize exposure of personal data. The
active user collects the responses and exploits them for neighborhood formation that leads to a local generation of the prediction.
In this setting, the users are in full control of their personal sensitive information. Hence, they can autonomously decide when and
how to expose their profiles and which parts of the profiles should
be perturbed before exposing them. As a result, the proposed approach enhances users' privacy, while allowing them to support
prediction generation initiated by other users.
In the experimental part of the paper, the accuracy of the proposed privacy-enhanced CF is evaluated using three publicly available CF datasets: Jester [5], MovieLens [6], and EachMovie [8].
Thus, the experiments are conducted with both dense (Jester) and
very sparse datasets (MovieLens and EachMovie). Results of all
the datasets demonstrate that large parts of the user profiles can be
perturbed without hampering the accuracy of the predictions. Also,
the experimental results raise a question regarding the usefulness of
the CF personalization. Although CF is considered a solid personalization technique, no prior evaluations has tried to understand
which users and ratings are crucial to the accuracy of the predictions. This is important in the context of privacy, as different users
have different concerns about their data, and require the quantities
of the personal data exposed to be adapted accordingly. Hence, it is
important to understand which parts of the user profiles (and of
which users) are valuable for generating accurate predictions.
For this reason, additional experiments, aimed at analyzing the
impact of data perturbation on different types of users and predictions, are conducted. The experimental results allow us to conclude
that accurate CF predictions require paying a special attention to
users with extreme preferences (either positive or negative), i.e.,
preferences that are significantly different from the standard preferences. Hence, these parts of the user profiles are the most valuable for generating accurate predictions, and they should be really
exposed. On the other hand, usually there is no need to expose
other parts of the profiles, as they provide very little knowledge
about the users. It should be noted that only the user storing his/her
profile can determine which parts of the profile are important for
the predictions, whereas an attacker can not know it a priori.

INTRODUCTION

Collaborative Filtering (CF) is one of the most popular and most
widely used personalization techniques. CF generates predictions
of how a potential customer may like a product, based on the assumption that people with similar tastes have similar preferences
for the same items [12]. In CF, the user profiles are represented by
vectors of user's ratings on a set of items. To generate a prediction,
CF initially creates a neighborhood of users having a high degree
of similarity to the user whose preferences are predicted (the active
user). Then, it generates a prediction by calculating a weighted average of the ratings of the users in the neighborhood [6].
However, personalization inherently brings with it the issue of
privacy. Privacy is an important challenge facing the growth of the
E-Commerce services and the acceptance of various transaction
models supported by them [2]. Many services violate users' privacy
for their own commercial benefits. As a result, users refrain from
using them, to prevent exposure of sensitive private information
[4]. Privacy hazards for personalization systems are aggravated by
the fact that effective personalization requires large amounts of
personal data. For example, the accuracy of CF predictions is correlated with the number of similar users, number of ratings in their
profiles, and the degree of their similarity [11]. Thus, the more accurate are the user profiles (i.e., the higher is the number of ratings
in the profile), the more reliable will be the predictions. Hence,
there is a clear trade-off between the accuracy of the personalization and the privacy of users' data.
The need to protect users' privacy is nowadays triggering growing research efforts. In [3] the authors proposed basing privacy
preservation on pure decentralized peer-to-peer (P2P) communication between the users. This work suggested forming user communities, where the overall community reflects the preferences of the
underlying users, thus representing the set of users as whole and
not as individual users. Alternatively, [10] suggested preserving
users' privacy on a central server by adding uncertainty to the data.
This was accomplished through using randomized perturbation
techniques that modified the original user profiles. Hence, the data
collector has no reliable knowledge about the true ratings of indi1
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The rest of the paper is organized as follows. Section 2 discusses the privacy issues in the CF and recent works on distributed
CF. Section 3 presents the basics of the privacy-enhanced decentralized CF. Section 4 presents the experimental results evaluating
the proposed approach and raises a number of open questions. Section 5 analyzes the results in an attempt to answer these questions,
concludes the paper, and presents directions for future research.

2

3

PRIVACY-ENHANCED CF WITH DATA
PERTURBATION

This section elaborates on the prediction generation over a distributed set of users possibly perturbing their data. First, we adopt pure
decentralized P2P organization of users, proposed by [3]. In this
setting, users autonomously keep and maintain their personal profiles. Thus, the central matrix of user ratings on items, stored by
centralized CF systems, is substituted by a virtual matrix, where
every row is stored by the respective user, as shown on Figure 1.

DISTRIBUTED CF

Collaborative filtering (CF) is a personalization technique that relies on the assumption that people who agreed in the past will also
agree in the future [12]. The input for the CF algorithm is a matrix
of user ratings for items, where each row represents the ratings of a
single user and each column represents the ratings for a single
item. CF aggregates ratings of items to recognize similarities between users, and generates a prediction for an item by weighting
the ratings of similar users for the same item [6].
Centralized CF poses a threat to users' privacy, as personal information collected by service providers can be exposed and transferred to untrusted parties. Thus, most users will not agree to
divulge their private information [4]. These concerns cause many
users to refrain from enjoying the benefits of personalized services
due to the privacy risks. Using CF without compromising user's
privacy is certainly an important and challenging issue.
In [10], the authors proposed a method for preserving users' privacy on the central server by adding uncertainty to the data. Before
transferring personal data to the server, each user first modifies it
using randomized perturbation techniques. Therefore, the server
(and also the attacker) cannot find out the exact contents of the user
profiles. Although this method changes the user's original data, experiments show that the modified data still allow accurate predictions to be generated. This approach enhances users' privacy, but
the users still depend on centralized, domain-specific servers.
These servers constitute a single point of failure, as the data can be
exposed through a series of malicious attacks.
In general, storing user profiles in several locations reduces the
privacy breach of having the data exposed by the attackers, in comparison to storage on a single server. CF over a distributed setting
of data repositories was initially proposed in [13]. This work presented a P2P pure decentralized architecture supporting product
recommendations for mobile customers represented by software
agents. The communication between the agents used an expensive
routing mechanism based on network flooding that significantly
increased the communication overhead. In the PocketLens project
[9], five distributed architectures for the CF were implemented and
compared. It was found that the performance of a P2P-based CF is
close to the performance of a centralized CF.
Another technique for a distributed CF proposes eliminating the
use of central servers. In this setting, an active user creates a query
by sending a part of his/her profile and requesting a prediction on a
specific item. Other users autonomously decide whether to respond
and send information to the active user. However, this approach
requires transferring the user profiles over the network, thus posing
privacy breaches. Two schemes for a privacy-preserving CF were
proposed in [3]. In these schemes, the users control all of their private data, while a community of users represents a public aggregation of their data, without exposing the data of individual users.
The aggregation allows personalized predictions to be computed by
members of the community, or by outsiders. This approach protects
users' privacy in a distributed setting, but requires a priori formation of user groups, which becomes a severe limitation in today's
dynamically evolving environments.

Figure 1. Centralized vs. decentralized storage of the user profiles

In this setting, users are the owners of their personal information. Thus, they directly communicate with each other during the
prediction generation process and autonomously decide when and
how to expose parts of their profiles. The predictions are generated
as follows. An active user initiates the process through exposing
parts of his/her profile and sending a request for a prediction on an
item. When the request is received each user autonomously decides
whether to respond to it. If so, he/she also exposes the relevant
parts of his/her profile, (i.e., the rating for the requested item) and
sends it, jointly with the locally computed degree of similarity, to
the active user. Upon collecting the responses, the active user
builds a neighborhood of similar users, and locally generates a prediction. This form of the CF preserves users' privacy, while allowing them to support prediction generation initiated by other users.
According to the above distributed CF, a user's profile may be
exposed in two cases. The first is when a user is an active user, and
he/she requests a prediction from other users. In this case the exposure is inevitable, as the active user must expose relatively large
parts of his/her own profile in order to receive reliable predictions
from the other users. The second case is when a user decides voluntarily to help in prediction generation initiated by other user
through exposing parts of his/her profile, such that the active user
can use them to build a neighborhood of similar users and generate
a prediction. Although in this case the responding users have to expose relatively small parts of their profiles, this is a privacy breach
that allows larger parts of the profiles to be exposed through systematic malicious attacks using multiple prediction requests.
To mitigate the privacy breaches, [10] proposes partially perturbing the data in the user profiles. We adopt the data perturbation
techniques for the purposes of enhancing privacy of the P2P-based
CF. For that, parts of the user profiles are modified during the
process of prediction generation. Thus, in case of a malicious attack, the values collected by an attacker will not reflect the exact
contents of the user's profile. Three general policies for perturbing
the ratings in the user profiles were defined:
x
Uniform random obfuscation – substitute the real ratings
by random values chosen uniformly in the scope of possible ratings in the dataset.
x
Bell-curved random obfuscation – substitute the real ratings by values chosen using a bell-curve distribution reflecting the distribution of real ratings in the user's profile.
x
Default obfuscation(x) – real ratings in the user's profile are
substituted by a predefined value x.
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Clearly, there is a tradeoff between the amount of the perturbed
data in the users' profile and the accuracy of the generated predictions, as the more data are modified, the less accurate are the generated predictions. In this sense, bell-curved obfuscation is
expected to provide very accurate predictions, as the real ratings in
the profiles are substituted by values that reflect the distribution of
the real ratings. Nevertheless, privacy enhancement provided by it
is minimal, as the exposed modified values are similar to the original ratings. Conversely, default obfuscation is expected to provide
the users enhanced privacy, but very inaccurate predictions. Finally, uniform obfuscation will supposedly perform moderately in
comparison to the above policies, in terms of both privacy and accuracy. The next section examines the impact of the above policies
on the accuracy of the generated predictions.

4

x Distribution – substitute the real rating by a value reflecting the
distribution of the users' ratings (i.e., average and variance).
Clearly, the first three policies are instances of the default policy,
whereas the fourth and fifth are the uniform, and the bell-curved
policies discussed earlier.
The first experiment was designed to examine the impact of different perturbation policies on the accuracy of the generated predictions. In the experiment, the amount of perturbed data in user
profiles was gradually increased from 0 (the profile is unchanged)
to 0.9 (90% of the ratings in the user profiles are modified). This
coefficient is referred to below as obfuscation rate. For each dataset, a fixed testing set of 10,000 ratings was selected, and the MAE
values were computed for the possible obfuscation rates. Figure 2
shows the MAE values as a function of the obfuscation rate. The
graphs refer to Jester (top), MovieLens (middle), and EachMovie
(bottom) datasets. The horizontal axis denotes the obfuscation rate,
whereas the vertical denotes the MAE values.

EXPERIMENTAL EVALUATION

For the experimental evaluation, a pure decentralized environment
was simulated by a multi-threaded implementation. Each user was
represented by a thread and predictions were generated as described earlier: each thread locally computed the similarity, and returned the similarity rate and the required rating to the active
thread, which computed the predictions as a weighted average of
the most similar users' ratings. Hence, the process of prediction
generation was performed as in a centralized CF, except for the
similarity computation stage, which was done separately by each
user. To measure the accuracy of the predictions, Mean Average
Error (MAE) [7] values were computed by:
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where N denotes the total number of the generated predictions, pi is
the prediction, and ri is the real rating for the item i.
To provide solid empirical evidence, the experiments were conducted using three widely used CF datasets: Jester [5], MovieLens
[6] and EachMovie [8]. Table 1 summarizes the different parameters of the datasets: number of users and items in the dataset, range
of ratings, total number of ratings, average number of rated items
per user, density of the dataset (i.e., the percentage of items with an
explicit rating), average and variance of the ratings, and the MAE
of non-personalized predictions computed by dividing the variance
of the ratings in the dataset by the range of ratings.
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Table 1. Properties of the experimental datasets
dataset users items range ratings av.rated density average
Jester 48483 100 -10-10 3519449 72.59 0.7259 0.817
ML 6040 3952 1-5 1000209 165.60 0.0419 3.580
EM 74424 1649 0-1 2811718 37.78 0.0229 0.607
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For the experiments, the above three perturbation policies were
instantiated by five specific policies:
x Positive – substitute the real rating by the highest positive rating in the dataset (10 for Jester and 5 for MovieLens and
EachMovie).
x Negative – substitute the real rating by the lowest negative rating in the dataset (-10 for Jester, 1 for MovieLens, and 0 for
EachMovie).
x Neutral – substitute the real rating by the neutral rating in the
dataset, i.e., an average between the maximal and minimal possible ratings (0 for Jester, 3 for MovieLens, and 0.5 for EachMovie).
x Random – substitute the real rating by a random value in the
range of ratings in the respective dataset (from -10 to 10 for
Jester, 1 to 5 for MovieLens, and 0 to 5 for EachMovie).
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Figure 2. MAE of the predictions vs. obfuscation rate for Jester(top),
MovieLens (middle) and EachMovie (bottom) datasets

The graphs show that the effect of random, neutral and distribution policies is roughly similar, as perturbing the user profiles has a
minor impact on the MAE of the generated predictions. The MAE
slightly increases in a roughly linear manner with the obfuscation
rate; however the change is minor (between 2% and 7%, for differ-
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As can be seen, the impact of the perturbation on different
groups of ratings is different. For example, for moderate ratings,
between -2 to 2, the impact is minor as the MAE values for all obfuscation rates are close. Conversely, for extreme ratings, e.g., below -8 or above 8, the impact of the data perturbation is clearly
seen and the MAE increases with obfuscation rate. Also, for higher
obfuscation rates, a larger increase in the MAE is observed for the
predictions of extreme ratings (can be clearly seen for extremely
positive ratings). Thus, the accuracy of CF predictions is hampered
when extreme values in user's profile are perturbed. Practically,
this means that the extreme ratings in user's profile should be considered as the user's representative data and they are more important for generating accurate predictions than moderate ratings.
To validate this conjecture, the first experiment was repeated on
a smaller dataset of extreme users. The extremeness of users was
defined as follows: “the user is considered as extreme if more than
33% of his/her ratings are more than 50% farther from the average
of his/her ratings than his/her variance”. For example, if the average rating of a user is 0.6 (on a range between 0 and 1), and the
variance is 0.2, then the ratings below 0.3 or above 0.9 are considered as extreme ratings. If the number of ratings in user's profile is
100 and more than 33 ratings are extreme ratings, then the user is
considered as extreme user. Although the selected thresholds of
33% and 50% are arbitrary ones (and may be a basis for future experiments), they filter out moderate users and leave large enough
sets of extreme users. Table 2 summarizes the characteristics of the
extreme users' datasets (columns are similar to Table 1).

ent datasets), and the prediction is still accurate. This is explained
by the observation that for random, neutral and distribution policies, the modified values (for average users) are relatively similar
to the real ratings and obfuscation does not significantly modify the
user profiles. Thus, substituting the actual ratings with similar values, even for high obfuscation rates, creates only a small overall
impact on the MAE computed over many users.
On the other hand, for positive and negative policies, the real
ratings are substituted by highly dissimilar values. Thus, replacing
the ratings with extremely positive or negative ratings does significantly modify the user profiles. As a result, the generated predictions are inaccurate and the MAE increases (maximal observed
MAE values are between 27% and 35%, for different datasets) with
obfuscation rate. The slope of the curves is significantly higher
than in random, neutral and distribution policies. As can be clearly
seen, this observation is true for all three datasets and for different
levels of density in the datasets.
Note that for high obfuscation rates, despite the fact that major
parts of the user profiles are perturbed, the accuracy of the predictions is good and the MAE remains low. However, comparison of
CF personalized prediction MAE with non-personalized prediction
MAE (taken from Table 1) yields that the MAE values are very
similar for all three datasets. Thus, the MAE of CF predictions
steadily converges to the MAE of non-personalized predictions
with the increasing obfuscation rate. This raises a question regarding the usefulness of the CF. In other words, what are the conditions (i.e., for which users and items), where CF will generate more
accurate predictions, in comparison to non-personalized predictions? This will allow us to conclude which users are valuable for
CF predictions, and as such, which parts of their profiles should be
exposed in order to generate accurate predictions.
To resolve this, the second experiment was designed to evaluate
the impact of data perturbation on different types of predictions.
For this experiment, the data of Jester3 dataset was partitioned to
10 groups, according to the ranges of ratings: from -10 to -8, to 8 to
10. In this experiment, the distribution policy was exploited, and
CF predictions were generated (using all the available ratings) for
1,000 ratings from each group. The MAE of the predictions was
computed for gradually increasing values of the obfuscation rate.
Figure 3 shows the MAE values for different groups of ratings. The
horizontal axis shows the groups and the vertical denotes the MAE
values. For the sake of clarity, the figure shows the curves related
to four obfuscation rates only. For other obfuscation rates, the
MAE values behave similarly.

Table 2. Properties of the extreme users' experimental datasets
dataset users items range ratings av.rated density average var. MAEnp
Jester 13946 100 -10-10 1007700 72.26 0.7226 0.286 6.111 0.306
ML 1218 3952 1-5 175400 144.01 0.0364 3.224 1.166 0.291
EM 12317 1649 0-1 491964 39.94 0.0242 0.516 0.379 0.379

The third experiment was designed to examine the impact of the
above obfuscation policies on the accuracy of the predictions for
the extreme users' datasets. In the experiment, the obfuscation rate
was gradually increased from 0 to 0.9. For each dataset, a fixed
testing set of 10,000 ratings was selected, and the MAE values
were computed for the possible obfuscation rates. Figure 4 shows
the MAE values as a function of the obfuscation rate. The graphs
refer to Jester (top), MovieLens (middle), and EachMovie (bottom)
datasets. The horizontal axis denotes the values of the obfuscation
rate, whereas the vertical denotes the MAE values.
The experimental results clearly show that the MAE values increase with the obfuscation rate. As in the first experiment, for reasonable policies, e.g., random, neutral and distribution, the change
in the MAE is not significant (between 7% and 12%). However, for
positive and negative policies, the impact of data perturbation is
stronger and the MAE values are significantly higher. Nevertheless, for positive and negative policies, the change in the MAE for
the extreme users' dataset is lower than for the full dataset (between 14% and 17%). This is explained by the fact that most of the
ratings in the extreme users' dataset are originally extreme. As can
be seen, the MAE of personalized predictions converges to the
MAE of non-personalized predictions for high obfuscation rates.
However, comparison between the extreme users' dataset and
full dataset experiments yields that for extreme users the MAE values and the slope of the MAE increase are significantly higher.
This allows us to conclude that extreme users (and, respectively,
extreme ratings in their profiles) are important for the personalized
CF prediction generation. Thus, mainly these values should be exposed by the users to support generation of accurate predictions
initiated by other users.
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Figure 3. MAE of the predictions for different groups of ratings
3

Jester dataset was selected due to the fact that Jester ratings are
continuous, while MovieLens and EachMovie ratings are discrete.
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accuracy of the predictions for moderate ratings is almost not hampered by data perturbations and steadily converges to the accuracy
of non-personalized predictions. Thus, heavy CF mechanism is
probably not required for such predictions, and non-personalized
predictions are sufficient. However, this is not true for the predictions of extreme ratings, where the accuracy is hampered by data
perturbation and the MAE increases. Thus, in this case the CF is
beneficial and it enhances the accuracy of the predictions.
Although the results support our conclusions regarding the importance of different parts of the profiles, they may seem contradictory. One of the well-known problems of the CF is sparsity [11],
where the number of ratings in the user profiles is insufficient for
generating accurate predictions. Perturbing parts of the profile decreases the number of reliable ratings, and aggravates the sparsity.
We conjecture that this does not happen due to a data redundancy
in the profiles. Any user, regardless of the profile sparsity, can be
classified to one of the domain stereotypes (e.g., drama- or comedy-lover in movies). This classification can be done basing on a
small number of extreme ratings, whereas the other ratings are redundant, i.e., they are either non-representative moderate ratings,
or repeat (to some extent) the earlier ratings. Thus, perturbing randomly chosen ratings in the user profiles reduces the redundancy,
while not increases the sparsity of the data in the profiles. In the
future, we plan to validate this conjecture.
In the future, we also plan to discover the effect of various obfuscation policies applied to different types of ratings. In particular,
we plan to validate our conclusion regarding the importance of the
extreme ratings through comparing the effect of obfuscating the extreme ratings with the effect of obfuscating moderate ratings.
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Figure 4. MAE of the predictions vs. obfuscation rate for Jester(top),
MovieLens (middle) and EachMovie (bottom) extreme datasets

5

ANALYSIS, CONCLUSIONS AND FUTURE
WORK

This work was motivated by enhancing the privacy of the CF personalization approach. The experimental part focused on evaluating the impact of privacy enhancement through data perturbation in
distributed P2P-based environment on the accuracy of the generated predictions. Experimental results showed that relatively large
parts of the user profiles can be perturbed, without hampering the
accuracy of the generated predictions.
However, analysis of the results yielded interesting behavior regarding the general nature of the CF. When the experiments were
conducted on a full dataset, the accuracy of the predictions was
barely affected. However, when extreme ratings only were considered, the accuracy of the predictions decreased as a result of the
profile obfuscations. This allowed us to conclude that the extreme
ratings are the most important ratings, as they allow identifying the
real preferences of the users. Hence, these parts of the user profiles
are the most valuable for generating accurate predictions, and they
should be exposed, while the moderate ratings are less important.
Another conclusion refers to the usefulness of the CF for personalized predictions in general. Experimental results show that the
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TV Recommendations based on Implicit Information
Sandra Gadanho 1
steps of finding a ML solution to the TV recommendation problem:
selecting the ML model, selecting the training data and evaluating
the ML model. The final section summarizes the ideas discussed.

Abstract.
The increasing amount of available TV content has made TV recommender systems valuable tools and commercial systems have already proved successful among TV viewers (e.g., TIVO).
To provide personalized recommendations, recommender systems
need to collect information about user preferences. Since users are
reluctant to invest much time providing explicit preference information, these systems should ideally infer preferences through implicit
information gathered from monitoring the users’ behavior.
This article will analyze the problem of learning personalized TV
recommendations based on the observation of user behavior.

2

TV recommender systems are often a combination of an explicit profile and an adaptive profile based on both CF and CBF techniques.
The explicit profile is usually considered the most accurate, despite the potential mismatch between the users’ self-description and
their actual TV viewing behavior. Moreover, explicit information can
be a means to targeting recommendations earlier, i.e., before enough
implicit information has been collected to be able to infer meaningful
recommendations. However, it is limited by the amount of effort the
user is willing to put into the system.
CF approaches are suited for server-based applications that keep
information about a large collection of users in a central database.
These applications can base their recommendations solely on the
analysis of the preferences of their users and need no information
about the nature of the programs themselves. This approach is particularly good at uncovering user tastes which often cannot be inferred from the content description alone. A taste strategy may be
particularly important for entertainment-oriented programs, while a
rational strategy based on program content might be best suited for
information-oriented programs [8]. A drawback of CF is the coldstart problem of not being able to make recommendations about programs that have not been rated yet. This problem is aggravated in a
broadcasting medium such as TV in that [8]:

1 INTRODUCTION
Without any information about an individual user, a recommender
system can still offer meaningful albeit untargeted recommendations
to the user. These recommendations can rely on external suggestions
available to the system (e.g., from accredited reviewers or broadcaster’s advertising) or on popular choices among other users (implicit and explicit information gathered from peers). However, a truly
useful recommendation should be personalized to individual user
interests. For this the system needs preference information explicitly provided by users or implicitly extracted from previously observed user behavior. Explicit information is usually considered the
best source for accurate recommendations. Implicit information often does not have a straightforward interpretation and can be misleading (e.g., a user can watch a programme without really liking it).
However, if users invest little effort in providing information about
their preferences then implicit information can become valuable.
In either case, it is often the case that the recommender system is
faced with the task of inferring programme recommendations based
on user preferences regarding a small set of programs. Two popular approaches to this problem are content-based filtering (CBF) and
collaborative filtering (CF). On the one hand, CBF recommends programs based on how much their content resembles the programs enjoyed by the user. On the other hand, CF recommends programs that
have been rated positively by other users with similar preferences.
These two approaches both have advantages and disadvantages and
are complementary to some extent (see Section 2).
Content-based TV recommender systems presented in the literature use a wide range of machine learning (ML) techniques. However, it is very difficult to access the relative merits of the different
approaches based on the scarce and scattered results available. This
article discusses these approaches and suggests methods to address
the specific characteristics of this learning problem.
The next section discusses different state-of-art approaches to TV
recommender systems. The following sections analyze the different
1

BACKGROUND

• The recommender system needs to evaluate a program when it is
announced and before being broadcast; at this stage it is often the
case that users have not yet watched it (unless it is a repetition), so
users can only share expectations but no actual experience-driven
judgements about the program.
• Once the program has been broadcast, the usefulness of its rating
information is mostly lost (this is only useful for eventual repetitions, later episodes of a series or calculating user similarity).
CBF techniques have been used both standalone and as a complement to CF approaches. In the latter case, CBF techniques are used as
a means to provide recommendations about programs not rated yet.
In contrast with CF that only needs a unique program identification, CBF is entirely dependent on the quality of the available program content descriptions (metadata). If the metadata is nonexistent
or very limited then a CBF approach is useless.
Socio-demographic and life-style stereotypes have been suggested
as a way to address the cold-start problem faced by adaptive approaches when the user is just starting to use the recommender system. However, empirical results offer weak support for this approach
[5, 1]. In fact, socio-demographic information seems to be a poor
indicator of TV preferences.

Personalization and Knowledge Lab, Motorola, Basingstoke, U.K., email:
sandra.gadanho@motorola.com
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ratings [2].
The state-of-the-art TV recommenders employ diverse ML models:

3 SELECTING THE MODEL
TV recommendations are usually short bounded lists of programs
that are selected from the full broadcast listings. In general, the short
list is ordered in an attempt to place favorite programs at the top.
So in the CBF approach, the learning model needs ultimately to
provide a recommendation ranking for a list of programs based on
their metadata. This learning problem can be viewed as a binary classification problem with the two classes: recommend and not recommend. The ranking of the list can be done in terms of the confidence
of the model in placing the program in the ”recommend” category.
Maybe due to the influence of CF approaches where explicit ratings
are required, people often choose to have a set of classes that embody different possible ratings. This alternative has the potential to
provide more detailed information to the user and has a straightforward integration with CF in a dual approach system. However, this
is a more difficult learning problem, in particular when taking into
account that the model is normally oblivious to the implicit ranking
relationships between the classes.
User preferences can be considered a complex classification problem. To start with, the model must be able to cope with the temporary
and permanent preference changes. Permanent changes will be gradually captured by the model if this is allowed to learn continuously,
but extra care may be needed to ensure that the model changes fast
enough. Some temporary changes can be predictable if inferred from
the user context, but others like mood-states are unpredictable and
will act as extra noise to the system. Preferences are also usually distributed in different unrelated focus of topics in the content space.
This suggests that learning preferences is probably a non-linearly
separable problem that will not be tackled correctly by the simpler
classifiers.
In summary, the learning model should be able to learn incrementally to keep in tune with the user’s preference changes; it should be
tolerant to noise and it should be able to uncover a non-trivial relationship.
Due to the nature of its adaptive interaction with the user, the learning model can also easily run into specialization problems. Cotter
and Smyth [4] report problems due to the lack of diversity provided
in the recommendations provided by their content-based approach.
They state that if the list of positively rated programs contains a lot of
comedies then the majority of the system’s recommendations might
be comedies. This problem can result from having a classifier that
is not powerful enough to uncover a complex relationship or from
a vicious circle where the user only selects those programs that the
system recommends. The latter problem can be seen as a exploration
versus exploitation problem. The recommender system may occasionally need to recommend a program not because it knows that
it will fit best with the user preferences but because it will allow it
to know more about the user’s preferences. In a structured domain
like TV programs, it is relatively easy to further the system’s knowledge by selecting programs that are very far apart from those that are
known (e.g., by selecting programs from unknown genres).
A small list of program recommendations that is often not very
accurate will have difficulties in gaining the users confidence. To
address this problem, some systems provide explanations for their
recommendations since these help to build the user’s trust in the system. These explanations are usually simplified descriptions of the
recommendation decision and often reflect the inner-workings of the
underlying learning model. Feedback from the user on these explanations can be used by the system to correct itself in a much more
targeted and efficient way than by using the usual program-specific

Naı̈ve Bayes Simple and efficient but surprisingly effective.
Bayesian networks Allows an increase of the expressive power and
potentially improves accuracy (e.g., by adding a context layer [1]).
Instance-based learning Keeping learning examples can avoid recommending repetitions and keep different topics of interest separate, but there are issues regarding recall [2], unbounded memory
and expensive classification processing time.
Decision trees Results indicate this may be unsuitable [7, 6].
Clustering Albeit the unconvincing results of socio-demographic
stereotypes, preferences-based stereotypes may be helpful [1].
The use of different learning systems within the same recommender has also been proposed. These can be competing (learning
the same information) or cooperating (learning different aspects of
the problem). The integration of cooperative recommenders is usually straightforward since they specialize in different areas. The integration of competitive recommenders presents several alternatives
(e.g., use confidence values to determine the best or combine all the
outputs). Other alternatives are to organize learning systems in a cascade or hierarchy [3].

4

EXTRACTING TRAINING DATA

Having selected the model, it is still necessary to select the training data, i.e., select a set of training examples with describing attributes and a class. The system can acquire information about program preferences both explicitly from the user or from observing the
user’s behavior towards particular programs. The user actions are indications of the user preferences. For example, if a user watched or
recorded a programme then this is an indication that the user likes
the programme. On the other hand, if the the user zapped through
a programme then the user has implicitly selected not to watch that
program. The program’s content description (metadata) and possibly
the context can be used to extract the attributes.
The metadata is a source of semi-structured data which depends
much of the actual broadcasting environment. The metadata definition may be more or less detailed and the broadcaster may still select
to transmit only part of the metadata fields. In fact, it is not always
possible to guarantee enough data to allow a content-based filtering
approach. A solution is to complement this data with additional data
collected from the broadcaster’s websites [1].
Metadata fields which have a limited number of possible values
(e.g., genre) can be directly translated into attributes. Other, often
more discriminative fields, are in free text format that cannot be used
directly by the learning model (e.g., title, description). These can
be converted into vectors of words using text categorization techniques. Text-categorization has been used extensively in domains
where items are associated with substantial amounts of text (e.g news
filtering, web-browsing). This is often not the case in TV metadata,
suggesting that in this case a greater effort should be placed in taking
full advantage of the few words that are there (e.g., by using synonyms).
Another important source of information is the program’s context.
Information such as time of broadcasting and channel may actually
provide a good indication of the quality and type of program since
broadcasters often target very specific audiences when they program
the different time slots of a channel. Research has shown that it
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user. These two measures need to be taken into account simultaneously, because they are both important and improving one of them
generally worsens the other [2]. Another problem is that the data
set of a recommender system has an underlying chronological order and presenting examples in a random order (as in a n-fold crossevaluation) may skew results. A more suitable approach is evaluating
the classifier as it gradually learns [2]. This approach has the advantage of ensuring a reasonable performance of the recommender as it
continuously adapts to user interests. Furthermore, the actual instantiation of the model by learning will not be unique to the problem but
specific to each user. In fact, an important part of the model’s evaluation is to guarantee that it can cope with users with potentially very
different preferences. Each user will actually be a slightly different
learning problem with a unique solution for the learning model. So
the overall evaluation of the model needs to take into account multiple separate evaluations of a significant number of users.

is possible to provide reasonably good-quality local recommendations based on scarce program information (genre, channel and airing
time) by assuming a consistent selection of programs by the broadcasters [1].
The program’s context should not be confused with the user’s context although they are often the same2 . While program’s context attempts to uncover the quality/type of the program, the user’s context
can be useful in predicting the user’s routines. As discussed previously (see Section 3), the user’s preferences can suffer temporary
changes. Some of these may be repetitive and related to the user’s
context (e.g., time of the day, day of the week, location, etc.). If these
temporary changes are to be captured by the learning model, then
some attributes related to the user’s context must be extracted.
Depending on the application, different user actions can be
tracked. Some possible measures of user interest in a program are:
Time spent watching a program It is a good measure of the user’s
investment in the program, but it penalizes smaller programs.
Percentage of the program watched If users are interested in a
program they will try to watch it all, otherwise they will just
quickly skip it. This measure penalizes larger programs.
Live viewing or time-shifted viewing Recording a program requires an extra investment and so user preference can be assumed
with more confidence. Yet, people may prefer viewing their favorite programs as soon as possible and hence prefer live-viewing.
Number of Co-Viewers If a user is not watching the program alone
then it is not possible to tell whether the user is viewing it because
of genuine interest in the program or if the selection was made by
another of the co-viewers.

6

This position paper analyzes the TV recommendation problem and
reviews the most relevant ML solutions to adapting recommendations to user. It discusses the issues raised by different types of ML
classifiers and it proposes the following classifier properties as advantageous: binary classification, incremental learning, noise tolerance and a non-trivial classification relation. It also discusses ways
to extract weighted training examples from the available information
and, in particular, from implicit information gathered through behavior observation. Furthermore, it poses arguments in favor of a gradual
multi-user evaluation based on information-retrieval measures.
In conclusion, ML provides valuable tools for TV recommender
systems but thoughtful consideration is needed to tailor these tools
to the specific needs of TV recommendation.

Systems that use implicit rating, usually only select a few well defined behaviors (e.g., viewing or recording) and attribute it a default
classification. Typically this is a low classification (e.g., 1 thumb up)
to account for the lower level of reliability provided by an implicit
rating when compared with an explicit rating. The problem with this
approach is that it is mixing the reliability of the information with its
absolute value. If a user watched a full long program then the user
most probably enjoyed it and the classifier should not be told that the
user has a weak preference for this program but a strong preference.
The reliability of the information is better suited to weight the different training examples in the training of the classifier. Some measures
such as percentage of the programme watched or minutes watched
can be used to determine the user’s preferences. Other measures such
as number of co-viewers are better at indicating how reliable the rating information is. The highest reliability value can be attributed to
information explicitly provided by the user.
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5 EVALUATING THE MODEL
The typical way to evaluate a classifier is to calculate its accuracy3
using n-fold cross-validation. One problem with this is that the recommendation is more akin to a filtering problem than a classification
problem and the evaluation should reflect that. In fact, informationretrieval performance measures such as precision and recall are much
more appropriate. In the TV recommendation domain, precision can
be defined as the proportion of programs that are recommended that
fit the user’s preferences and recall as the proportion of the programs
that fit the user’s preferences that are actually recommended to the
2
3

SUMMARY

An example where the user’s time context is different from the program’s
is when the user is watching a recording.
Proportion of testing examples that have been classified correctly.
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category organization and mobile services [1]. Most recently, we
have introduced concepts for classification, recommendation and
document sharing to provide a better personalized semantic-based
resource management. Generally, recommender systems use
keywords to represent both the users and the resources. Another
way to handle such data is by using hierarchical concept
categories. This issue will enable users and the system to search,
handle or read only concepts of interest in a more general manner,
providing a semantic possibility. For example, synonymy and
hyponymy can reveal hidden similarities, potentially leading to
better classify and recommend. We called the extended
architecture EasyInfo.

ABSTRACT
In this paper we introduce an update of our work about
developing a collaborative bookmark management system
approach. We introduce EasyInfo, an hybrid recommender
architecture extension, which processes resources to extract
concepts (not just words) from documents using semantic
capabilities. In such a way, the classification and recommendation
phases take advantage of the word senses to classify, retrieve and
suggest documents with high semantic relevance with respect to
the resource models.

Keywords

The advantages of a concept-based document and user
representations can be summarized as follows: (i) ambiguous
terms inside a resource are disambiguated, allowing their correct
interpretation and consequently a better precision in the user
model construction (e.g., if a user is interested in computer
science resources, a document containing the word ‘bank’ as it is
meant in the financial context could not be relevant); (ii)
synonymous words belonging to the same meaning can contribute
to the resource model definition (for example, both ‘mouse’ and
‘display’ brings evidences for computer science documents,
improving the coverage of the document retrieval); (iii)
synonymous words belonging to the same meaning can contribute
to the user model matching, which is required in recommendation
process (for example, if two users have the same interests, but
these are expressed using different terms, they will considered
overlapping); (iv) finally, classification, recommendation and
sharing phases take advantage of the word senses in order to
classify, retrieve and suggest documents with high semantic
relevance with respect to the user and resource models.

Distance learning system, document sense, content analysis,
recommendation systems.

1.

INTRODUCTION

In this paper we are going to describe a Web-based recommender
system based on a collaborative bookmark management system
approach, by introducing EasyInfo, an hybrid recommender
architecture extension based on semantic capabilities. We argue
how the classification and recommendation phases take advantage
of the word senses to classify, retrieve and suggest documents
with high semantic relevance with respect to the user and resource
models.
In [4] we introduced the InLinx (Intelligent Links)
system, a Web application that provides an on-line bookmarking
service. InLinx is the result of a three filtering components
integration, corresponding to the following functionalities:
1.

bookmark classification (content-based filtering): the
system suggests the more suitable category which the user
can save the bookmark in, based on the document content;
the user can accept the suggestion or change the
classification, by selecting another category that he
considers the best for such a given item;
2.
bookmark sharing (collaborative filtering): the system
checks for newly classified bookmarks and recommends
them to other users with similar interests. Recipient users
can either accept or reject the recommendation once they
received the notification;
3.
paper recommendation (content-based recommendation):
the system periodically checks if a new issue of some on
line journal has been released; then, it recommends the
plausible appealing documents, according to the user
profiles.
Over the years we have designed and implemented several
extensions of the original architecture such as personalized

The paper is organized as follows. Section 2 proposes a
description of our application domain in which the semantic
recommendation technique is introduced. Section 3 details how to
extract and to use senses from the documents, by proposing word
sense disambiguation and similarity measure processes. Section 4
illustrates resource representation exploiting a concept- based
document representation rather than a keyword approach. Section
5 provides some notes about test implementation and
experimental sessions. Some final considerations and comments
about future developments conclude the paper.

2.

DOMAIN DESCRIPTION

To facilitate a student-based approach to the provided educational
material, modern Web-based learning environments must be able
to dynamically respond to the different and personal students’
learning styles, goals, knowledge backgrounds and abilities. In
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order to achieve this aim, tools for personalized sharing and
recommendation of educational resources have emerged as an
important technology to adapt and personalize e-learning systems
on the basis of the effective user needs and modifiable user
behaviour and interests. The keyword approach to profiling
suffers because of a polysemy problem (the presence of multiple
meanings for one term) and a synonymy problem (the presence of
multiple words having the same meaning). If user and resource
profiles doesn’t share the same exact keywords, relevant
information can be missed or wrong documents could be
considered as relevant. EasyInfo uses an alternative method which
is able to learn semantic profiles that capture key concepts
representing user and resource contents. The implemented
semantic profiles contain references to some concepts defined in
lexicon or, in a more advanced step, to ontologies.

questions, etc.), the level of information (aimed at secondary
school students, graduate students, etc.), the prerequisites for
understanding information, or the quality of information. Some
example of semantic-based e-learning systems can be found in
Mendes and Sacks [11] and in Lytras and Naeve [9].

3.

SYSTEM DESCRIPTION

In order to substitute keywords with univocal concepts into user
and resource profiles we have to build a process called Word
Sense Disambiguation (WSD). Given a sentence, a WSD process
identifies the syntactical categories of words and interacts with an
ontology both to retrieve the exact concept definition and to
adopts some techniques for semantic similarity evaluation among
words. We use GATE [5] to identify the syntactic class of the
words and WordNet [6], which is one of the most used reference
lexicon in the Word Sense Disambiguation task.

Generally, recommendations are generated by using two main
techniques: content-based information filtering and collaborative
filtering [2]. If, on one hand, a content-based approach allows to
define and maintain an accurate user profile, which is particularly
valuable whenever a user encounters new content, on the other
hand it has the limitation of concerning only the significant
features describing the content of an item. Differently, in a
collaborative approach, resources are recommended according to
the rating of other users of the system with similar interests. Since
there is no analysis of the item content, collaborative filtering
systems can deal with any kind of item, not just limited to textual
content. In such a way, users can receive items with content that is
different from the one received in the past. Since a collaborative
system works well if several users evaluate each one of them, new
items cannot be recommended until some users have taken the
time to evaluate them and new users cannot receive
recommendation until the system has acquired some information
about the new user in order to make personalized predictions.
These limitations often refer to as the sparsity and start-up
problems [10]. By adopting a hybrid approach, a recommender
system is able to effectively filter relevant resources from a wide
heterogeneous environment like the Web, so as taking advantage
of common interests of the users and also maintaining the benefits
provided by content analysis.

GATE provides a number of useful and easily customizable
components, grouped to form the ANNIE (A Nearly-New
Information Extraction) component. These components eliminate
the need for users to keep re-implementing frequently needed
algorithms and provide a good starting point for new applications.
Further more, they implement various tasks from tokenization to
semantic tagging and co-reference, with an emphasis on
efficiency, robustness, and low- overhead portability, rather than
full parsing and deep semantic analysis.
WordNet is an online lexical reference system, which organizes
English nouns, verbs, adjectives and adverbs into synonym sets.
Each synset represents one sense, that is one underlying lexical
concept. Different relations link the synonym sets, such as IS-A
for verbs and nouns, IS-PART-OF for nouns, etc. Verbs and
nouns senses are organized into hierarchies forming a “forest” of
trees. For each keyword in WordNet, we can have a set of senses
and, in the case of nouns and verbs, a generalization path from
each sense to the root sense of the hierarchy. WordNet could be
used as a useful resource with respect to the semantic tagging
process and it has so far been used in various applications
including Information Retrieval, Word Sense Disambiguation,
Text and Document Classification and many others.
The main advantage of synset based profiling is that synonym
words can be considered belonging to the same concept
representation, allowing a more accurate profile definition.

Usually, this idea has been widely and successfully developed for
specific domains, like movie or film recommendations, and it’s
been rarely used for recommending learning objects (LOs) on Elearning environments. Our system uses a hybrid approach and
suitable representations of both available information sources and
user’s interests in order to match user informative needs and
available information as accurate as possible. In the next
paragraph, we are going to describe how to consider LO’s
structure to properly represent learning material and extract
metadata information. Because of the complexity of the system as
well as the heterogeneity and amount of data, the use of semantics
is crucial in this setting. For example, semantic description of
resources and student profiles can be used to cluster students or
resources with similar content or interests.

The general architecture of the developed EasyInfo module
consists of two levels. The first one is a Java level that manages
the user interaction, the documents to be analyzed and GATE
functions. The second one is a C level that enquiries WordNet and
stores document representation. More detailed, the Java level is
able to:
x
x

interact with the users to obtain a new document to process;
retrieve and analyse the document by using specified
parameter setting;
x
extract document information by using a multithread
architecture;
x
transmit obtained information to C level, by using Java
Native Interface (JNI) to integrate Java code and native
code. We implemented an ad hoc function to interface
WordNet libraries and JNI.
We want to find a subset of words related to each document the
system manages, which helps to discriminate between concepts.
In such a way, two documents or two users characterized as using

Semantic-based approach to filter and recommend relevant LOs
can be useful to address issues like trying to determine the type or
the quality of the information suggested from a personalized
learning environment. In this context, standard keyword search
has a very limited effectiveness. For example, it cannot filter for
the type of information (tutorial, applet or demo, review
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different keywords may result similar if considering underling
concept and not the exact terms. Web documents are the
collection of natural language written texts. In order to extract
important information from documents, we use the following
feature extraction pre-process. Firstly, we label occurrences of
each word in the document as a part of speech (POS) in grammar.
This POS tagger discriminates the POS in grammar of each word
in a sentence. After labelling all the words, we select those ones
labelled as noun and verbs as our candidates. We then use the
stemmer to reduce variants of the same root word to a common
concept and we filter the stop words.

Moreover, the implemented WSD procedure allows more accurate
document representation. For example, let us consider to process
two sentences containing the “mouse” polysemous word. The
disambiguation process applied to the first sentence “The white
cat is hunting the mouse.” produces the following WordNet
definition:

x

{2244530}: mouse – (any of numerous small rodents
typically resembling diminutive rats having pointed snouts
and small ears on elongated bodies with slender usually
hairless tails);
while the same process applied to the second sentence “The
mouse is near the pc.” produces the following result:

A vocabulary problem exists when a term is present in several
concepts; determining the correct concept for an ambiguous word
is difficult, so as deciding the concept of a document containing
several ambiguous terms. To handle the word sense
disambiguation problem we use similarity measures based on
WordNet. Budanitsky and Hirst [3] gave an overview of five
measures based on both semantic relatedness and semantic
distance considerations, and evaluated their performance using a
word association task.

x

{3651364}: mouse, computer mouse – (a hand-operated
electronic device that controls the coordinates of a cursor on
your computer screen as you move it around on a pad; on
the bottom of the mouse is a ball that rolls on the surface of
the pad; “a mouse takes much more room than a trackball”).
To the best of our knowledge, no systems use concept-based
semantic approach to model resource and user profiles in a
learning environment. The results obtained comparing keywordbased and concept-based models are described in the Section 5.

We considered two different similarity measures; the first one is
proposed by Resnik [13] while the second is proposed by
Leacock-Chodorow [8].

4.

The Resnik similarity measure is based on the information content
of the least common subsumer (LCS) of concepts A and B.
Information content is a measure of the specificity of a concept,
and the LCS of concepts A and B is the most specific concept that
is an ancestor of both A and B. The Leacock and Chodorow
similarity measure is based on path lengths between a pair of
concepts. It finds the shortest path between two concepts, and
scales that value by the maximum path length found in the is–a
hierarchy in which they occur.

In the early version of our system, we have adopted a
representation based on the Vector Space Model (VSM), the most
frequently used in Information Retrieval (IR) and text learning.
Since the resources of the system are Web pages, it has been
necessary to apply a sequence of contextual processing to the
source code of the pages in order to obtain a vector
representation. To filter information resources, according to user
interests, we must have a common representation both for the
users and the resources. This knowledge representation model
must be expressive enough to synthetically and significantly
describe the information content. The use of the VSM allows to
update the user profile in accordance with consulted information
resources [14].

We propose a combined approach based on the two described
measures considering both a weighted factor of the hierarchy
height and a sense offsets factor. We use the following similarity
measure:

sim
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RESOURCE REPRESENTATIONS

Many systems build document and user representations by taking
into account some words properties in the document, such as
their frequency and their co-occurrence. Nevertheless, we
described how a purely word based model is often not adequate
when the interest is strictly related to the resource semantic
content. We now describe how the novice user and resource
semantic profiles differ from the old ones in taking into account
words senses representing user and resource contents.

(# c1 # c 2 )
(# totc1 # totc 2 )

To guarantee a customizable architecture, the system needs to
construct and maintain user profiles. For a particular user, it is
reasonable to think that processing a set of correctly classified
relevant and inappropriate documents from a certain domain of
interest may lead to identify the set of relevant keywords for such
a domain at a certain time. Thus, the user domain specific sets of
relevant features, called prototypes, may be used to learn how to
classify documents. In particular, in order to consider the
peculiarity of positive and negative examples, we define positive
prototype for a class c_j, a user u_i at time t, as a finite set of
unique indexing terms, chosen to be relevant for c_j, up to time t.
Then, we define a negative prototype as a subset of the
corresponding positive one, whereas each element can be found at
least once in the set of documents classified as negative examples

d is the least common subsumer of concepts c1 and c2 , #cj is
concept j offset and #totcj is the total number of different senses.
The use of the described Word Sense Disambiguation step
reduces classification errors due to ambiguous words, so as
allowing a better precision in the succeeding recommendation and
sharing phases. For example, if the terms “procedure”,
“subprogram” and “routine” appear in the same resource, we
consider three occurrences of the same sysnset “{06494814}:
routine, subroutine, subprogram, procedure, function (a set
sequence of steps, part of larger computer program)” and not one
occurrence for each word.
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for class c_j. Positive examples for a specific user u_i and for a
class c_j, are represented by the explicitly registered documents
or accepted by u_i in c_j, while negative example are either
deleted bookmarks, misclassified bookmarks or rejected
bookmarks that happens to be classified into c_j.

context: represents the instructional level necessary to take
up a LO.
The difficulty level is explicitly loaded into our database (in most
cases, Learning Management Systems use this value). Difficulty
and the other cited values above are combined to characterize
technical level of learning material ranging from 0 to 1 and
representing how demanding is the LO. If some of these fields are
not present in the manifest file (they are not required), we
consider their average value.
4.

After the WSD, our resources are represented by using a list of
WordNet synsets obtained by the described architecture from the
words in the documents and their related occurrence. Our
hypothesis is that concept-based document and user
representations produce classification and recommendation of
documents with high semantic relevance with respect to the user
and resource models. The final goal of our investigation is to
compare the results of keyword-based with concept-based
profiles.

5.

Our system also considers the user’s skills to express cleverness
as regards different categories. This value ranges from 0 to 1 and
it initially depends on the context chosen from the user during
his/her registration (primary education, university level, and so
on). During the creation of a new category (for example, when a
lesson is saved) we consider the user’s skill value equal to the
resource technical level, presuming that if a user saves a learning
material then he could be able to make use of it. The user’s skill
level is updated when a new resource is saved, taking into account
its technical level and the user’s skills in that category. Starting
value for user’s skills parameter, its update frequency, the
increment or decrement value and the difference between
technical level and user’s skills necessary to obtain a
recommendation outcome from the following experimental tests.
They are easily adaptable, though.

EXPERIMENTAL DOMAIN

In the context of an e-learning system, additional readings in an
area cannot be recommended purely through a content analysis in
order to fit learners’ interests, but also pick up those
pedagogically suitable documents for them. Recker, Walker and
Lawless [12] present a web-based system where teachers and
learners can submit reviews about the quality of web resources,
without considering the pedagogical features of these educational
resource in making recommendation. Tang and McCalla [15]
propose two pedagogical features in recommendation: learner
interest and background knowledge. They also studied two
pedagogy-oriented recommendation techniques, content based
and hybrid recommendations, arguing that the second one is more
efficient to make “just-in time” recommendations. The following
paragraphs describe how we consider the resource content to
propose a fitted technique in a hybrid recommendation
framework.

We use artificial learners to get a flavour of how the system
works. We have created a SCORM compliant learning material
using the abstract of several papers in .html version from
scientific journals published on the web. We have linked an
imsmanifest SCORM file to each paper. Then, we have simulated
ten users with different initial profiles (based on the field of
interest and on the skill level) and saved, in four turns, ten
learning resources for each user, obtaining 400 LOs. The main
advantage of the described approach is the semantic accuracy
growth. To give a quantitative estimation of the improvement
induced by a concept based approach, we are executing a
comparative experiment between word-based user and resource
models on one side and concept-based user and resource models
on the other one. In particular, in order to evaluate the
collaborative recommendation techniques, we have considered
different initial student profiles. The several components
influencing the choice of recommendation receivers are:

The automatic recommendation of relevant learning objects is
obtained by considering students and learning material profiles
and by adopting filtering criteria based on the value of selected
metadata fields. Our experiments are based on SCORM compliant
LOs. For example, we use the student’s knowledge of domain
concept to avoid recommendation of highly technical papers to a
beginner student or popular-magazine articles to a senior graduate
student. For each student, the system evaluates and updates his
skill and technical expertise levels. The pre-processing component
developed to analyze the information maintained in LOs is able to
produce a vector representation that can be used by the
collaborative recommendation system.

x

user interest in the category of recommended resource: the
system maintains a user vs. category matrix that, for a
specific user, stores the number of times he shows interest
for a certain class, saving a bookmark in that class;
x
confidence level between users: we use a matrix
maintaining the user’s confidence factor, ranging from 0.1
to 1, to represent how many documents recommended by a
specific user are accepted or rejected by another one. The
confidence factor is not bi-directional;
x
relation between the class prototype of recommended
resource and the class prototype of other categories: to
obtain a fitting recommendation we apply the Pearson-r
correlation measure to a weighted user-category matrix in
which classes related to the class of the recommended
bookmark are enhanced.
To verify the effectiveness of the EasyInfo module on the
recommendation process, we have considered a certain snapshot
of the user/category matrix and of the confidence factor matrix.
Then, we have observed the behaviour of the system while

In SCORM, the organization and learning resources must be
included with the course and placed in an XML file with the name
imsmanifest.xml. The structure required for this file is detailed in
the SCORM content aggregation specification (http://
www.adlnet.org). We analyzed the imsmanifest.xml file in order
to extract .htm and .html files and examine the content, to obtain
the loading of any didactical source and its classification. We
consider the following metadata to provide the corresponding
technical level:
1.
2.
3.

difficulty: represents the complexity of the learning
material, ranging from “very easy” to “very difficult”;
interactivity level: represents the interactive format, ranging
from “very low” (only static content) to “very high”;
intended end user role: represents the user type (for example
student or teacher);
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performing the same recommendation task both using and without
using the EasyInfo extension.

7.

For simplicity, we have considered three users, user1, user2 and
user3 and three resources, r1, r2 and r3. In the first case,
whenever user1 saves (or accepts) r1, the system will recommend
it to user2 who have high interest in that topic (independently
from similarity among user’s profiles). The same resource will not
be recommended to user3 because the system is not able to
discover similarity between two students, by simply using wordbased user and resource models. In the second case, the same
resource could be also recommended to user3 that is conceptually
similar to user1, even if the similarity is not evident in a simple
word matching system. Moreover, EasyInfo module is able to
discover word sense similarities between r1 and r3 and to propose
r3 both to user2 and user3, so as allowing a better
personalization.

6.
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CONSIDERATIONS

The paper addresses key limitations with existing courseware on
the Internet. Humans want immediate access to relevant and
accurate information. There has been some progress in combining
learning with information retrieval, however, these advances are
rarely implemented in e-learning courseware. With this objective
in mind, we described how to perform automatic recommendation
of relevant learning objects considering student and learning
material profiles, adopting filtering criteria based on the value of
selected metadata fields and capturing not only structural but also
semantics information. We showed how the semantic
technologies can enhance the traditional keyword approach by
adding semantic information in the resource and user profiles. Our
experiments to test the system's functionality are based on
SCORM compliant LOs.
Summarizing, the key elements of the described system could be
highlighted as follows. The system provides immediate portability
and visibility from different user locations, enabling the access to
personal bookmark repository just by using a web browser. The
system assists students in finding relevant reading material
providing personalized learning object recommendation. The
system directly benefits from existing repositories of learning
material by providing access to open huge amount of digital
information. The system reflects continuous ongoing changes of
the practices of its member, as required by a cooperative
framework. The system proposes resource and student models
based on word senses rather than on simply words exploiting a
word sense based document representation.
As a future work, we are working to overcome the well-known
“tennis problem” [6] associated with many predefined ontologies
such as WordNet and to cover semantic relations between terms.
The problem is evident when related words occur in two different
parts of the ontology with no apparent link between them. For
example, “ball boy” could occur as a descendant of “male child”
and “tennis ball” as a descendant of “game equipment”, without
the possibility of associating them all as terms related to “tennis”
concept.
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Integrating Collaborative Filtering and Sentiment
Analysis: A Rating Inference Approach
Cane Wing-ki Leung and Stephen Chi-fai Chan and Fu-lai Chung 1
or sentiment classification (e.g. [18, 23, 7, 17]), is becoming increasingly popular in the text mining literature, its integration with
CF has only received little research attention. The PHOAKS system
described in [21] classifies web sites recommended by users in
newsgroup messages, but it does not involve mining user preferences
from texts.
This paper describes our proposed framework for integrating
sentiment analysis and CF. We take a rating inference approach
which infers numerical ratings from textual reviews, so that user
preferences represented in the reviews can easily be fed into existing
CF algorithms. The contributions of this approach are two-fold.
Firstly, it addresses the well-known data sparseness problem in CF by
allowing CF algorithms to use textual reviews as an additional source
of user preferences. Secondly, it enables extending CF to domains
where numerical ratings on products are difficult to collect, or where
preferences on domain items are too complex to be expressed as
scalar ratings. An example of such domains is travel and tourism, in
which most existing recommender systems are built upon content- or
knowledge-based techniques [20]. “Reviews” written by travelers on
tourism products or destinations, for instance, are available as travel
journals on TravelJournals.net [22]. Eliciting travelers’ preferences
from their travel journals may contribute to the development of more
advanced and personalized recommender systems.
We use an example to introduce the idea of rating inference and
the key tasks it involves. The paragraph below is extracted from a
movie review on IMDb:

Abstract. We describe a rating inference approach to incorporating
textual user reviews into collaborative filtering (CF) algorithms. The
main idea of our approach is to elicit user preferences expressed in
textual reviews, a problem known as sentiment analysis, and map
such preferences onto some rating scales that can be understood by
existing CF algorithms. One important task in our rating inference
framework is the determination of sentimental orientations (SO)
and strengths of opinion words. It is because inferring a rating
from a review is mainly done by extracting opinion words in the
review, and then aggregating the SO of such words to determine the
dominant or average sentiment implied by the user. We performed
some preliminary analysis on movie reviews to investigate how SO
and strengths of opinion words can be determined, and proposed
a relative-frequency-based method for performing such task. The
proposed method addresses a major limitation of existing methods
by allowing similar words to have different SO. We also developed
and evaluated a prototype of the proposed framework. Preliminary
results validated the effectiveness of various tasks in the proposed
framework, and suggest that the framework does not rely on a
large training corpus to function. Further development of our rating
inference framework is ongoing. A comprehensive evaluation of the
framework will be carried out and reported in a follow-up article.

1 INTRODUCTION
Collaborative Filtering (CF) is a promising technique in recommender systems. It provides personalized recommendations to users
based on a database of user preferences, from which users having
similar tastes are identified. It then recommends to a target user items
liked by other, similar users [5, 10].
CF-based recommender systems can be classified into two major
types depending on how they collect user preferences: user-log based
and ratings based. User-log based CF obtains user preferences from
implicit votes captured through users’ interactions with the system
(e.g. purchase histories as in Amazon.com [12]). Ratings based CF
makes use of explicit ratings users have given items (e.g. 5-star rating
scale as in MovieLens [6]). Such ratings are usually in or can easily
be transformed into numerical values (e.g. A to E).
Some review hubs, such as the Internet Movie Database (IMDb),
allow users to provide comments in free text format, referred to as
user reviews in this paper. User reviews can also be considered a
type of “user ratings”, although they are usually natural language
texts rather than numerical values. While research on mining user
preferences from reviews, a problem known as sentiment analysis
1
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This movie is quite good, but not as good as I would have
thought......It is quite boring......I just felt that they had nothing
to tell.......However, the movie is not all bad......the acting is
brilliant, especially Massimo Troisi.
In the above paragraph, the user (author) stated that the movie
being reviewed is “quite good” and “not all bad”, and the acting of
Massimo Troisi is “brilliant”. The user, however, also thought that the
movie is “is quite boring” and “had nothing to tell”. Given all these
positive and negative opinions, rating inference is about determining
the overall sentiment implied by the user, and map such sentiment
onto some fine-grained rating scale (the user-specified rating of the
above review was 5/10). This involves a few tasks:
1. User reviews are unstructured, natural language texts. Interesting
information, such as opinion words, have to be extracted from the
reviews for further analysis. This is usually done with the aid of
various natural language processing (NLP) techniques.
2. The sentimental orientations (SO) of the expressed opinions must
be identified [4]. This task is usually based upon a database of
opinion words with their predicted SO. This is a key step to the
correct elicitation of users preferences.
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We distinguish two possible approaches to rating inference based
on the related work. The first approach addresses rating inference
as a classification problem as proposed in Pang and Lee [17]. The
second approach is a simple “score assignment” approach similar
to Turney’s work [23], although such work only classifies reviews
as Recommended or Not Recommended. Our framework takes the
score assignment approach to investigate whether such approach is
effective for rating inference.

3. The strengths of the SO of the opinion words must also be determined [4]. For instance, both “excellent” and “good” represent
positive sentiments, but we know that the sentiment implied by
“excellent” is much stronger.
4. An overall rating can then be inferred from a review. This can be
done by aggregating or averaging the SO of the opinions words it
contains to determine the dominant or average sentiment.
The rest of this paper is organized as follows. Section 2 describes related work on sentiment analysis. Section 3 outlines the
proposed framework for inferring ratings from user reviews. Section
4 discusses preliminary results related to the modeling of SO and
strengths of opinion words, and finally Section 5 concludes the paper
by outlining our ongoing and future work.

3

THE PROPOSED FRAMEWORK

The proposed framework consists of two components. The first
component is responsible for analyzing user reviews and inferring
ratings from them, while the second one is a collaborative filter that
generates item recommendations based on the ratings inferred. Fig. 1
depicts an overview of the proposed framework.

2 RELATED WORK
Sentiment analysis aims at classifying user reviews according to
their sentiments [18, 23, 3, 16, 8, 4]. This section describes a few
sentiment analysis algorithms that are related to our work.
Turney [23] described the PMI-IR algorithm which computes
SO as the mutual information between phrases in user reviews and
two seed adjectives, “excellent” and “poor”. A phrase is considered
positive (resp. negative) if it is strongly associated with the word
“excellent” (resp. “poor”), and the overall SO of a review is determined by the average SO obtained by the phrases it contains. The
PMI-IR algorithm was tested on a few domains, and it was found
that movie reviews are more difficult to classify than the others. This
motivates some later work, including ours, to use the movie domain
for testing sentiment classifiers. The PMI-IR algorithm is capable of
determining the overall SO of user reviews, which is important for
rating inference, but is computationally very expensive.
Pang et al. [18] investigated whether it is appropriate to perform
sentiment analysis by using standard topic-based classification techniques. They concluded that sentiment analysis is a more difficult
task than topic-based classification, and that some discourse analysis
of reviews might improve performance. Our proposed framework
attempts to address such issue by tagging features that may be
important for determining the overall sentiments of reviews.
Hu and Liu [7, 8] presented an interesting approach to predicting
the SO of opinion words. Their approach first defines a small set of
seed adjectives having known sentiments, and automatically grows
the set using the synonym and acronym sets in WordNet [14],
assuming that similar meanings imply similar sentiments. The major
shortcoming of their approach with regard to rating inference is that
the strengths of opinion words cannot be determined. Our approach
addresses this by determining SO of opinions using a relativefrequency-based method as described in Section 3.3.
The algorithms introduced above classify sentiments as either
positive or negative. The rating inference problem has been discussed
recently in Pang and Lee [17], which proposed to classify reviews
into finer-grained rating scales using a multi-class text classifier.
A classifier assigns similar labels to similar items based on some
similarity functions. While term overlapping is a commonly used
similarity function, it does not seem effective in distinguishing
documents having different sentiments [17]. They therefore proposed
an alternative item similarity function, known as positive-sentence
percentage (PSP), defined as the number of positive sentences
divided by the number of subjective sentences in a review. We found
that the statistical distributions of opinion words in user reviews may
also be useful for rating inference as discussed in Section 4.2.

Figure 1. Overview of the proposed framework

The following subsections provide further details about the rating
inference component. It includes four major steps (highlighted in
boldface in Fig. 1), namely data preparation, review analysis, opinion
dictionary construction and rating inference. Our discussions only
focus on the rating inference component because, as noted, ratings
inferred from user reviews can be fed into existing CF algorithms.

3.1 Data Preparation
Data preparation involves collecting and preprocessing user reviews
for the subsequent analysis. Different preprocessing steps may be
required depending on the data sources. For example, if user reviews
are downloaded as HTML pages, the HTML tags and non-textual
contents they contain are removed in this step.
A user review is likely to be a semistructured document, containing some structured headers and an unstructured text body. A movie
review on IMDb, for example, contains structured headers including
a user (author) identity and a one-line summary, and unstructured
blocks of text, which are the user’s comments on the movie being
reviewed, written in natural language.
Sentiment analysis algorithms usually do not use information
other than the comments and the original ratings given by the users
(e.g. for performance evaluation), if any. Our framework, however,
extracts also the identities of users and the subject matters being
reviewed because they are useful for performing CF, and such
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information are retained to facilitate our future work. Since we focus
on rating inference in this paper, the term “reviews” hereafter refers
to the comments given by the users on the relevant subject matters.

movie is frightening!). This reveals that similar meanings may not
imply similar sentiments.
We propose to construct an opinion dictionary using a relativefrequency-based method. More specifically, this method estimates
the strength of a word with respect to a certain sentiment class as
the relative frequency of its occurrence in that class:

3.2 Review Analysis
The review analysis step includes several tasks that help identifying
interesting information in reviews, which are unstructured, natural
language texts. Some essential tasks include:

F (an , c)
F (an , ci )
c ∈C

OS(an , c) = P

(1)

i

In Eq. (1), OS(an , c) denotes the strength of an opinion word
an with respect to a particular sentiment class c. For instance,
OS(“good”, Positive) denotes the strength of the word “good”
with respect to the sentiment class Positive. c and ci are elements
in C, which is the set of sentiment classes that are used for
computing relative frequencies of opinion words (e.g. C = {Positive,
Negative}). F (an , c) and F (an , ci ) denote the frequency count of
an in reviews in c and ci respectively.

• Part-of-speech (POS) tagging. POS tagging is an important task
in our framework. As discussed in related studies, product features
in a user review are usually nouns or noun phrases, while user
opinions are usually adjectives or verbs (e.g. [3, 7]). POS tagging
therefore helps extracting such information from reviews. There
exist a variety of POS taggers in the NLP literature, and we
adopted a tool known as MontyLingua [13]. It was developed
based on the most well-known POS tagger by Brill [1] but with
improved tagging accuracy (around 97%). Note that this task
is language dependent, and our work only deals with English
reviews at the moment.
• Negation tagging. Some words have negation effects on other
words, and negation tagging aims at identifying such words and
reflecting their effects when determining the SO of reviews [2,
18, 3]. For example, “good” and “not good” obviously represent
opposite sentiments. Negation tagging identifies the existence of
the word “not”, and adds the tag “NOT ” to other words in the
same sentence based on some linguistic rules. We used fuzzy
string matching (using regular expressions) when identifying
negation words to handle word variants. For example, “cannot”,
“can’t” and “cant” are considered the same term.
• Feature generalization. Feature generalization, or metadata substitution [3], is about generalizing features that may be overly
specific. This task can be performed when attributes of domain
items are available. For the movie reviews domain, for example,
a sentence “Toy Story is pleasant and fun.”, in which “Toy
Story” is the name of the movie being reviewed, is generalized
to “ MOVIE is pleasant and fun.”. This facilitates rating inference
which involves assigning weights to product features as discussed
in Section 3.4.

3.4 Rating Inference
A review usually contains a mixture of positive and negative opinions
towards different features of a product, and rating inference aims at
determining the overall sentiment implied by the user. We attempted
to perform such task by aggregating the strengths of the opinion
words in a review with respect to different sentiment classes, and
then assigning an overall rating to the review to reflect the dominant
sentiment class.
Our score assignment approach to rating inference enables assigning weights to different opinion words according to their estimated
importance. Such importance may be determined by, for example,
the positions in the reviews where the opinion words appeared. In
[18, 15], for instance, opinions appeared in the first quarter, the
middle half and the last quarter of a given review are added the
position tags “F ”, “M ” and “L ” respectively. It was, however,
found that position information do not improve performance.
The product features on which opinions are expressed may also
be useful for determining weights of opinions, and this is facilitated
by the feature generalization task described in Section 3.2. Generally
speaking, opinions towards a product as a whole may be more useful
for determining the SO of a review. This also allows easy integration
with user-specified interest profiles if necessary (e.g. to address the
new user problem in CF [19]). For example, if a certain user of a
movie recommender system is particularly interested in a certain
actor, then the acting of that actor in a movie may have stronger
influence on the his overall sentiment towards the movie.

3.3 Opinion Dictionary Construction
Opinion dictionary construction is an important step in the proposed
framework as the overall SO of a review is computed based on those
of the opinion words it contains. An opinion dictionary contains
opinion words, their estimated SO and the strengths of their SO.
Determining the SO and strengths of opinion words is done
by answering the question: “Given a certain opinion word, how
likely is it to be a positive sentiment, and how likely is it to be
a negative one?”. Some related studies, such as [7, 9], adopted
word-similarity-based methods to do this. Such methods assume that
similar meanings imply similar sentiments, thus the SO of a word is
the same as that of its synonyms and is opposite to its antonyms.
We found that this assumption is not necessarily true based on
our analysis on movie reviews as discussed in Section 4.2. We use
an example to illustrate this. The terms “terrible” and “frightening”
are synonyms in WordNet [14], and both terms seem to be negative
sentiments. However, we found that “terrible” appeared in negative
reviews 75% of the time, whereas “frightening” appeared in negative
reviews only 29% of the time (consider the case where a horror

4

PRELIMINARY EXPERIMENTS

This section describes the dataset we used, and then reports our
results on two groups of experiments. As noted, we performed an
analysis on movie reviews to assist the opinion strengths determination task. Our observations are discussed in Section 4.2. We also
developed and evaluated a prototype of the proposed framework.
Some preliminary results are reported in Section 4.3.

4.1 Dataset
We collected movie reviews from IMDb for the movies in the
MovieLens 100k dataset, courtesy of GroupLens Research [10].
The MovieLens dataset contains user ratings on 1692 movies. We
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opinion words. Table 2 lists as examples the relative frequencies of
the most frequent opinion word (top 1) in each training set. Boldface
is used to highlight the highest relative frequency of each opinion
word. Such observation suggests that relative frequencies of opinion
words may help determining their SO and strengths. For example,
the word “best” appeared in T10 68% of the time. It may therefore
be considered a positive opinion word with the strength 0.68.

removed movies that are duplicated or unidentifiable (movies without names), and crawled the IMDb to download user reviews for
the remaining movies. We filtered out contributions from users
who have provided fewer than 10 reviews and reviews without
user-specified ratings, which will later be used for evaluating our
proposed framework. The resulting dataset contains approximately
30k reviews on 1477 movies, provided by 1065 users.
Each review contains a number of headers and a text body. The
headers include movie ID, user ID, review date, summary, which is
a one-line summary in natural language text written by the user, and
a rating, which is a user-specified number ranging from 1 (awful) to
10 (excellent). The text body is the user’s comments on the movie.

Table 2. Top 1 opinion words with relative frequencies.

4.2 Analysis on the Use of Opinion Words
Determining opinion strengths would be an easy task if a certain
opinion word always appears in reviews with a certain rating, for
example, if the word “brilliant” always appears in reviews rated as
10/10. This is, however, not likely to be true. A review may contain
both positive and negative opinions. This means a movie receiving a
high rating may also have some bad features, and vice versa.
We performed some preliminary experiments to analyze the use
of opinion words in user reviews. By doing so, we hope to discover
interesting usage patterns of opinion words that can help determining
opinion strengths. We first performed the tasks described in Sections
3.1 and 3.2 on the dataset. We then randomly sampled three training
sets, namely T10, T5 and T1, each containing 500 reviews whose
user-specified ratings were 10/10, 5/10 and 1/10 respectively. These
ratings were chosen as they seem to be appropriate representative
cases for Positive, Neutral and Negative sentiments. We used a
program to extract opinion words, which are words tagged as
adjectives [7], and compute their frequency counts in each of the
training sets. Some frequent opinion words were further analyzed.
The number of distinct opinion words appeared in the training
sets is 4545, among which 839 (around 18.5%) appeared in two
of the three training sets, and 738 (around 16.2%) appeared in all
three. We further examined opinion words that appeared in more than
one training set. Table 1 lists, due to space constraint, the 10 most
frequent opinion words (top 10) of this kind in each training set in
descending order of their frequency counts. In the table, the number
in brackets following an opinion word is its relative frequency in the
particular training set. Boldface is used to highlight words having the
highest relative frequency among the three training sets.

Opinion words with relative frequencies

T10

best (0.68), great (0.66), good (0.33), many
(0.47), first (0.38), classic (0.71), better (0.30),
favorite (0.75), perfect (0.75), greatest (0.85)
good (0.39), more (0.54), much (0.51), bad
(0.35), better (0.41), other (0.32), few (0.73),
great (0.21), first (0.34), best (0.19)
bad (0.65), good (0.28), worst (0.89), much
(0.49), more (0.46), other (0.28), first (0.28),
better (0.29), many (0.24), great (0.14)

T5

T1

Understood
SO (strength)

Relative frequencies in:
T10
T5
T1

best
good
bad

positive (strong)
positive (mild)
negative (strong)

0.68
0.33
0

0.19
0.39
0.35

0.13
0.28
0.65

Secondly, almost 35% of all opinion words, including those having
clear and strong understood SO (e.g. “best”), appeared in more
than one training set. We model this fact by adopting the fuzzy set
concept [24], which means that an attribute can be a member of
some fuzzy sets to certain membership degrees in the range [0,1],
determined by some membership functions. In the context of our
work, the “membership degree” of a word with respect to a sentiment
class is determined by the relative frequency of the word in the
corresponding training set. For instance, the word “best” has SO
Positive, Neutral and Negative with strengths 0.68, 0.19 and 0.13
respectively. The use of fuzzy sets to model user ratings in CF has
recently been proposed in [11], but our work deals with a different
problem as we adopt the fuzzy set concept to model SO and opinion
strengths.
Thirdly, the SO of opinion words determined by the relativefrequency-based method may not agree with their generally understood SO. An example is the word “frightening” which seems to be
a negative sentiment. Its relative frequency in T1, however, is only
0.29. Based on this observation, we further conclude that synonyms
do not necessarily have the same SO. For instance, “terrible” is a
synonym of “frightening” in WordNet, but its relative frequency in
T1 is 0.75. Recall that word-similarity-based methods make use of a
set of seed adjectives and the similarities between word meanings
to determine SO of opinion words [7, 9]. Our analysis, however,
indicates that similar meanings may not imply similar sentiments.
This suggests that our relative-frequency-based method overcomes
a major limitation of the word-similarity-based methods, because it
allows similar words to have different SO.
To sum up, we propose a relative-frequency-based method for
determining the SO and strengths of opinion words. This method
overcomes a major limitation of word-similarity-based methods, and
allows opinion words to have multiple SO.

Table 1. Top 10 opinion words with relative frequencies.

Training set

Opinion
word

4.3 Evaluation of the Proposed Framework
We developed and evaluated a prototype of the proposed framework.
The evaluation aims at investigating the effects of the various key
tasks in the framework, and exploring future research directions
towards more accurate rating inference. We measured the accuracies
produced by the proposed framework in rating reviews with respect
to a 2-point and a 3-point scale. The 2-point scale was chosen to
facilitate our future work on comparing our work with related work,
and the 3-point scale was used as it was suggested in [17] that

Our observations are summarized as follows. Firstly, the relative
frequencies of positive opinion words are usually, but not always,
the highest in T10 and the lowest in T1, and vice versa for negative

65

human raters would do well in classifying reviews into 3 classes.
The original ratings in the dataset were transformed from a 10-point
scale into 2-point and 3-point scales to facilitate our experiments.
Only major observations from the experiments are summarized
in this paper due to space constraint. Firstly, our hypothesis that
opinions towards a product as a whole are more important for
determining the overall SO of reviews is proven correct. Doubleweighting features representing movies produces higher accuracies.
Secondly, addressing the contextual effects of negation words using
negation tagging improves accuracies slightly. This suggests that
the task is useful, but we shall consider more advanced opinion
extraction techniques in our future work. Thirdly, excluding opinion
words having weak or ambiguous SO improves accuracies. More
specifically, a rating of a review is determined by the strengths
of the SO of the opinion words it contains. When computing the
strengths of opinion words with respect to a certain SO, considering
only opinion words having strengths above a certain threshold
resulted in higher accuracies than using all opinion words. Lastly,
our framework does not rely on a large training corpus to function,
and its performance improves as more reviews become available. We
performed a group of experiments to rate reviews based on opinion
dictionaries built using different sizes of training set. When the size
of training set reduced greatly from 1000 to 200, accuracies achieved
using the 2-point and the 3-point scales dropped only by 2% and
1.5% respectively. Such finding is encouraging because it suggests
that our framework can be applied to domains where only a small
number of labeled reviews (reviews with ratings) are available.
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5 CONCLUSIONS AND FUTURE WORK
We propose a rating inference approach to integrating sentiment
analysis and CF. Such approach transforms user preferences expressed as unstructured, natural language texts into numerical scales
that can be understood by existing CF algorithms.
This paper provides an overview of our proposed rating inference
framework, including the steps it involves and the key tasks and
design issues in each step. It also discusses our preliminary analysis
on the use of opinion words. The purpose of such analysis was to
investigate how opinion strengths can be determined and modeled in
our proposed framework. We conclude that opinion words can have
multiple SO and strengths, and propose a relative-frequency-based
method to determine SO and strengths of opinion words. This paper
also outlines preliminary results of an evaluation of the proposed
framework. Further development of the framework is still ongoing.
More detailed descriptions about the framework and comprehensive
results will be reported in a follow-up article.
As noted, our rating inference approach transforms textual reviews
into ratings to enable easy integration of sentiment analysis and CF.
We nonetheless recognize the possibility to perform text-based CF
directly from a collection of user reviews. A possible solution is
to model text-based CF as an information retrieval (IR) problem,
having reviews written by a target user as the “query” and those
written by other similar users as the “relevant documents”, from
which recommendations for the target user can be generated. This
remains as an interesting research direction for future work.
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A Collaborative Recommendation Framework for
Ontology Evaluation and Reuse
Iván Cantador1, Miriam Fernández1, Pablo Castells1
Abstract. Ontology evaluation can be defined as assessing the
quality and the adequacy of an ontology for being used in a specific context, for a specific goal. Although ontology reuse is being
extensively addressed by the Semantic Web community, the lack
of appropriate support tools and automatic techniques for the
evaluation of certain ontology features are often a barrier for the
implementation of successful ontology reuse methods. In this
work, we describe the recommender module of CORE [5], a system for Collaborative Ontology Reuse and Evaluation. This module has been designed to confront the challenge of evaluating those
ontology features that depend on human judgements and are by
their nature, more difficult for machines to address. Taking advantage of collaborative filtering techniques, the system exploits the
ontology ratings and evaluations provided by users to recommend
the most suitable ontologies for a given domain. Thus, we claim
two main contributions: the introduction of collaborative filtering
notion like a new methodology for ontology evaluation and reuse,
and a novel recommendation algorithm, which considers specific
user requirements and restrictions instead of general user profiles
or item-based similarity measures.

1

The tool makes two main steps in the recommendation process.
Firstly, it returns the ontologies most similar to the given Golden
Standard. For similarity assessment, a user of CORE selects a subset from a list of comparison techniques provided by the system
setting a number of standard ontology evaluation criteria to be applied. The system thus retrieves a ranked list of ontologies for each
criterion. Afterwards, a unique ranking is defined by means of a
global aggregated measure, which combines the different selected
criteria using rank fusion techniques [2][12]
Secondly, once the system has retrieved those ontologies
closely related to the Golden Standard, it performs a novel collaborative filtering strategy to evaluate and re-rank the considered ontologies. Since some ontology features can only be assessed by
humans, this last evaluation step takes into consideration the manual feedback provided by users. Thus, the final ranked list will not
only contain those ontologies that best fit the Golden Standard, but
also the most qualified ones according to human evaluations.
The rest of the paper has the following structure. Section 2
summarizes relevant work related to our research. The system architecture is presented in Section 3, and our collaborative ontology
recommendation algorithm is described in Section 4. Finally, some
conclusions and future research lines are given in Section 5.

INTRODUCTION
2

The Semantic Web is envisioned as a new flexible and structured
Web that takes advantage of explicit semantic information, understandable by machines, and therefore classifiable and suitable for
sharing and reuse in a more efficient, effective and satisfactory
way. In this vision, ontologies are proposed as the backbone technology to supply the required explicit semantic information.
Developing ontologies from scratch is a high-cost process that
requires major engineering efforts, even when dealing with medium-scale ontologies. In order to properly face this problem, efficient ontology evaluation and reuse techniques and methodologies
are needed. The lack of appropriate support tools and automatic
measurement techniques for evaluating certain ontology features
carries a shortage of information that is often a barrier for the successful of ontology reuse. Hence, in every day life we have to
make choices considering incomplete information about the characteristics of the items that can be selected, and the whole set of
available alternatives. It is in these situations, when we request our
friends’ knowledge and experience to be capable of taking the most
appropriate decision. In this work, we shall exploit the benefits of
the above natural social process to improve the actual approaches
on ontology evaluation and reuse.
Specifically, we shall describe in detail the recommendation
module of CORE [5], a Collaborative Ontology Reuse and Evaluation system. This tool provides automatic similarity measures for
comparing a certain problem or Golden Standard to a set of available ontologies, and recommends not only those ontologies most
similar to the domain of interest, but also the best rated ones by
prior ontology users, according to several selected criteria.

Our research addresses problems in different areas, where we draw
from prior related work. In this paper we will focus our attention in
two main topics: ontology evaluation and reuse, and collaborative
filtering.
Different methodologies for ontology evaluation have been
proposed in the literature considering the characteristics of the ontologies and the specific goals or tasks that the ontologies are intended for. An overview of ontology evaluation approaches is
presented in [4], where four different categories are identified:
those that evaluate an ontology by comparing it to a Golden Standard, or representation of the problem domain; those that evaluate
the ontologies by plugging them in an application, and measuring
the quality of the results that the application returns; those that
evaluate ontologies by comparing them to unstructured or informal
data (e.g. text documents) which represent the problem domain;
and those based on human interaction to measure ontology features
not recognizable by machines.
In each of the above approaches, a number of different evaluation levels might be considered to provide as much information as
possible. Several levels can be identified in the literature: the lexical level, which compares the lexical entries of the ontology with a
set of words that represent the problem domain; the taxonomy
level, which considers the hierarchical connection between concepts using the is-a relation; the measurement of other semantic relations besides hierarchical ones; the syntactic level, which
considers the syntactic requirements of the formal language used to
describe the ontology; the context or application level, which con-
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This module has been designed to confront the challenge of
evaluating those ontology features that are by their nature, more
difficult for machines to address. Where human judgment is required, the system will attempt to take advantage of collaborative
filtering recommendation techniques [3][6][14]. Some approaches
for ontology development [15] have been presented in the literature
concerning collaboration techniques. However to our knowledge,
collaborative filtering strategies have not yet been used in the context of ontology reuse.

siders the context of the ontology; and the structure, architecture
and design levels which take into account the principles and criteria involved in the ontology construction itself.
On the other hand, collaborative filtering strategies
[1][7][10][13] make automatic predictions (filter) about the interests of a user by collecting taste information from many users (collaborating). These predictions are specific to the user, differently to
those given by more simple approaches that provide average scores
for each item of interest; for example based on its number of votes.
Collaborative filtering is a widely explored field. Three main
aspects typically distinguish the different techniques reported in the
literature [9]: user profile representation and management, filtering
method, and matching method.
User profile representation and management can be divided
into five different tasks: Profile representation (accurate profiles
are vital to ensure recommendations are appropriate and that users
with similar profiles are in fact similar); Initial profile generation
(the user is not usually willing to spend too much time in defining
her/his interests to create a personal profile. Moreover, user interests may change dynamically over time); Profile learning (user
profiles can be learned or updated using different sources of information that are potentially representative of user interests); Profile
adaptation (techniques are needed to adapt the user profile to new
interests and forget old ones as user interests evolve with time).
Filtering method. Products or actions are recommended to a
user taking into account the available information (items and profiles). There are three main information filtering approaches for
making recommendations: Demographic filtering (descriptions of
people are used to learn the relationship between a single item and
the type of people who like it); Content-based filtering (the user is
recommended items based on descriptions of items previously
evaluated by other users); Collaborative filtering (people with
similar interests are matched and then recommendations are made).
Matching method. Defines how user interests and items are
compared. Two main approaches can be identified: User profile
matching (people with similar interests are matched before making
recommendations); User profile-item matching (a direct comparison is made between the user profile and the items).
In CORE, a new ontology evaluation measure based on collaborative filtering is proposed, considering user’s interest and previous human assessments of the ontologies.

3

Figure 1. CORE architecture

Several issues have to be considered in a collaborative system.
The first one is the representation of user profiles. The type of user
profile selected for our system is a user-item rating matrix (ontology evaluations based on specific criteria). The initial profile is designed as a manual selection of five predefined criteria [11]:
x Correctness: specifies whether the information stored in the ontology is true, independently of the domain of interest.
x Readability: indicates the non-ambiguous interpretation of the
meaning of the concept names.
x Flexibility: points out the adaptability or capability of the ontology to change.
x Level of Formality: highly informal, semi-informal, semiformal, rigorously-formal.
x Type of model: upper-level (for ontologies describing general,
domain-independent concepts), core-ontologies (for ontologies
describing the most important concepts on a specific domain),
domain-ontologies (for ontologies describing some domain of
the world), task-ontologies (for ontologies describing generic
types of tasks or activities) and application-ontologies (for ontologies describing some domain in an application-dependent
manner).
The above criteria can be divided in two different groups: 1)
the numeric criteria (correctness, readability and flexibility) that
are represented by discrete integer values from 0 to 5, where 0 indicates the ontology does not fulfil the criterion, and 5 indicates the
ontology completely satisfies it, and, 2) the Boolean criteria (level
of formality and type of model) which are represented by a specific
value that is either satisfied by the ontologies, or not. The collaborative module does not implement any profile learning or relevance
feedback technique to update user profiles but, they can be modified manually.
After the user profile has been defined, it is important to select
an appropriate type of filtering. For this work, a collaborative fil-

SYSTEM OVERVIEW

In this section we describe the architecture of CORE, our Collaborative Ontology Reuse and Evaluation environment, focusing our
attention on the collaborative recommender module. Figure 1
shows an overview of the system.
We distinguish three different modules. The first one, the left
module in the figure, receives the Golden Standard definition as a
set of initial terms, and allows the user to modify and extend it using WordNet [8]. This model of representation of the Golden Standard will not be explained here but could also be considered a
novelty of our tool. The second one, represented in the centre of
the figure, allows the user to select a set of ontology evaluation criteria provided by the system to recover the ontologies closest to the
given Golden Standard. In this module we have introduced a novel
lexical evaluation measure that exploits the semantic information
stored in the Golden Standard model. The module also takes advantage of rank fusion techniques combining all the different
evaluation criteria to obtain a final ontology raking. The third one,
on the right of the figure, is the collaborative recommender module
that re-ranks the list of recovered ontologies, taking into consideration previous feedback and evaluations of the users.
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tering technique has been chosen; this means, ontologies (our content items) are recommended based on previous user evaluations.
Finally, a matching strategy must also be selected for the recommendation process. In this work, a new technique for user profile-item matching is proposed. This novel algorithm will be
explained in detail in section 4.
The right portion of Figure 2 shows the Collaborative Evaluation module. At the top level the user’s interest can be selected as a
subset of criteria with associated values, representing those thresholds that manual ontology evaluations should fulfil. For example,
when a user sets a value of 3 for the correctness criterion, the system recognizes he is looking for ontologies whose correctness
value is greater than or equal to 3. Once the user’s interests have
been defined, the set of manual evaluations stored in the system is
used to compute which ontologies fit his interest best. The intermediate level shows the final ranked list of ontologies recommended by the module. To add new evaluations to the system, the
user has to select an ontology from the list and choose one of the
predetermined values for each of the five aforementioned criteria.
The system also allows the user to add some comments to the ontology evaluation in order to provide more feedback.

4

COLLABORATIVE ONTOLOGY EVALUATION AND RECOMMENDATION

In this section, we describe a novel ontology recommendation algorithm that exploits the advantages of collaborative filtering, and
explores the manual evaluations stored in the system, for ranking
the set of ontologies that best fulfils the user’s interests.
As we explained in Section 3, user evaluations are represented
as a set of five defined criteria and their respective values, manually determined by the users who made the evaluations. These criteria can have discrete numeric or non-numeric values. Moreover,
user interests are expressed like a subset of the above criteria, and
their respective values, meaning thresholds or restrictions to be satisfied by user evaluations.
Thus, a numeric criterion will be satisfied if an evaluation
value is equal or greater than that expressed by its interest threshold, while a non-numeric criterion will be satisfied only when the
evaluation is exactly the given “threshold” (i.e. in a Boolean or
yes/no manner).
According to both types of user evaluation and interest criteria,
numeric and Boolean, the recommendation algorithm will measure
the degree in which each user restriction is satisfied by the evaluations, and will recommend a ranked ontology list according to
similarity measures between the thresholds and the collaborative
evaluations. Figure 4 shows all the previous definitions and ideas,
locating them in the graphical interface of the system.

Figure 2. CORE graphical user interface

One more action has to be performed to visualize the evaluation results of a specific ontology. Figure 3 shows the user’s
evaluation module. On the left side, we can see the summary of the
existing ontology evaluations with respect to the user’s interests. In
the figure, 3 of 6 evaluations of the ontology have fulfilled the correctness criteria, 5 of 6 evaluations have fulfilled the readability
criteria, and so on. On the right side, we can see how the system
enables the user to observe all the stored evaluations about a specific ontology. This might be of interest since we may trust some
users more than others during the Collaborative Filtering process.

Figure 4. Two different types of user evaluation and interest criteria: numeric and Boolean

To create the final ranked ontology list the recommender module follows two phases. In the first one it calculates the similarity
degrees between all the user evaluations and the specified user interest criteria thresholds. In the second one it combines the similarity measures of the evaluations, generating the overall rankings of
the ontologies.

4.1 Similarity Measures for Collaborative Evaluation
In the current version of our system a user evaluate a specific ontology considering five different criteria (see Section 3). These five
criteria can be divided in two different groups: 1) the numeric criteria (correctness, readability and flexibility), which take discrete
numeric values [0, 1, 2, 3, 4, 5], where 0 means the ontology does
not fulfil the criterion, and 5 means the ontology completely satisfy
the criterion, and, 2) the Boolean criteria (level of formality and
type of model), which are represented by specific non-numeric
values that can be or not satisfied by the ontology.

Figure 3. User evaluations in CORE
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Thus, user interests are defined as a subset of the above criteria, and their respective values representing the set of thresholds
that should be reached by the ontologies.
Given a set of user interests, the system will size up all the
stored evaluations, and will calculate their similarity measures. To
explain these similarities we shall use a simple example of six different evaluations (E1, E2, E3, E4, E5 and E6) of a certain ontology.
In the explanation we shall distinguish between the numeric and
the Boolean criteria.
We start with the Boolean ones, assuming two different criteria, C1 and C2, with three possible values: “A”, “B” and “C”. In
Table 1 we show the “threshold” values established by a user for
these two criteria, “A” for C1 and “B” for C2, and the six evaluations stored in the system.

similarity num ( criterionmn )
*

1 similarity num ( criterionmn )· penalty num (threshold mn ) • [0, 2]

This measure will also return values between 0 and 2. The idea
of returning a similarity value between 0 and 2 is inspired on other
collaborative matching measures [13] to not manage negative
numbers, and facilitate, as we shall show in the next subsection, a
coherent calculation of the final ontology rankings.
The similarity assessment is based on the distance between the
value of the criterion n in the evaluation m, and the threshold indicated in the user’s interests for that criterion. The more the value of
the criterion n in evaluation m overcomes the threshold, the greater
the similarity value shall be.
Specifically, following the expression below, if the difference
dif = (evaluation – threshold) is equal or greater than 0, we assign
a positive similarity in (0,1] that depends on the maximum difference maxDif = (maxValue – threshold) we can achieve with the
given threshold; and else, if the difference dif is lower than 0, we
give a negative similarity in [-1,0), punishing the distance of the
value with the threshold.

Table 1. Threshold and evaluation values for Boolean criteria C1 and C2
Evaluations
Criteria

Thresholds

C1

“A”

C2

“B”

E1

E2

E3

E4

E5

E6

“A”

“B”

“A”

“C”

“A”

“B”

“A”

“A”

“B”

“C”

“A”

“A”

In this case, because of the threshold of a criterion n is satisfied
or not by a certain evaluation m, their corresponding similarity
measure is simply 0 if they have the same value, and 2 otherwise.

similaritybool ( criterionmn )

-0
®
¯2

*
similaritynum ( criterionmn )

if evaluationmn z threshold mn
if evaluationmn

threshold mn

- 1 dif
°°1 maxDif • (0,1]
®
° dif • [ 1, 0)
°̄ threshold

if dif t 0

if dif

0

Table 4 summarizes the similarity* values for the three numeric criteria and the six evaluations of the example.

The similarity results for the Boolean criteria of the example
are shown in Table 2.

Table 4. Similarity* values for numeric criteria C3, C4 and C5
Evaluations

Table 2. Similarity values for Boolean criteria C1 and C2
Evaluations
Criteria

Thresholds

E1

E2

E3

E4

E5

E6

C1

“A”

2

0

2

0

2

0

C2

“B”

0

0

2

0

0

0

For the numeric criteria, the evaluations can overcome the
thresholds to different degrees. Table 3 shows the thresholds established for criteria C3, C4 and C5, and their six available evaluations.
Note that E1, E2, E3 and E4 satisfy all the criteria, while E5 and E6
do not reach some of the corresponding thresholds.

Thresholds

E1

E2

E3

E4

E5

E6

C3

•3

3

4

5

5

2

0

C4

•0

0

1

4

5

0

0

C5

•5

5

5

5

5

4

0

Thresholds

E1

E2

E3

E4

E5

E6

C3

•3

1/4

2/4

3/4

3/4

-1/3

-1

C4

•0

1/6

2/6

5/6

1

1/6

1/6

C5

•5

1

1

1

1

-1/5

-1

Comparing the evaluation values of Table 3 with the similarity
values of Table 4, the reader may notice several important facts:
1. Evaluation E4 satisfies criteria C4 and C5 with assessment values of 5. Applying the above expression, these criteria receive
the same similarity of 1. However, criterion C4 has a threshold
of 0, and C5 has a threshold equal to 5. As it is more difficult to
satisfy the restriction imposed to C5, this one should have a
greater influence in the final ranking.
2. Evaluation E6 gives an evaluation of 0 to criteria C3 and C5, not
satisfying either of them and generating the same similarity
value of -1. Again, because of their different thresholds, we
should distinguish their corresponding relevance degrees in the
rankings.
For these reasons, a threshold penalty factor is applied, reflecting how difficult it is to overcome the given thresholds. The more
difficult to surpass a threshold, the lower the penalty value shall be.

Table 3. Threshold and evaluation values for numeric criteria C3, C4 and C5
Evaluations
Criteria

Criteria

In this case, the similarity measure has to take into account two
different issues: the degree of satisfaction of the threshold, and the
difficulty of achieving its value. Thus, the similarity between the
value of criterion n in the evaluation m, and the threshold of interest is divided into two factors: 1) a similarity factor that considers
whether the threshold is surpassed or not, and, 2) a penalty factor
which penalizes those thresholds that are easier to be satisfied.

penaltynum (threshold )

1 threshold

• (0,1]

1 maxValue

Table 5 shows the threshold penalty values for the three numeric criteria and the six evaluations of the example.
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Table 5. Threshold penalty values for numeric criteria C3, C4 and C5
Evaluations
Criteria

Thresholds

E1

E2

E3

E4

E5

E6

C3

•3

4/6

4/6

4/6

4/6

4/6

4/6

C4

•0

1/6

1/6

1/6

1/6

1/6

1/6

C5

•5

1

1

1

1

1

1

5

We have presented CORE, a new tool for ontology evaluation and
reuse, the main novel features of which include: a new Golden
Standard model, new lexical evaluation criteria, the application of
rank fusion techniques to combine different content ontology
evaluation measures, and the use of a novel collaborative filtering
strategy that takes advantage of user opinions in order to automatically evaluate features that only can be assessed by humans.
The collaborative module recommends those ontologies that
best fit a certain problem domain, and have been best evaluated by
the users of the system according to given specific evaluation criteria and restrictions. It is important to note here that although we
have applied our recommendation method for assessing ontologies,
it could be used in other very different applicative fields.
At the time of writing we are conducting initial experiments,
not explained in this paper, that have been developed using a set of
ontologies from the Protégé OWL repository2. The early results are
clearly positive, but a more detailed and rigorously experimentation is needed in order to draw more conclusive and statistically
significant observations.

The similarity results for the numeric criteria of the example
are shown in Table 6.
Table 6. Similarity values for numeric criteria C3, C4 and C5
Evaluations
Criteria

Thresholds

E1

E2

E3

E4

E5

E6

C3

•3

1.17

1.33

1.5

1.5

0.78

0.33

C4

•0

1.03

1.05

1.14

1.17

1.03

1.03

C5

•5

2

2

2

2

0.5

0

As a preliminary approach, we calculate the similarity between
an ontology evaluation and the user’s requirements as the average
of its N criteria similarities.
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Recommender Systems for the Semantic Web
Antonis Loizou1 and Srinandan Dasmahapatra 1
These shortcomings reflect the lack of computational support for
humans who are interested in items they, or the people who usually
share their taste haven’t previously come across. In addition, such
systems do not allow for shifts of the user’s interest over time, since
all ratings provided by a user have an equal bearing on the recommendation selection. To clarify this point consider the following conceptualisation: A user X has provided high ratings only for items in
some set A, however (s)he is now only interested in items from another set, B. A conventional RS will not be able to recommend items
from set B until enough ratings are provided for items in B, in order
for them to dominate in the clustering and selection processes. This
means that a system shouldn’t become stable, and that the classification of the same items to different classes, at different times, may
be deemed correct, something that would be unacceptable in most
machine learning contexts. To account for this requirement of time
dependance on users’ preference context, conventional architectures
recompute their user clusters periodically, effectively choosing a different training set every time. This can aggravate problems caused
by data sparsity, and important modelling decisions about transitions
between user needs have to be addressed.
Furthermore, while it is apparent that an artifact’s features have
a bearing on whether it appears interesting or not, users may not be
able to identify its desirable characteristics at the outset. For instance,
someone who wants to buy a new car might only specify ”I want a
black car” to begin with. Instead of buying the first black car available, s/he might look at a variety of black cars and as their knowledge of cars grows in the process, discover other possible features of
interest, or even come across an unusual opportunity and end up buying a different coloured car. This would suggest that for a RS to be
successful, it needs to be able to identify which of an item’s features
may potentially be of interest to the user, against a variety of possible
modes of generalisation.
To overcome such issues, a system should be able to consider
the semantics of both the recommendation context and those of the
items at hand to constrain the recommendation process. Information specific to the recommendation context for both user clustering
and content-based comparisons have been shown to improve overall
recommendation performance [3, 17, 21]. By incorporating relevant
contextual information into a recommendation model, we enable the
system to evaluate the appropriateness of a given recommendation
based on some heuristics, for example the time of recommendation
or the utility of the recommended item to the user with respect to a
predefined goal[1, 6, 9].
The system proposed in this paper is one designed to choose appropriate input and output spaces dynamically, in a manner that will
allow for real time recommending, matching the variable temporal
and contextual recommendation requirements while still performing the bulk of the computation off-line. The system architecture has
been designed to allow this flexibility, which we describe in the next

Abstract.
This paper presents a semantics-based approach to Recommender
Systems (RS), to exploit available contextual information about both
the items to be recommended and the recommendation process, in
an attempt to overcome some of the shortcomings of traditional RS
implementations. In particular we investigate how arbitrary, unseen
resources from external domains can be imported into a recommendation scheme without compromising predictive ability. An ontology
is used as a backbone to the system, while multiple web services are
orchestrated to compose a suitable recommendation model, matching the current recommendation context at run-time. To achieve such
dynamic behaviour the proposed system tackles the recommendation
problem by applying existing RS techniques on three different levels:
the selection of appropriate sets of features, recommendation model
and recommendable items. The domain of music preference predictions is chosen as an evaluation test-bed and intermediate results are
presented.

1 INTRODUCTION AND PROBLEM
While much work has been done in the Recommender System (RS)
domain over the past decade [18] and though such systems have been
deployed commercially, eg. [10], recent research in the area seems to
have reached a standstill. Intuitively, one may suggest this is due to
the fact that the recommendation problem has been solved, deeming
further research into the area unnecessary. However, upon deeper inspection and by empirically evaluating such commercially deployed
systems, it becomes evident that this is not the case [19].
In the majority of current RS implementations, items are recommended to users through some flavour of Collaborative Filtering (CF)
[4, 16, 23], a method that assesses the similarity between user profiles to predict ratings for unseen items. The shortcoming of such
a method rests in its assumption that active users will respond positively to unseen items rated highly by similar users. As most users are
not inclined to rate previously seen items, only a few items will receive ratings. This limited data – the ‘cold start’ problem [21] – renders similarity metrics not sensitive enough to distinguish between
users, particularly new ones introduced to the system. Hence, the
most highly rated items from anyone are recommended.
Alternatively, in Content Based (CB) approaches, the items of possible interest are indexed in terms of a set of automatically derived
descriptive features, and unseen items with similar attributes to those
rated highly by the user are recommended. A drawback of the CB
method is that it recommends items interchangeable to the ones rated
highly by users, by virtue of its focus on items’ features, ignoring potential user requirements. The two approaches are often combined in
Hybrid RS to achieve improvements in the quality of recommendations [1, 3].
1
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that have performed well in the past with the domain experts as
well as with the active user and similar recommendation contexts,
to compose an appropriate system configuration. Different components will be optimised for recommending items in specific subspaces and may contain prior knowledge as to which attributes
of specific classes of items carry more weight regardless of the
relationships present in the active users ontology, thus allowing
recommendations to be based on facts unknown to the user. The
unseen items of the highest relevance to the current context in the
selected subspace, that have received high aggregate ratings by the
domain experts are recommended to the active user.

section. We have experimented with various evaluation models to
identify the sources of potential improvement in this dynamic architecture, in the context of a case study in the domain of music preference prediction. This work is presented in Section 3. Finally, in
Section 4, we conclude with a discussion of our results and identify
directions for future work.

2 PROPOSED SYSTEM ARCHITECTURE
Assuming that the human selection process is best modelled through
a dynamic function that operates on some subset of an artifact’s attributes and other contextual variables, the proposed architecture employs a variety of Web Services (WS), each capable of performing
a subroutine of the recommendation process. The recommendation
process in this architecture is split into three distinct phases:

Even on a conceptual level, the immense computational requirements of such a venture quickly become apparent. Pairwise comparisons need to be evaluated between all items, users and available
components, thus prohibiting a centralised design. Therefore we intend to deploy the proposed system in a large scale peer-to-peer network, allowing the computation to take place in a distributed fashion
through the exchange and reuse of data processed by different peers.

Knowledge acquisition: Knowledge acquisition is continuously
carried out in the background by specialised WS, in order to import new recommendable items into the system. This consists of
discovering new items from trusted sources, and acquiring (partial) translations of their descriptions to the users’ local ontologies,
in a manner that allows feature vectors to be extracted from such
descriptions in order to apply any available distance measures between newly acquired items and existing ones. In addition, this
mapping of newly acquired items provides an opportunity to identify and exclude items equivalent to ones already seen.
Recommendation subspace selection: The space of recommendable items is identied with a linear space, with a descriptive feature
labelling each dimension, and the semantics of putative similarity expressed as some metric in this space. The subspaces relevant to an item of interest in the current context are identied by
clustering techniques based on such metrics. A metric is evaluated as follows: Each unique feature is assigned a weight based on
how strong the relationship between items with the same feature
value is. This is accomplished via a set of graph-based edge expansion heuristics [2, 14]. The recommendation context is determined through the users recent behaviour as logged by the system,
inferred restrictions from a long-term observation of user preferences, additional restrictions provided explicitly by the user and
global trends. This provides added leverage in identifying shifts
of interest, or specific domains from which recommendations are
to be drawn. As the user provides ratings for the recommended
items the weights these factors receive will be adjusted to produce
recommendations more likely to receive high ratings. Having split
the dataset into clusters of similar items and users, the set of recommendable items is determined based on the current context. A
suitable user cluster is then identified by selecting users with experience of the recommendable items but also with sufficent overlaps
between their profiles and that of the active user in order to meaningfully assess similarity between them. These users are viewed
as the group of domain experts who are able to communicate best
(in terms of their personal ontologies) with the active user. This
requirement for loose semantic agreement further restricts the set
of items that can be recommended to a user to those that can be
translated to instances in the active user’s ontology, thus avoiding
the recommendation of irrelevant items. Furthermore, this problem is similar to that of making a recommendation and can be
tackled by obtaining a ranked list of all possible combinations of
item and user clusters, based on the current contextual setting.
System configuration composition: Having selected an appropriate recommendation subspace, we can now choose components

2.1

ONTOLOGY DESIGN

In order to encode and process contextual information, ontologies are
used to record and reason over similarity between artifacts and identify indirect relationships between entities. Referrals to classes in the
system ontology will appear in inverted commas for the remainder of
this paper, for ease of reference. It is assumed that user preferences
are correlated across different domains. Therefore by making a system aware of the different ’Types’ of ’Items’ available for recommendation allows these correlations to be discovered by indicating which
features are comparable, or equivalent under a set of criteria and can
be used to compute predicted ratings for unseen items. Anything that
can be recommended by the system is represented as a member of
the concept ’Item’ with an association to a valid ’Type’ and is described through a number of ’Features’. The ’Features’ associated
with each ’Item’ are restricted to a subset of all the ’Features’ of the
’Type’ the item belongs to. This scheme will allow the system to derive inferences on how different ’Type’s’ features are correlated with
respect to each user, based on the profiling information available for
that user.
Instances of the concept ’User’ represent users in this ontology
and each one is assigned an ’ID’ and a ’Profile’. General information
about the user is recorded through relationships like has-name, hasaddress, is-employed-by, etc. and is also associated with a number of
’History’ instances:
QueryHistory: The user will be allowed to form explicit queries,
imposing added restrictions on the ’Item’s that can be recommended and to provide a finer grained recommendation context.
These queries are recorded in instances of ’QueryHistory’ and are
used later, together with the corresponding ’RecommendationHistory’ and ’RatingHistory’ objects, in order to determine how apt
’Recommender’ web services are for handling specific types of
query.
RecommendationHistory: Any items recommended by the system to a user are recorded in their ’RecommendationHistory’ together with a description of the system configuration at the time
of recommendation. The future selection of web services will be
based on the ratings assigned by the user to the recommendations.
RatingHistory: Instances of this class contain records of all the
’Rating’s provided by a user and are used by ’ClusterDetector’,
’Aggregator’ and ’Classifier’ web services as described below.
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RS, and have the characteristics identified above. We selected the
data made available by the Audioscrobbler system [11], a music engine based on a massive collection of music profiles. These profiles
are built through the widespread use of the company’s flagship product, Last.fm [12], a system that provides personalised radio stations
for its users and updates their profiles using the music they listen
to, in order to improve the station’s content, and also makes personalised artist recommendations. In addition Audioscrobbler exposes
large portions of data through their web services API. Moreover, this
dataset is extremely sparse (we only obtained values for 0.22% of
all possible (User,Artist) pairs) since the number of available artists
greatly exceeds the number of users and more than one track is typically available for each artist. Finally, the music domain is considered fertile ground for making cross-domain recommendation since
songs are frequently influenced by other art forms, associated with
local traditions or socio political events, or even convey the ideological convictions of the creator.
The first task is to assess in a qualitative fashion the clusterings
of the dataset that can be obtained without taking into account any
collaborative information or content descriptors, but rather by considering the contextual metadata available from trusted on-line resources about the data points (in this case artists). Wikipedia [8] was
identified as one such source, due to its wide coverage of subjects,
maintained by their respective interest groups, which may be deemed
expert knowledge and used as a source of contextual information for
multiple domains [5]. For each resource all the hyper-links to and
from the resource’s Wikipedia page are recorded as items related to
it. This relationship is then weighted by the relative importance of
the discovered resources, a quantity thought to be proportional to the
number of other pages linking to it. The rich, highly interconnected
structure of wikis is considered ideal for this purpose.
Data was collected for 5 964 UK users of Last.fm and 17 882
artists, by implementing instances of Gatherer and Aligner WS, to
interact with the Audioscrobbler WS and assign the instances acquired to the internal system ontology. Similarly, in total 158 273
resources from Wikipedia were discovered to be related to this set
of artists. This was stored in a flat RDF file through Jena [13]. The
data was summarised in two matrices: a [U sers × Artists] matrix
where each row represents a user, each column an artist and each cell
contains the number of times a user listened to a track by an artist,
and a [Artists × Context], with each row corresponding to an artist
and columns representing each one of the 158 273 resources gathered
from Wikipedia, with boolean entries indicating whether an artist is
related to the context described by a particular resource. Note that
the dimensionality of these matrices strictly limits the use of computationally intensive machine learning algorithms on the raw data.

By implementing the various components used in the recommendation process as web services, an arbitrary number of runtime configurations can be achieved by using alternative instances from each
class. Furthermore, by defining the concept ’WebService’ as a subclass of the concept ’Item’ allows for an added level of abstraction in
the recommendation process, transparent to the user, where specific
instances of ’WebService’ are recommended in order to compose a
suitable system configuration. The various subclasses of ’WebService’ are briefly described below.
ClusterDetector: Instances from this class, are able to detect clusters of users or items through the use of clustering algorithms and
methods. The clustering for users is achieved by exploiting the
information available in the ’History’ and ’Profile’ instances associated with them, while items are grouped together based on the
’Feature’ instances collected by the system to describe them. Each
time clusters need to be computed a ’ClusterDetector’ instance is
chosen based on its past performance in similar contexts.
Aggregator: An ’Aggregator’ web service is responsible for computing the aggregate ratings of a user cluster, for some specified
items. As in ’ClusterDetector’ the choice of ’Aggregator’ depends
on its past performance and also on the current recommendation
context.
Classifier: Classifier’ web services are used to assign predicted
ratings to unseen items, by training various machine learning algorithms on the user’s ’RatingHistory’. Again, past performance
in similar contexts determines the bias in choosing an instance.
Recommender: Web services of type ’Recommender’ are responsible for evaluating the context of a recommendation need and for
selecting the web services that will be used to produce that recommendation. ’Recommender’s also receive predicted ratings computed by ’Classifier’s and rank them according to the recommendation context. Different ’Recommender’s may use different component selection and ranking strategies to improve performance in
specific contexts.
Aligner: ’Aligner’ web services are capable of computing partial
alignments between two ontologies, in order to import knowledge
from heterogeneous sources.
Gatherer: Instances of the ’Gatherer’ web service are able to discover entities described in external ontologies and import them
into the system, using an ’Aligner’ to compute a translation of the
gathered instances to the internal ontology.

3 CASE STUDY: MUSIC PREFERENCE
PREDICTION
The key evaluation of our approach lies not in recommendation performance per se (although that is a goal), but rather in assessing
how different representations of the same dataset affect the performance of recommendation schemes and how these may be applied
to the same dataset at different times, predicated on the current system state and requirements. To quantify this, the magnitude of any
improvement over conventional RS approaches where a single recommendation strategy is always used has to be evaluated. Therefore, we require a second fully-fledged RS already primed for the
same dataset and known to produce high quality recommendations
to meaningfully benchmark the proposed approach. Furthermore, the
problem domain selected would ideally have clear links to other subjects, since we aim to be able to also recommend items from multiple
domains, even those with no previous user ratings.
Given these requirements, a suitable domain had to be chosen with
a sparse dataset, identified as the major source of shortcomings of

3.1
3.1.1

PROCESSING AND RESULTS
SINGULAR VALUE DECOMPOSITION (SVD) AND
k NEAREST NEIGHBOURS (kNN)

To circumvent the computational limitations posed by the dimensionality of the dataset, the original input space was projected in
200 latent dimensions, by computing through SVD [20] the best
rank 200 approximation of the highly sparse (99.9832% zeros)
[Artist × Context] matrix.
In order to assess whether the features harvested from Wikipedia
contain enough information to describe similarity between artists as
it is perceived by listeners, the cosine distance between each pair of
artists in the vector space spanned in the 200 latent dimensions the
dataset was reduced to, was evaluated and lists of 100, 50, 35, 20, 10
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Artists
Artists with no Last.fm cluster
Artists not found in Last.fm
Artists with no links to Wikipedia pages
Working set

Kendall’s τ : Kendall’s correlation coefficient, τ , is a widely used
statistic to compare two different rankings of the same variables
and thus it was used to measure whether the ’hits’ produced by
k-NN are ranked in a similar manner as in Last.fm’s lists of artists
commonly played together. The τ value is obtained by dividing
the difference between the number of concordant (nc ) and discordant (nd ) pairs in the ranked lists, by the total number of pairs.
A concordant pair is defined as a two variables that appear in the
same order in both rankings, while otherwise the pair is considered discordant. More formally:

17882
1120
528
13309
4495

k
Mean precision
Mean recall
Mean hits

100
0.0655
0.1025
6.5497

50
0.0890
0.0710
4.4523

Mean Kendall’s τ

0.0868
0.0665
Corresponding Z-score
1.9643*
1.0760
Critical Z value at the 10% level (two-sided) or 5% level(right-sided): 1.64
Artists with > 0 hits
% of working set
Mean precision
Mean recall
Mean Kendall’s τ
Corresponding Z-score

3180
70.75
0.0926
0.1449
0.1226
2.7765*

τ =

2937
65.34
0.1363
0.1087
0.1017
1.6468*

nc − nd
1
n(n − 1)
2

(3)

The results showed statistically significant evidence at the 5%
level (right-sided) of correlation between the lists of 100-NN and
those provided by Last.fm, and also for 50-NN when artists with 0
hits were excluded from the analysis, reinforcing our beliefs about
the quality of the collected features. The full results are again presented in Table 1.

Random recommender
Expected mean precision
0.000056
Expected mean recall
0.000056
0.000028
Expected mean Kendall’s τ
0

3.1.2 NAIVE BAYES CLASSIFIER
Having performed the analysis described in the previous subsection,
the need for more meaningful metrics to qualitatively assess the harvested features arises. As such, a probabilistic evaluation scheme was
decided to be carried out. Last.fm also makes available lists of the 50
most played artists by each user. These lists were randomly sampled
to obtain train and test sets of various sizes. For each artist in the
dataset we evaluate:

Table 1. Precision/Recall and Kendall’s correlation coefficient analysis of
the results achieved by applying 100-NN and 50-NN on feature vectors
reduced via SVD.

and 5 Nearest Neighbours were recorded. These lists were then compared to real user play count statistics, made available through the
Audioscrobbler WS API, in the form the 100 artists with the highest
number of appearances in the same playlist. We used the following
statistics to evaluate the quality of the clustering achieved:

P (artisti |top50j ) =

Precision and recall: While precision and recall are typically used
to assess the quality of query results using labelled test data, their
use in this context is not as well defined. Precision is defined as
the number of hits retrieved by a search divided by the number of
search results (1), while recall is the number of hits retrieved by
the search divided by the number of all hits (2). This gives:
|kN N ∩ Last.f m|
P recision =
k

P (top50j |artisti )P (artisti )
,
P (top50j )

(4)

Nj
Ni

(5)

where:
P (top50j |artisti ) =

P (artisti ) ∝

Y

i
fk

(P (fk ))

,

k

(1)

|kN N ∩ Last.f m|
(2)
100
where |kN N ∩ Last.f m| is the number of artists that appear in
both lists. Since the number of all hits is unknown, we are forced
to assume that the list provided by Last.fm is exhaustive, which is
clearly untrue. In addition, our choice of clustering algorithm defines explicitly the number of results that will be retrieved for any
artist. However, training an unsupervised algorithm with a number of classes of the same order of magnitude as the number of
artists in the working set is simply impractical. We observe that
the obtained values are not large enough to suggest that the features collected are sufficient to reproduce the same clusterings that
emerge through recording real users’ listening behaviours. However the order of improvement over the ’random recommender’,
and the fact that reducing the number of neighbours causes recall
to reduce, while increasing precision and vice versa, as expected,
provide motivation for further evaluating the utility of the contextual features gathered. In addition, it can be shown that both precision and recall monotonically increase as functions of the number
of features available for each artist.

P (top50j ) ∝

Recall =

X

fki

P (fk ) = X X

Y

i

i

P (artisti )

fki

(6)

k

(7)

artisti ∈top50j

Artists are treated as ’bags of features’ and Nj denotes the number
of users with exactly the same artists in their list as top50j , Ni the
number of users with artisti in their top 50 list and fki is the value
of the kth feature of artisti . The analysis shows that on average
P (artisti |top50j ) is consistently higher for artists in the test set,
as shown in Figure 1. In particular, randomly sampling the top 50
lists 15 times to obtain test sets and recommending the 15 artists
with the largest P (artisti |top50j ) gives P recision = 0.4841 and
Recall = 0.7333 averaged over all users.

4

DISCUSSION AND FUTURE WORK

The analysis carried out to this point has shown that contextual relationships between artists and arbitrary resources can be successfully
used to build feature vectors and to produce clusterings reflective
of real users’ listening preferences. It is intended that the collaborative filtering information, available from Last.fm will be imported
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and reasoning will be carried out in order to assess which features
can be associated with a ’Type’ and to identify overlaps between different ’Types’s’ features in order to evaluate similarity.
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into the system in order to assess the circumstances under which selection and combination of appropriate sub-spaces of the full highdimensional recommendation space is beneficial, with respect to the
predictive ability of the system. Mappings from these to possible recommendation contexts will then be drawn, to gain insight into both
how recommendation contexts can be formed and articulated, as well
as how these can then be translated to restrictions on the sub-space
selection process.
In addition to the fact that meaning can be more naturally be attributed to probabilistic classifications of a dataset, we found the
naive Bayes classifier to greatly outperform k-NN in terms of precision and recall. This provides motivation for further investigating
probabilistic dimensionality reduction and clustering techniques, and
in particular Probabilistic Latent Semantic Analysis, [7]. PLSA is
of particular interest, since its computational requirements can be
drastically reduced, using multi-resolution kd-trees (mrkd-trees) as
shown in [15], without compromising the optimality of the resulting
classifications [22]. By using mrkd-trees to summarise and compartmentalise the dataset we expect to gain insight into how the computiations required can be carried out in a large scale distributed p2p
system, where each pear is responsible for performing the computations in an enclosing hyperectangle.
Furthermore, we aim to assess which of the resources (as described by their Wikipedia pages) that have been extracted as contextual features for artists, can be regarded as recommendable items
in their own right. This will be achieved by assessing the relative
importance of these resources in Wikipedia and also by evaluating
the probability they can be meaningfully matched to users, based
on how big the overlap of the respective feature spaces is. The retrieval of conceptual descriptors of the newly found instances will
also be attempted, through the use of ontology alignment techniques.
It is intended that the resources discovered in this manner will be
matched with concepts from arbitrary ontologies, thus indicating
possible links and partial translations from one ontology to the other
making possible the recommendation of items described in these ontologies that the system was previously unaware of. An RDF Knowledge Base described by the system ontology will then be populated
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Abstract. The purpose of this paper is to introduce Infonorma,
a multi-agent recommender system for the juridical area, based on
the Semantic Web technologies. Infonorma was developed under the
guidelines of MAAEM methodology and originally in the context
of the traditional Web. However the poor semantic structure of data
available on the Web shortened seriously the efficiency of the application. To overcome this problem Infonorma was enhanced through
the use of Semantic Web technologies. Its information source is entirely structured in OWL. To improve the quality of recommendations, they are generated using inference rules written in RuleML
according to the logic layer of the Semantic Web.

Infonorma is a system that provides the users with personalized recommendations related to juridical-normative instruments according
to the interest profile of each user. It satisfies two main requirements:
one related to the way that users explicitly specify their interests for
certain types and categories of juridical-normative instruments and
another one related to monitoring the information source and filtering
new items. We can summarize the goals of Infonorma as follows: the
general goal ”Provide personalized juridical-normative information”
and the specific goals ”Satisfy needs of legal users” and ”Process
new legal information”.
Figure 1 shows that for each specific goal there is a set of responsibilities needed to achieve it. To achieve the general goal of Infonorma
it is needed to achieve the two specific goals first. Figure 1 also shows
that the legal information to be processed is obtained from the information source. The user receives filtered items and provides some
information about its interests, which is required to achieve the specific goal ”Satisfy needs of legal users”.

1 INTRODUCTION
Infonorma is a multi-agent recommender system for the juridical
area. It is intended to inform users about new juridical-normative instruments published by the Brazilian government according to the interests of each user. The system was developed following the guidelines of the MAAEM methodology [9]; it is composed by agents,
organized in layers, an information source and auxiliary applications
to capture user profiles, add new information elements and deliver
filtered information.
Originally, Infonorma used as information source a Brazilian government website, but the lack of semantic markup of this source (entirely written in HTML) was a serious problem that shortened the
efficiency of Infonorma. To overcome this problem the system was
brought into the Semantic Web context [2] [3] [6] [14]. A mirror
source was built in OWL [12], according to Semantic Web standards.
Therefore the agents in the information processing layer could easily
understand the meaning of the information elements.
Although the structured information source implied in more efficient information processing it did not improve significantly the quality of the recommendations. To accomplish this, the logic layer of the
Semantic Web is being used to generate recommendations through
rule inferencing.
This paper is organized as follows. Section 2 provides an overview
of the system architecture as well as the relationships between its
components. Section 3 introduces the information source structured
in OWL discussing how some problems could be overcome with it.
Section 4 discusses the use of inference rules to generate recommendations. Finally, Section 5 concludes this paper with a discussion on
what we learned form this work and future extensions to Infonorma.
1
2
3
4

THE ARCHITECTURE OF INFONORMA

Figure 1. Goal Model of Infonorma

Infonorma is structured in a two layer multi-agent architecture as
shown in Figure 2. Each layer is related to a specific goal. The User
Processing layer is responsible for satisfying the needs of legal users
and uses the services from the Information Processing layer, responsible for processing new legal information.
An agent was assigned to play each role required by the application, and they were organized in the layers discussed above. The
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ously the Infonorma effectiveness.
Instead of having the information source represented as a set of
HTML documents, an ontology describing the application domain
and the information elements as instances of this ontology may enable that all these problems to be easily surpassed. The Semantic Web
[2] technologies enable us to semantically represent the information
elements and exhibit them in a friendly way.
The ontology language chosen to represent the Infonorma information source is OWL [12] using a XML/RDF based syntax. One
of the reasons for this choice is that it fits in the W3C standards and
these technologies are widely supported for a variety of tools such as
Protégé [7] [13] and JENA [11].
Each information item is represented as an OWL instance of the
ONTOLEGIS domain ontology. Its OWL version was automatically
generated with Protégé.
One of the auxiliary applications introduced in Section 2 is used
to maintain the information source. It is assumed that the original
information source will be replaced by the OWL based one, so new
information items will be created by filling a simple form within the
Java application that uses Jena to create a new OWL file with an
ONTOLEGIS instance representing the new information item.
There are some advantages of representing information in OWL
instead of using just HTML. First of all, the information source is
represented in an ontology similar to the one used to represent the
knowledge of the agents being easier for them to understand its contents. With the structured information source, data about information
items can be obtained by simple ontology querying. In some cases
that do not require the full expressive power of OWL, the XML/RDF
syntax allows the agents to use simple XML/RDF query languages
like SPARQL or RDQL, both of them supported by JENA. For example, for a given document structured in OWL we could easily find
out its type through the following RDQL query:

Figure 2. Model of Cooperation and Coordination of Multi-agent Society

Interface agent is the one responsible for dealing with a user through
an I/O interface, and the Modeler agent is responsible for creating
user models. Both of them belong to the User processing layer. As
for the Information processing layer, the Monitor agent perceives
changes from the information source and informs the system about
such changes. The Surrogate Constructor receives new information
items from the Monitor and constructs their internal representation.
The Filtering agent performs the matching and similarity analysis
of the internal representation of elements with the user models and
informs to the Interface agent about the elements that should be recommended to users.
The knowledge of the agents is represented by two ontologies:
ONTOLEGIS and ONTOJURIS [9]. ONTOLEGIS represents the
overall structure of a juridical-normative instrument and its instances
represent the information source discussed in Section 3. ONTOJURIS represents the knowledge about the juridical domain. It describes the juridical areas that users can be interested in.
Besides the multi-agent architecture, there are two auxiliary applications. The first one is a Web form in which the users explicitly
specify their interests, creates an account and a password. The second is a Java application used to maintain the information source. It
has a form in which the data about new information items are specified. Through the use of JENA [11], this application converts the data
in the form into an instance of ONTOLEGIS in OWL format.
In short, Infonorma can be described as a multi-agent recommender system that uses content based filtering [1] [5] and explicit
user modeling [8] techniques to generate recommendations and for
creation and maintenance of user models, respectively.

SELECT ?type
WHERE (inst:in_10860 legis:type ?type)
USING legis FOR
<http://www.domain.com.br/ontolegis#>
inst FOR <http://www.domain.com.br/laws/
ordinaries/2004/law_10860#>
Another reason for using OWL written in the XML/RDF syntax is that it allows us to use XML stylesheets in XSL (eXtended
StyleSheets Language) to present the ontology instances to the users.
It is important to state that this approach turns the semantic structure
of a document completely independent from its presentation.

4

USING LOGIC FOR GENERATING
RECOMMENDATIONS

Although the use of OWL to semantically represent the information
source has brought significant improvements to Infonorma, it, by itself, did not implied in better recommendations. The main reason for
this is because the matching and similarity analysis techniques have
to take advantage of the semantic structure of information in order to
improve the quality of the recommendations.
Infonorma uses rule based reasoning enabled by Semantic Web
technologies [6] to match new information items with user models.
With some simple rules we can infer that a user U is interested in the
juridical normative instrument I.
The information source discussed in Section 3 works as the knowledge base over which inferences will be done. The system can viewed

3 INFORMATION SOURCE STRUCTURED IN
OWL
In the first version of Infonorma, the information source was entirely
built in HTML, what implied in many difficulties to retrieve the desired information, a task that could be easily performed by querying
ontologies. The poor semantic structure of HTML and the lack of
standardization presented by the source maintainers shortened seri-
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as the triple:

5
(IN S, U M, JA)

(1)

CONCLUSIONS AND FURTHER WORK

This paper introduced Infonorma, a Semantic Web based recommender system for the juridical area. It was originally designed for
the traditional Web and was enhanced by the use of Semantic Web
technologies. It has been shown how some problems related to information source processing were overcome through the use of such
technologies.
Only its developers have tested Infonorma. Before using it in practice and evaluating the system, some issues still have to be addressed.
The use of the expressive power of Semantic Web technologies is
not fully explored by Infonorma yet. The rules presented in Section
4 only perform the matching. The similarity analysis is still done
through keyword based techniques. Thus, the usage of ontologies to
calculate similarity between a user model and an information element [14] [15] or between a juridical instrument and a juridical area
is a research issue that will be addressed in the future.
In the current version of Infonorma the users have to explicitly
specify their interests by filling a form. This is used to create and
update the user model. Another research issue to be addressed in
the future is to combine web usage mining techniques with Semantic Web technologies to perform implicit user profile acquisition and
maintenance [10].

Where IN S is the set I1 , I2 , . . . , Ik of k juridical normative instruments, U M is the set U1 , U2 , . . . , Un of n user models and JA
is the set A1 , A2 , . . . , Am of m juridical areas.
Before introducing the rules used to infer the interests of a user it
is convenient to define some important first order logic predicates.
• hasInterest(A, U ): the user U has interest in the juridical area
A.
• hasInterest(I, U ): the user U has interest in the juridical normative instrument I.
• belongsT o(A, I): the juridical normative instrument I belongs to
the juridical area A.
• specializes(A1 , A2 ): the juridical area A2 specializes A1 .
The values of variables unifying these predicates can be obtained
by querying the ONTOLEGIS and ONTOJURIS ontologies (in the
case of specializes), through similarity analysis (as in belongsT o)
or by inference rules (as in hasInterest).
The following rule states that if the user U has interest in the
juridical area A and the instrument I belongs to this area, then U
has interest in I.
∀U, ∀A, ∃IhasInterest(A, U ) ∧ belongsT o(A, I)
=⇒ hasInterest(I, U )
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It is also true that if a juridical area A2 specializes a juridical area
A1 and an instrument I belongs to A2 then I belongs to A1 . This
can be stated as follows.
∀A1 , ∀A2 , ∃Ispecializes(A1 , A2 ) ∧ belongsT o(A2 , I)
=⇒ belongsT o(A1 , I)
Similarly, if a juridical area A2 specializes a juridical area A1 and
a user U has interest in A2 then U has interest in A1 .
∀U, ∀A2 , ∃A1 specializes(A1 , A2 ) ∧ hasInterest(A2 , U )
=⇒ hasInterest(A1 , U )
As the ontologies are represented in the OWL Semantic Web language it is also needed the representation of rules in a compatible
format. The eXtensible Rule Markup Language [4] (RuleML) was
chosen to implement these rules. The first rule presented in this section would be written in RuleML as follows.
<imp>
<_head> <atom>
<_opr> <rel>hasInterest</rel> </_opr>
<var>I</var> <var>U</var>
</atom> </_head>
<_body> <and>
<atom>
<_opr> <rel>hasInterest</rel> </_opr>
<var>A</var> <var>U</var>
</atom>
<atom>
<_opr> <rel>belongsTo</rel> </_opr>
<var>A</var> <var>I</var>
</atom>
</and> </_body>
</imp>
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Opinion Based Filtering
Josep Lluis de la Rosa, Miquel Montaner, Josep Maria López (1)
Abstract: This paper shows the basis and results of opinion-based
filtering as a new generation of recommender methods based on the
agent metaphor. Its main idea is to consider other agents as personal
entities, which one can rely on or not. Recommender agents can ask
their reliable friends for an opinion about a particular item and Þlter
large sets of items based on such opinions. Reliability is expressed
through a trust value that each agent assigns to its neighbors. Thus,
the opinion-based Þltering method requires a model of trust in the
collaborative world. The proposed model emphasizes proactiveness,
because the agent looks for other agents when it lacks of information,
instead of providing either a negative or an empty answer to the user.
Simulation results show that our method improves the state of the art
compared with collaborative and content-based filtering methods.
Keywords: recommender agents, collaborative filtering, trust

1 INTRODUCTION
Recommender systems make recommendations to users
according to the information available. Such information
includes data on items as well as proÞles of other users on the
web. A fundamental issue is to select the most appropriate
information with which to make decisions, and therefore
information Þltering methods are essential. Among the
information Þltering approaches used in the state of the art [2,
7] for making recommendations are demographic, contentbased, collaborative Þltering, and hybrid approaches.
The opinion-based Þltering method proposed here is based on
a model of trust of recommender agents. Recommender agents
are provided with a technology that allows them to look for
similar agents that can offer them advice. The model proposed
emphasizes proactiveness, since an agent looks for other
agents when it lacks information, instead of remaining passive
or providing either a negative or an empty answer to the user.
Finally, our social model exploits interaction while preserving
privacy. This work is presented as follows. Section 2 justiÞes
the need for trust in recommender agents. With trust, a opinion
based information Þltering is explained in Section 3. Section 4
introduces the algorithm. Section 5 presents results.

2 THE NEED FOR TRUST IN
RECOMMENDER AGENTS
There are some approaches to trust in the collaborative world
that can be applied to the information Þltering Þeld.
Knowledge Pump, developed by Glance et al. [5], is an
information technology system for connecting and supporting
electronic repositories and networked communities. Glance et
al. introduced a technique that they called CommunityCentered Collaborative Filtering (CCCF). In CCCF, the

collaborative Þlter (CF) is bootstrapped by a partial view of
the social network constructed from a user-input list of
“advisors” (people whose opinions users particularly trust).
The set of advisors is generated using statistical algorithms
that mine the usage data automatically. The main difference
from our model is the computation of the trust value; [5] based
it on person–person correlation. Transparency of user data is
therefore required through agents, while in our system privacy
prevails. The CF weighted the opinions of the user’s most
trusted contacts higher when predicting the user’s opinion on
items.
The idea of using the opinion of other agents to build a
reputation was also applied by Yu and Singh [10]. Their
agents build and manage the trust representations, not only
taking into account the previous experiences of their users, but
also communicating with agents belonging to other users.
They aimed at avoiding interaction with undesirable
participants and formalizing the generation and propagation of
reputations in electronic communities.

3 THE OPINION-BASED INFORMATION
FILTERING METHOD
The main idea is to consider other agents as personal entities
that you can rely on or not. Once the agent has a set of
friends, it can use them to Þlter information. When the agent is
not sure about a recommendation or discovers a new item, it
asks the reliable agents for their opinions and uses their trust
values to decide whether the item is interesting for the user or
not. Once the agent has the opinions of the other agents, a
consensus is achieved using an aggregation measure. The
result of the consensus provides a conÞdence value from
which the agent can decide on the convenience of
recommending an item to the user or not.
We suppose that similar agents will provide pertinent
opinions, but they may also give inadequate ones. Trust,
therefore, should be modiÞed as time goes by, depending on
the results of recommendations, to improve accuracy.

4 FORMALIZATION OF OPINION-BASED
RECOMMENDER AGENTS
The opinion-based Þltering method is based on a social model
of trust that we describe following the main dimensions of
recommender agents identiÞed in [7]: user proÞle
representation, initial proÞle generation, proÞle exploitation,
relevance feedback, and proÞle adaptation.

4.1 User Profile Representation
1 Agents Research Lab, Agents Inspired Technologies & EASY center of
xarxa IT del CIDEM, Universitat de Girona, Campus Montilivi, E17071
Girona, Catalonia {peplluis, mmontane, jlopezo}@eia.udg.es

The process of Þltering information is based on user proÞles
that are basically hypotheses of unknown target concepts of
user preferences. Our model considers a user proÞle
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representation based on past experiences and a list of agents
that the agent trusts. It is described as follows.
Assume a set of agents, A {a1 , a 2 ,..., a n } , and a set of
products, P { p1 , p2 ,..., pn } . Each product is described by a
set
of
objective
attributes
(i.e.
name,
price).
Thus pi {ati , ati ,..., ati } , where At is the set of all attributes.
1
2
n
Each agent can be interested in one product, which can either
be expressed by the user (explicit attributes) or be captured
automatically by the system from user interactions (implicit
attributes). Explicit attributes provide more conÞdence in the
recommendation process. However, they are not always
available. Implicit attributes are useful when deciding on
interesting items for the user. In the opinion based model,
explicit and implicit user interactions are distinguished, and
therefore it is a hybrid approach. The set of explicit interests
is defined as Int e {int1e , int e2 ,..., int en } • [0, 1]
and the set of implicit interest as

Int i

{int 1i , int i2 ,..., int in } • [0, 1]

An experience Ei keeps information about the objective
attributes of a given product, as well as subjective information
regarding the interest of the user in that product. Thus,

elaborated using a procedure named “playing agents” [8]. The
querying agent asks other agents in the world (enquired
agents) about an item of the training set. One can apply this
procedure because each agent has been trained on the same
set, so they are able to provide answers about items belonging
to the set. Then the agent asks the enquired agents about the
items that the user “loves” or “hates.” The answer consists of a
quantitative value, between 0 and 1. This interest value of an
agent ai in a product pj, vi,j is calculated as:
vi , j

where f is the function that combines the explicit interest of
i
agent ai in product pj, f is the function that combines the
implicit attributes, g is the function that combines the results
e
i
of f and f , and, Þnally, j is the temporal parameter related to
the relevance of the product, as explained above. Aggregation
e
i
techniques can be used for implementing f and f . For
example, the Ordered Weighted Average (OWA) operator [9]
is suitable, because we are dealing with different preferences
of the user and such preferences can be ordered according to
their relative importance.

i

Int i is the set of explicit interests, Int i is the set of implicit
interest, and G i is a temporal parameter in [0, 1] that indicates
the relevance of the experience. Initially, G i is set to 1, and it
is updated according to the evolution of the agent. See [6] for
further information.
The experience of agent ai in product pj is Ei,j, and the set of
all possible experiences is denoted as H i {E1 , E 2 ,..., E n } .
Each agent ai has a list of contact neighborhood agents on
which it relies:

Ci

{(a i1 , t i ,i1 ), (ai2 , t i ,i2 ),..., (a in , t i ,ik )} ,

where ai • A and t i ,i j is a numerical value in [0, 1] that
j
represents the truth value the agent ai has on agent a i j .
The set of all experiences of a given user and the set of
selected agents that the agent trusts constitute the user proÞle:
Profi

H ,C
i

i

!

4.2 Initial Profile Generation
The agent must create a user proÞle with initial experiences
generated using a training set. That is, the user is prompted to
consider a set of products and supplies information regarding
his or her interest in the products. The training set consists of a
collection of selected products Pt • P. For each product in the
training set, the agent asks the user to define his or her explicit
interest and also gathers information related to implicit
interests.
The next step of the initial proÞle generation is to obtain
friend agents for the contact list. Initially the list is empty. We
assume that there is a server that provides a list of the
currently available agents. Then the initial trust of agents is85

(1)

e

Ei
pi , Intie , Intii , G i !
where pi • P is the set of objective attributes of the product,
e

G j g ( f e ( Int ej ), f i ( Int ij ))

p1

p2

p| Pt |

a e1
a e2

v e1 ,1
v e2 ,1

v e1 , 2
v e2 , 2

v e1 ,| Pt |
v e2 ,| Pt |

a en

v en ,1

v en , 2

v en ,| Pt |

Table 1. Interest values gathered by the querying agent
t
The current querying agent, aq, gathers a total of |P | interest
values from each enquired agent a ei , one for each product in
the training set. Then the trust that agent aq has in agent ae,
denoted as t q ,e , is computed as follows:
|Pt |

t q ,e

¦

i 1

G p (1 | v q ,i
i

¦

v e ,i |)

(4)

t

|P |
i

G
1 p

i

This function computes the similarity between agents, aq and
ae, weighted by the relevance of the products ( G pi ) according
to aq’s interests (the querying agent). The result of the
function is a normalized value in [0, 1]. The agent keeps only
the agents that have similar interests in the contact list. This is
achieved by means of a Þxed-length contact list: only the n
closest agents will be kept in the list. It will be very timecostly if any agent attempts to build a contact list by starting a
playing agents procedure with all the agents in the world. For
example, in a platform where agents recommend restaurants
from Girona, up to 75,000 agents, one for each user, could be
considered in the playing agents procedure.

4.3 Profile Exploitation for Recommendation
When an agent evaluates a new product, pnew, the agent
computes the degree of similarity between the new product
and the previous ones, according to the similarity measure
based on Clark’s distance.
For all experiences Ep in the user proÞle,
| pq |

sim( p q , p new )

2

| at q ,i

at new,i | 2

q ,i

at new,i | 2

¦ | at
i 1

(5)

where at q ,i is the ith attribute of the product in the experience
Ep and at new,i is the ith attribute of the new product. Clark’s
distance is deÞned in [0, 1] and has proved useful in several
domains. Then:
– If there is some product above a given threshold W+, the
system recommends it. This coincides with content Þltering.
– If the best similar product is under a threshold í, that means
that the user has no interest in it and therefore the agent does
not recommend it to the user.
+í

– If the similarity of the products is in [W , í], then the agent
turns to the opinion Þltering method to recommend.
The opinion Þltering method consists of the following steps
1. Ask the trustworthy agents in the contact list for their
opinion on product pnew. For each enquired agent a ei , a

different times. An update of the user proÞle is then required.
In our model, we have taken a lazy approach: we do not
explicitly represent the interest value of the product in the user
proÞle, but compute it on demand. Thus, the update process
regarding product changes is costless, since it keeps either the
new attribute of the product or the new interest of the user.
The key issue in adaptation is the relevance feedback from
previous
recommendations.
If
agents
provide
a
recommendation based on the opinions of our “trustworthy”
agents, trust should be updated according to the outcomes.

5 RESULTS
Thousands of simulations with 40 user proÞles, six trust
parameters and five playing item sets were performed. The
parameters used in the simulations are summarized in Table 3
and the results of the simulations are shown in the following
sections. For further information see [6].

product value v ei , new is calculated using equation 1.

Table 3: Simulation Parameters

All evaluation measures are based on the concept of success
Table 2. Product-interest values shown by the enquired agents

2. Compute a global value for the new product, rnew, based on
the opinion of all the queried agents. Because we are dealing
with several sources of information, an appropriate
combination function is the weighted average (WA), where
the weights are the trust values of the agents. Therefore,
|C q |

rnew

¦

i

t q ,i

¦

n
i

v ei , new





(6)

t q ,i

where t q ,i is the trust value that agent aq has on the queried
agent aei, and |Cq| is the number of contacts list of the querying
agent aq.
If rnew goes above the + threshold, then the new product is
recommended to the user. It is important to note that if the
enquired agents provide interest values for the product, that is,
i
e
i
e
int 1, ..., int , and int 1, ..., int , instead of an aggregated value,
vi, new, the information gathered by the querying agent will be
richer and a more accurate decision can be made.


4.4 Relevance Feedback
To maintain the user proÞle, systems require relevant
information regarding feedback of the recommendations given
to the user. The most common way to obtain relevance
feedback from the user is by means of information given
explicitly by the user and the information observed implicitly
from the user’s interaction with the web. In our model, this
relevance feedback information is kept in the Inte and Inti sets
included in each experience of users’ proÞles.

4.5 Profile Adaptation

and failure of the recommendations provided to the user. A
recommendation is considered successful if the user provides
feedback about it, and the feedback is positive. That is, once
the feedback is obtained, the corresponding interest value vi is
computed, and if it exceeds the + threshold, then the
recommendation is considered a good one. If the interest value
vi is less than í, the recommendation is considered a failure.
Otherwise (either the user does not provide feedback or the
interest value is between + and í), there is too much
uncertainty and the recommendation is not labeled as either
success or failure, and so it is not explicitly treated in the
experimental results.
The precision measure is used to compare results. It is the
fraction of the selected items that are relevant to the user’s
information need. Precision is calculated with the following
formula [11]:
P=S/N
(7)
where S is the number of successful recommendations and N
is the number of items for which the system makes some
recommendation (good, bad, any).

5.1 Doubt Thresholds
The doubt thresholds

+

and í deÞne when a recommender
agent is sure about a recommendation. When the interest value
of a new item is above +, the item is recommended to the
user. These parameters are also used to decide when agents
will collaborate by means of the opinion-based Þltering
method. When the interest value of a new item is in [ +, í],
the best friends’ opinions are incorporated into the decision
process. Four ( +, í) pairs were tested.








+

x

Objective attributes of products, such as price, often change.
The user’s interests can also change. Therefore, the same user x
can characterize the same product with a different interest at86



= 0.5 and í = 0.5: if an item has an interest value above 0.5,
it is recommended to the user. Otherwise it is ignored and the
opinion-based Þlter is not used.




+



= 0.6 and í = 0.4: items with interest values in [0.4, 0.6] are
veriÞed with reliable friends.


+

x

x

= 0.7 and í = 0.3: items require a rather high interest value to
be recommended to the user. An important band of uncertainty
means that many recommendations must be veriÞed with best
friends’ opinions.




+



= 0.8 and í = 0.2: agents only recommend items when they
are very sure. Most of the time, the opinion-based Þltering
method is incorporated into the decision process.


5.5 Comparison of Results
A comparison of Content-based (CBF), Opinion-based
(CBF+OBF), Opinion-based and Collaborative Filtering
(CBF+OBF+CF, and CBF+OBF+CF’), and finally Trust
Evolution (CBF+OBF+CFT) is shown in Figure 1. We can see
that there is a regular peak W around 0.8–0.95.

The results of the simulations show that if agents only
recommend new items to the user with a high certainty of
being accepted (high doubt threshold), the precision of the
system is extremely high, although only very few items are
recommended. When the certainty of the recommendation is
low (low doubt threshold), precision decreases considerably.
Therefore, the doubt thresholds should be selected according
to the purposes of the recommender system.

5.2 Playing Item Sets
Five different sets were simulated.
x

Playing0: the three items with the highest interest value and the
three with the lowest are selected.

x

Playing1: utilizes the item with the highest interest value and the
one with the lowest.
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Playing2: only the three items with the highest interest value are
selected.
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x

Playing3: all the items are compared.

x

Playing4: four items are selected randomly.

The results show the importance of the items used to make
new friends. A small set of items is always more selective than
a larger group, because opinions are more difficult to coincide
and fewer agents are added to contact lists.

5.3 Trust-decreasing Factor
At every cycle, the trust-decreasing factor decreases the trust
in the agents contained in the contact list. The aim of this
parameter is progressively to reduce the reliability of agents
who do not provide information. Agents providing
information are judged according to the success of their
recommendations. However, if agents do not provide
opinions, their trust is never updated.
The results show that this parameter affects the performance
of the system mainly when agents are less selective when
making friends. When only the most reliable friends are
maintained in the contact lists, simulations show very similar
results. Thus, when agents are more tolerant when adding new
friends to contact lists, the trust-decreasing factor causes an
increase of precision and recall. This is mainly because this
parameter especially penalizes agents who do not provide
information, and only useful friends are queried during the
recommendation process. Thus, this parameter helps agents
select which are the most useful reliable agents.

5.4 Trust-modifying Factors
The trust-modifying factor controls the “acquaintance” of
agents contained in the contact lists from the usefulness of
their opinions and recommendations. When an agent in the
contact list gives good opinions that result in a successful
recommendation, the trust value of this agent is rewarded. In
contrast, if the resulting recommendation is evaluated as poor


by the user, the agent is penalized.
moderates the effect of
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success or failure on trust modiÞcation.


Fig. 1 Comparison of results
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An Architecture for a Multiagent Recommender System
in Travel Recommendation Scenarios
Fabiana Lorenzi and Ana L.C. Bazzan and Mara Abel 1
and can be built to deal with dynamic changes in the information
source.
This paper shows the architecture of a multiagent recommender
system where each agent plays the role of an expert of some component of the travel package and helps to assemble the whole travel
package. Each agent has its own knowledge base but they are not specialized in some component. For this reason, the agents are able to
exchange information among themselves when needed. In this scenario, each agent is responsible for one piece of information (e.g. one
travel package’s component) and after the whole search, we can expect the system to have a travel package to recommend to the user.
Agents work in a distributed and cooperative way, sharing and negotiating knowledge and recommending the best product to the user.
In this kind of distributed multiagent scenario, the maintenance of
the agents’ knowledge bases is important and the recommendation
efficiency depends on it. To deal with the problem of keeping the
integrity of the knowledge base of each agent, the system is based on
the idea of the beliefs revision - a way of reviewing the assumptions
of each agent.
Section 2 shows the related work and section 3 describes the proposed architecture to the multiagent recommender system. Section 4
shows a case study in the tourism domain. Finally, in section 5 we
discuss some advantages and some open issues related to the development of the proposed architecture.

Abstract. This paper presents an architecture of a multiagent recommender system applied to the tourism domain. The system environment has several agents working in the travel packages recommendation process, where each agent has its own knowledge base
and is responsible for a task of the process such as booking flights,
hotels and the attractions. The agents have a reasoning maintenance
element that helps to keep the integrity of their knowledge bases.

1 Introduction
Recommender systems are being used in e-commerce web sites to
help customers to select products more suitable to their needs and
preferences [6]. The recommendation can be done using information
about the user, about other users, about the previous recommendations performed or even information got from the internet.
However, the information available from the internet is unorganized and distributed on server sites all over the world. The tourism
domain, for example, consists of several tour operators services and
lots of data sources from the travel agencies distributed over the internet. Many services are not always available and sometimes information can be ambiguous or erroneous due to the dynamic nature
of the information sources and potential information updating and
maintenance problems.
The motivation of this work came from the tourism domain problem in recommend best travel packages to users. In the regular process of travel recommendation, the traveler goes to a travel agency to
get help to plan her/his trip. The result of such a planning is a travel
package. This is not an easy task because it involves different flights,
booking hotels, timetable from attractions and further information.
For example, if the traveler asks for 15 days in Rio de Janeiro and
Salvador, the travel agent needs to compose the whole travel package,
including flights, the hotels in both cities, and the possible attractions
to visit in each place.
The major problem is that the travel agent needs knowledge about
all these items to compose the travel package according to the user’s
preferences. Normally, the knowledge about all these items is distributed in different sources and it needs an extensive work to search
the different pieces and put them all together. The problem of locating information sources, accessing, filtering, and integrating information to compose a travel package has become a very critical task.
In order to deal with these problems we propose a multiagent recommender system. Agents can be used to retrieve, filter and use information relevant to the recommendation. Multiagent systems can
divide specialized task knowledge, avoiding unnecessary processing,
1

2

Related Work

The growth of e-Commerce has brought the need of providing a personalized attendance to a huge number of users through the Internet. Several domains are been used in recommender system development. The tourism domain, for instance, has attracted the attention
of several researches in the recommendation field. One example is
DieToRecs [7], a travel recommender system that suggests both single travel services (e.g. hotel or an event) and complete travel plans
comprising more that one elementary service. DieToRecs is able to
personalize the current recommendation based on previously stored
recommendation sessions (view as cases).
The travel recommendation is a tricky task and it still has some
open issues such as different information sources distributed over the
internet and the specific knowledge needed to compose a travel. In
order to deal with these issues, a new kind of recommender systems
has been developed: the multiagent recommender system.
The multiagent recommender system uses agents to help in the
solution process, trying to improve the recommendation quality. The
agents cooperate and negotiate in order to satisfy the users, interacting among themselves to complement their partial solutions or even
to solve conflicts that may arise.
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In [9] the authors investigated the viability of building a recommender system as a marketplace in which the various recommender
agents compete to get their recommendations displayed to users. The
market works as a coordinator of the multiple recommendation techniques in the system.
The main idea of the system is to improve the recommendation
quality choosing the best recommendation method to the current
situation. Some points of this application can be discussed: 1) the
market correlates the agents’ internal valuation and the user’s valuation of the recommendations by invoking a bidding and a rewarding regime. If, for some reason, the user does not evaluate the recommendations, maybe this valuation will not be done correctly; and
2) auctions are used to decide the recommendation winners and the
agents who provided good recommendations (chosen by the user)
receive some reward in return. Those agents become richer and are
able to get their recommendations advertised more frequently than
the methods whose recommendations are infrequently chosen by the
user. This behavior avoid the serendipity and maybe the system will
never surprise the user with unexpected recommendation.
Another example of multiagent case-based recommender system
is CASIS [3]. The authors proposed a metaphor from swarm intelligence to help the negotiation process among agents. The honey bees’
dancing metaphor is applied with case-based reasoning approach to
recommend the best travel to the user. The recommendation process
works as follows: the user informs his/her preferences; the bees visit
all cases in the case base and when they find the best case (according to the user’s preferences) they dance to that case, recruiting other
bees to that case; and the case with the most number of bees dancing
for it is the one recommended to the user.
The advantage of this application is that the bees always return
something to recommend to the user. Normally, case-based recommender systems use pure similarity to retrieval the best cases. The
recommendation results depend on the defined threshold and sometimes the system does not find cases that match the threshold. Despite the controversy that sometimes is better not recommend instead
of recommend wrong products, this is not true in the tourism domain. CASIS system always return some recommendation, which is
specific for the current season, given the dynamic nature of the approach).

Figure 1.

The architecture of the multiagent recommender system

chitecture shown in figure 1. The multiagent recommender system
proposed in this work has a group of agents with a common global
goal (the recommendation) and separate individual goals (the component that each one has to search). The agents are distributed over
the network (in the travel agency for instance) and there are two types
of agents:

3 An architecture for a multiagent recommender
system

• The Travel Agent (TA) agent is the agent responsible for the final
recommendation. When the user asks for some recommendation,
the TA agent starts the process. It creates a list of tasks (the components of the travel package) according to the user’s preferences
and communicates it to all the agents within the community. The
community is composed by the agents who are within a defined
range of action. Even within this range, we assume that failures
may happen sometimes. Besides, the agents can be too far to hear
the requests or cannot provide an answer.
• The Components (CP) agents are responsible for searching the
components of the travel package that will be recommend to the
user. Each agent picks a task in the list.

Recommender systems have providing alternatives to deal with the
problem of information overload in the internet [8]. The user describes his/her preferences and the system recommends the best
product according to what was described by the user. However, in
some domains, it is possible that a single information source does
not contain the complete information needed for the recommendation.
For example, in a travel recommender system the travel package
is composed by several components such as flights, hotels and attractions. These components cannot be found in just one information
source in the travel agency. Normally, the flights come from the flight
companies systems (like Sabre from United Airlines or Amadeus
from Varig); the hotels have their own websites and each attraction
such as a museum also has its own website where its timetable is
published. In order to recommend some travel package to the user, it
is necessary to search for each information in many different sources
and further assemble all the components together.
The travel package recommendation was modeled using the ar-

An important feature of this architecture is that the CP agents
are not specialized in a specific component of the travel package.
They can pick different components in different recommendation
cycles. This allows the CP agents to exchange information among
themselves. The CP agents cooperate in the recommendation process, communicating with each other (through broadcast) and sharing knowledge.
Each CP agent has two important elements: its own knowledge
base (called LocalKB) where they store the information they search
in the internet; and a reasoning maintenance system that includes a
mix of an Assumption based Truth Maintenance Systems (ATMS)
[1] and a Distributed TMS [2]. The agent keeps a set of assumptions in this element [4]. These assumptions come from the exchange
information between the agent and the others agents. An important
aspect of this architecture is that the agents must be able to assess
and maintain the integrity of the communicated information and their
KBs.
Another important feature of our architecture is the communica-
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tion time consumed by the agents. In this distributed scenario, agents
can be in the same or in different computers and the required information can be in the travel agency network or in the internet. For
this reason we defined three different levels of information search: 1)
the CP agent looks for the information in its own knowledge base;
2) the CP agent looks for the information in the community, asking
for the agents of the community if some of them has the information it needs; 3) the CP agents go to the internet to search for the
information.
These different levels lead to a good performance of the system,
avoiding unnecessary searches because most of the requirements can
be solved in the two first levels of communication. However, in the
beginning of the process, when the KBs are empty, the agents will
search more frequently in the internet.

Figure 3.

Agents in the 1st cycle of recommendation

Figure 4.

Communication protocol - Choosing tasks

4 Case Study - A Travel Recommendation
In this section, we present a case study with the application of the
multiagent recommender system architecture in the tourism scenario.
The system recommends travel packages to the user. Each travel
package is composed by flights, accommodation and attractions. The
agents work in a cooperative way to recommend the best travel package to the user. They can communicate with each other and are able
to share their knowledge.

Figure 2.

from the list, informing the chosen task to the TA agent. The TA
agent sends an ackonwledgement and ends the communication. This
communication protocol must be atomic to avoid inconsistencies in
the list of tasks. Figure 3 shows that in this example, only three CP
agents were in the community in the moment that the TA agent has
created the list of tasks.
In the example, Agent1 has selected the task type of transportation
and it was responsible for the flights to the destination chosen by the
user. In the web search, Agent1 found three possible flights. Agent2
has selected the accommodation task and found information about
three-star hotels in Sao Paulo and Salvador. Agent3 is responsible
for the attractions. Due to a failure or due to its position (outside the
range), Agent4 is outside the community and it did not listen to the
request. That is why it does not appear in figure 3.
If the user criticizes the recommendation and, for example,
changes the type of wished accommodation, the recommendation cycle restarts. The list of tasks is recreated only with this new preference. In this new cycle, the agents can choose different tasks from the
list (even because the list is dynamic so the tasks change according
to the new preferences defined by the user). Now the user asked fourstar hotels and s/he expects a new recommendation. In this cycle, the
agents already have information in their LocalKB and they search
first in their own KB. If they do not find the information needed, they
start the communication with other agents.
The communication protocol in this case is called Assistance Protocol and it envolves the CP agent that is searching for information
and the community. The CP agent send a broadcast message to the
community telling that it needs information i to perform its task t.

Users’ preferences

The recommendation cycle starts when the user specifies his/her
preferences (as shown in figure 2). After these preferences are given,
a list of tasks is created by the TA agent. Each preference chosen
by the user becomes an item (also called a component of the travel
package) in the list. The CP agents then pick a task from this list.
When a CP agent selects a task, it is marked as “already allocated”
and no other agent can select it (in the future we will study whether
the system’s performance could be improved if we allow more agents
to carry out the same task; possibly there will also be a cost regarding
inconsistencies). According to the user’s preferences example shown
in figure 2, the list was created with 3 tasks: 1) destinations and attractions; 2) type of transportation; and 3) type of accommodation.
Each CP agent knows its identification, its own knowledge base
(LocalKB) and its set of assumptions (information exchanged with
other agents). Initially, all the agents have their LocalKBs empty and
these LocalKBs are incremented according to the utilization of the
system.
The communication among the agents is done through exchange of
messages. The first communication protocol used in this architecture
is the Choosing tasks Protocol, shown in Figure 4. The TA agent
sends a broadcast message to the community indicating that the list
is available. To pick a task from the list, each CP agent has to start
a communication with the TA agent. The TA agent sends a list with
the available tasks to the CP agent. It chooses (randomly) its task
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base and its set of assumptions. All the agents communicate to each
other to exchange information, avoiding unnecessary processing because they first check their knowledge bases and the community of
agents. Only if they do not find information in their LocalKB or in
the community then they search in the internet.
The proposed architecture is under development. Preliminary
studies show some positive feedback:

Figure 5.

• The use of agents in the distributed recommender system in the
tourism domain returns good recommendations, according to the
user’s preferences. The agents have the knowledge needed and
they are able to create the recommendation as the human travel
agent would do it;
• The two different kind of agents help in the recommendation
process performance. TA agents are responsible for creating
the whole recommendations. CP agents are responsible for the
searches;
• The TMS element in each CP agent helps to keep the data integrity
of the knowledge bases. Each time an agent talks to another one to
ask for information, it is necessary to validate the agent’s beliefs,
otherwise inconsistencies can appear.

Agents in the 2nd cycle of recommendation

The agents from the community answer if they have or not the information. As we can see in figure 5, Agent3 was responsible for
searching information about accommodation. It did a broadcast to
the community asking for information about four-star hotels. Agent1
and Agent2 answered the request, telling that they do not have the
information and Agent3 store this fact in its LocalKB.
Let us assume that the user criticized the recommendation one
more time and now s/he changed the destination, choosing Sao Paulo
and Rio de Janeiro. The agents choose their tasks from the list and
now Agent4 is responsible for the four-star hotels. This agent has not
been introduced to the other agents yet because in the previous cycles it was not in the boundaries of the broadcast. So, it introduces
itself to the community and gets to know the other agents. It learns
that Agent3 has information about four-star hotels and they exchange
information. However, it learned now that the information is about
four-star hotels in Sao Paulo and Salvador. Agent3 has not information about four-star hotels in Rio de Janeiro.
It is important to notice that the agents cannot always hear the
messages. They can be away from the boundaries of the broadcast.
This leads to inconsistencies in their LocalKBs and also in their set
of assumptions. That is a serious problem when they try to exchange
information. This work helps in the negotiation among the agents,
trying to keep the integrity of their KBs. The TMS element of each
agent helps to keep the KBs integrity and allows the agents to exchange information in a reliable way.
Another point that our approach considers is the fact that travel
package recommendation needs specific knowledge to each component of the package. The information needed can be distributed in
different sources. With its own KB and the possibility of exchange
information among all the community members, the agents help in
the recommendation, working in a distributed and cooperative way.

As future work, we intend to increase some features in the approach such as including more components in the list of tasks and
evaluate what happen if two agents pick the same tasks, maybe some
competitive behavior can show up. We want also to include some
task allocation approach to improve the process where the CP agents
choose their own tasks.
Another point to be investigated is the feasibility to convert the
agent’s knowledge base into a case base. It means that each agent
can have its own case base and tries to recommend using past cases.
As shown in [5], distributed case-based reasoning is being used in a
variety of application contexts.
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5 Concluding Remarks
Recommender systems are been used in e-commerce to help users
to find out better products according to their needs and preferences.
Knowledge-based approach tries to exploit the knowledge about the
user to improve the recommendation. In this paper, we presented an
architecture of a distributed multiagent recommender system where
the agents work together to search information that fit to the users
preferences.
In this multiagent architecture, each agent has its own knowledge
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A multiagent recommending system for shopping centres
Javier Bajo1, Juan M. Corchado2, Yanira de Paz2, Juan F. de Paz2, Quintín Martín2
in keeping with their surroundings [3]. Every shopping mall has a
permanent image and a certain common management. Part of
shopping mall management includes solving incidents or problems
in a dynamic environment. As such, a mall can be seen as a large
dynamic problem, in which the management required depends on
the variability of the products, clients, opinions, etc [6].
In the next section, the wireless multiagent system developed
will be presented, paying special attention to the Planner agent
detailed in the third section. Finally, some preliminary results and
conclusions are presented.

Abstract. This paper presents a multiagent model that provides
recommendations on leisure facilities and shopping on offer to the
shopping mall users. The multiagent architecture incorporates
deliberative agents that take decisions with the help of case-based
planners. The system has been tested successfully, and the results
obtained are presented in this paper.

1 INTRODUCTION
Multiagent systems have become increasingly relevant for
developing applications in dynamic and flexible environments,
such as the internet, personalized user interfaces, oceanography,
control systems, recommendation systems or robotic [4, 9, 10].
Agents can be characterized through their capacities such as
autonomy, reactivity, pro-activity, social abilities, reasoning,
learning and mobility. These capacities can be modelled in various
ways, using different methodologies. One of the possibilities is to
use Case Based Reasoning (CBR) [1]. This paper presents a
distributed architecture whose principal characteristic is the use of
CBP-BDI recommender agents [11]. These deliberative agents
incorporate a reasoning Case Based Planning (CBP) engine [13], a
variant of CBR systems which allows the agents to learn from
initial knowledge, interact autonomously with the environment and
users, and allows it to adapt itself to environmental changes by
means of discovering knowledge “know how”. The aim of this
work is to obtain a model for recommending plans in dynamic
environments. The proposal has been used to develop a
recommending system for the uses of a shopping mall, that helps
them to identify bargains, offers, leisure activities, etc.
We have developed an open wireless system, capable of
incorporating agents that can provide useful recommendations and
services to the clients not only in a shopping centre, but also in any
other environment such as the labor market, educational system,
medical care, etc. Users are able to gain access to shopping and
sales and leasing time information (entertainment, events,
attractions, etc) by using their mobile phone or PDA. Mechanisms
for route planning when a user wants to spend time in the mall are
also available. Moreover, it provides a tool for advertising
personalized offers (a commercial manager will be able to make
his offers available to the shopping mall clients), and a
communication system between directorship, commercial
managers or shopping mall clients.
The Mall has become one of the most prevalent alternative to
traditional shopping [3]. A shopping mall is a cluster of
independent shops, planned and developed by one or several
entities, with a common objective. The size, commercial mixture,
common services and complementary activities developed are all

2 RECOMMENDING MULTIAGENT SYSTEM
Recommender systems have been widely studied and different
artificial intelligence techniques have been applied. The application
of agents and multiagent systems facilitates taking advantage of the
agent capabilities, such as mobility, pro-activity or social abilities,
as well as the possibility of solving problems in a distributed way.
There are many architectures for constructing deliberative agents
and many of them are based on the BDI model [7]. In the BDI
model, the internal structure of an agent and its capacity to choose,
is based on mental aptitudes. The method proposed in [13]
facilitates the incorporation of CBR systems as a deliberative
mechanism within BDI agents, allowing them to learn and adapt
themselves, lending them a greater level of autonomy than pure
BDI architecture [7]. The architecture proposed in this paper
incorporates “lightweight” agents that can live in mobile devices,
such as phones, PDAs, etc. [6, 9], so they support wireless
communication (Wi-Fi, Bluetooth) which facilitates the portability
to a wide range of devices [9].These agents make it possible for a
client to interact with the MAS in a very simple way, downloading
and installing a personal agent in his mobile phone or PDA. The
system also incorporates one agent for each shop in the shopping
mall. These agents can calculate the optimal promotions and
services at a given moment. The core of the MAS is a
Recommender agent that generates plans (routes) in response to a
client’s request, looking for the best shopping or leisure time
alternatives. The agent has to take into account the client profile,
the maximum amount of money that the client wants to spend and
the time available. The route generation must be independent of the
mall management, in the sense that it is not appropriate to use the
same knowledge base (or all the knowledge) that the directorship
controls. Only the knowledge corresponding to the offers and
promotions at the moment of the recommendation should be used.
Otherwise the client will be directed to the objectives of the
shopping mall management. As can be seen in Figure 1 there are
three types of agents: Recommender agent, Shop agents situated in
each shop and User agents situated in the client mobile devices.
Each User agent communicates to nearest shops and can
communicate to the Recommender agent. Shop agents
communicate to Recommender agent and User agents.
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an assigned weight. Since the number and type of business is high,
the businesses were classified into leisure time (cinema and
recreational), catering (restaurant, fast food and pizza) and public
retail (clothes, shoes, computing, supermarket and optical). The
products have been also classified, for example the films are
divided in action, comedy, terror and drama.
Figure 1. MAS: Coodinator agent, Shop agents and User agents.

Table 1. User profile case fields.

The option chosen to define an appropriate analysis and design
methodology for the problem to be resolved is one that combines
Gaia [17] and AUML [2], in an attempt to take advantage of both
[4]. Studying the requirements of the problem, three agent types
have been chosen: The User Agent plays three roles, the
Communicator role manages all the communications of a client;
the Finder role looks for near devices and the Profile Manager role
obtains a client profile. The Shop agent plays two roles, the Store
Operator is in charge of manage the store (data base operations on
stored products), moreover monitors the products shortage, in order
to prevent desupply; and the Promotions Manager role controls the
retails in each shop, as well as the promotions that every shop
offers to its clients. Finally the Recommender agent plays four
roles, the Clients Manager role deals with the client profiles
management and controls the connected clients at a given moment;
the Analyst role carries out periodic evaluations on retails,
promotions and surveys data trying to provide a good quality
service; the Incidents Manager role manages incidents, such as
sending advices, or solving a wide range of problems; the Planner
role is the most important role in our system. The Planner creates a
route printing the most suitable shops, promotions or events to the
client profile and available resources at one particular moment.
As far as interaction is concerned, the dependences and
relationships between roles are described. Each interaction in
which roles are involved requires protocols. In the SMA presented
in this work the next protocols have been considered:
RequestPromotionsData when the Recommender or a User agents
ask about promotions data and a Shop agent sends the response,
SolveConsult when the User agent makes query to a Shop agent
and receives the response, AlertShortage is used for a Shop agent
to inform the Recommender agent about a product shortage,
InformOrderSupplier is used for a Shop agent to inform the
Recommender agent about an order carrying out,
InformProductsState when a Shop agent inform the Recommender
agent about its products state, InformPromotionsState is used for a
shop to send periodic information about promotions to the
Recommender agent, SolveIncident is used for a Shop or User
agent to indicate to the Recommender agent that an incident has
happened and receive the response, SolveRecommendation when
the User agent asks the Recommender agent about a plan and
receives the response, finally Notify is used for the Recommender
agent to send notices to User or Shop agents. For example, when a
client asks for a new route, the user agent uses the
SolveRecommendation protocol. The Recommender agent sends
the recommendation and keeps receiving the results of each of the
subgoals proposed. If necessary a replannig will be maid.
The case structure for a client profile shown in Table 1, is
defined using CBML [11]. The structure is defined through feature
labels. The items, attributes and their values and weights are
labelled. In our problem three main attributes have been
considered: personal data, retail/leisure time data and interests data.
The retail/leisure attribute is composed of business type, business
identification, product type, product identification, price, units and
date attributes. The interests data attribute is composed of retail
time and frequency, monthly expense both business and product,
extracted from retail data, and the explicit attributes obtained from
questionnaires. Each attribute has a value, noun or adjective, and

Case Field
PERSONALDATA
RETAILDATA
INTEREST

Measurement
Client Personal Data (ClientData)
Retails (RetailsData)
User interests (UserInterest)

The agent controlling recommendations is a CBP-BDI agent.
This agent deals with multiple objectives derived from the tasks of
coordinating all the shops, the client management and planning and
optimization of routes. The routes and promotions proposed to a
client consider the client profile and their resources (money and
time) at the moment of the route request. It maintains a mall map
and an estimation of the time employed walking by a client. The
Recommender agent is able to generate routes, analyze retail and
promotion data, manage incidents and manage clients at the same
time. To solve the problem of route recommendation the
Recommender agent uses an innovative planning mechanism: the
Case Based Planning. CBP provides the agent with the capabilities
of learning and adaptation to the dynamic environment. Moreover,
the Recommender is able to apply a dynamic replanning technique,
the MRPI (Most RePlan-able Intention), which allows the agent to
change a plan at execution time when an incident happens [13].
The Recommender agent implements the reasoning cycle of the
CBP system by means of three capabilities: Update, KBase and
VCBP (Variational CBP) capabilities. The Update capability
implements the retrieve (neural network based on principal
component analysis and subsequent similitude algorithms) where
the past experiences are retrieved and retain stages, while the
KBase capability implements the reuse stage (neural network based
on pondered weight technique [12]) and the revise stage VCBP
capability , where the user opinion is evaluated. The VCBP
capability also controls the dynamic replanning task.
The platform chosen for implementation was Jadex [16], a
JADE add-on. The Jadex agents deal with the concepts of beliefs,
goals and plans. A belief can be any type of java object and is
stored in the beliefs base. A goal represents a motivation that has
influence in the agent behaviour. A plan is a java procedure and is
executed in order to achieve goals. Moreover all the JADE
communication advantages are provided (even the LEAP add-on).

3 RECOMMENDER AGENT. CBP-BDI AGENT.
The purpose of case-based reasoning (CBR) is to solve new
problems by adapting solutions that have been used to solve similar
problems in the past [1]. The CBP is a variation of the CBR which
is based on the plans generation from cases. The deliberative
agents, proposed in the framework of this investigation, use this
concept to gain autonomy and improve their recommending
capabilities. The relationship between CBP systems and BDI
agents can be established by implementing cases as beliefs,
intentions and desires which lead to the resolution of the problem.
As described in [13], in a CBP-BDI agent, each state is considered
as a belief; the objective to be reached may also be a belief. The
intentions are plans of actions that the agent has to carry out in
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constructed from the objectives and costs of the plan (6). For all
time points ti two variables are associated:

order to achieve its objectives [7], so an intention is an ordered set
of actions; each change from state to state is made after carrying
out an action (the agent remembers the action carried out in the
past, when it was in a specified state, and the subsequent result). A
desire will be any of the final states reached in the past (if the agent
has to deal with a situation, which is similar to a past one, it will
try to achieve a similar result to that). Next, the CBP recommender
is presented: Let E = {e0,...,en} the set of the possible interesting
places to visit and buy. An Agent plan is the name given to a
sequence of actions (1) that, from a current state e0, defines the
path of states through which the agent passes in order to offer to
the client the better path according to each client's characteristics.
Below, in (2), the dynamic relationship between the behaviour of
the agent and the changes in the environment is modelled. The
behaviour of agent A can be represented by its action function
a A (t ) ∀t , defined as a correspondence between one moment in
time t and the action selected by the agent.

aj : E →
ei

→

E

ti

Ob(t i ) = ³ O (t ) dt
a

∆O(t )
d
= cte
p(t ) = cte ⇔ lim
∆ →0 ∆R (t )
dt

(1)

In an n-dimensional space, the extension of the straight concept
line is called a geodesic curve. In this sense, the notion of geodesic
plans can be introduced, defined as those that maintain efficiency
at a constant throughout their development, and therefore, they are
the most replanned in the event of changes in the environment to
be able to complete the desired objectives. This way, only the plans
of constant efficiency (geodesic plans) are considered, due to the
fact that they are the ones of minimum risk. If the efficiency is not
constant it means that it depends on time, if the efficiency increases
it means that there will be problems if the plan is interrupted
quickly and if it decreases then there will be problems when the
plan has almost concluded, in the sense that it has not found an
alternative to obtain the objectives. As such, constant efficiency
becomes increasingly important. In an environment that changes
unpredictably, to consider any plan that is different from the
geodesic plan means to accept a certain risk. The agent must search
for the plan that determines a solution with a series of restrictions
F(O;R)=0. In the plans base the plans sought are those that are
initially compatible with the problem faced by the agent, with the
requirements imposed on the solution according to the desires, and
in the current state [1]. If all the possible plans {p1,...,pn} are
represented within the planning space, a subset of states that the
agent has already attained in the past will be obtained in order to
resolve similar problems. With the mesh of points obtained
(generally irregular) within the planning space and using
interpolation techniques, we can obtain the working hyperplan h(x)
(that encapsulates the information on the set of restrictions from
restored experiences, by definition leading to a hyperplan since it
verifies h(xj)=pj j=1,…,n and the planning space is the dimension
n). From this, geodesic plans can be calculated and and the
variation calculation is applied. Suppose, for simplicity’s sake, a
planning space of dimension 3 with coordinates {O,R1,R2}.
Between point e0 and objective points fs f={e1,..., em} and over the
interpolation surface h(x), the Euler Theorem [13, 14] guarantees
that the expression of the geodesic plans will be obtained by
resolving the system of equations in (7), where Ri is the function
accumulated R, O is the function of accumulated O and L is the
distance function on the hyperplan h(x), L=œhdl.
In order to obtain all the geodesic plans that, on the surface h(x)
and beginning at e0, allows us to reach any of the points e* fs f, a
condition of the surrounding must be imposed: the initial point will
be e0=(O0,R0). Once an efficient plan is developed, the plans
around it (along its trajectory) are used to create a denser
distribution of geodesic plans. The tool that allows us to determine

(2)

From the definition of the action function aA(t) a new
relationship that collects the idea of an agent’s action plan can be
defined. By knowing the action “a” that an agent A carries out at
time t (aA(t)), we have the plan that the agent carries out pA(t). .
For each time t the agent A will carry out an action. These actions
are functions and can be composed as such. To facilitate notation
this composition of functions will be expressed as a sum in the
discreet case and as an integral in the continuous case.
n

p A (tn ) = ¦ aiA (ti )

(3)

i =0

Where t0 is the time of the agent's first action to be detailed and
tn the time of the last action. Given the dynamic character that we
want to print onto our agent, the continuous extension of the
previous expression (3) is proposed as a definition of the agent
plan, in other words (4).
tn

p A (t n ) = ³ a A (t ) dt

(4)

t0

The variation of the agent plan pA(t) will be provoked essentially
by: the changes that occur in the environment and that force the
initial plan to be modified, and the knowledge from the success and
failure of the plans that were used in the past, and which are
favoured or punished via learning. O indicates the objectives of the
agent and O’ are the results achieved by the plan. R represents the
total resources and R’ are the resources consumed by the agent.
The efficiency of the plan (5) is the relationship between the
objectives attained and the resources consumed
E ff =

# (O ' ∩ O)
# R'

a

This allows us to construct a space representing the environment
for planning problems as a vectorial hyper dimensional space
where each axis represents the accumulative variable associated
with each objective and resource. The planning space, defined in
this way, conforms to the following properties:
Property 1: The representations of the plans within the planning
space are always monotonously growing functions. Given that
Ob(t) and Rc(t) are functions defined as positive, function p(t)
expressed at these coordinates is constant or growing.
Property 2: In the planning space, the straight lines represent
plans of constant efficiency. If the representations of the plans are
straight lines, the slope of the function is constant, and coincides
with the definition of the efficiency of the plan.

a j ( ei ) = e j

Agent A = {a A (t )}t∈T ⊆ N

(6)

ti

Rc(t i ) = ³ R(t )dt

(5)

Where # means cardinal of a set. The objective is to introduce
an architecture for a planning agent that behaves – and selects its
actions – by considering the possibility that the changes in the
environment block the plans in progress. This agent is called MRPI
(most re-plan-able Intention agent) because it continually searches
for the plan that can most easily be re-planned in the event of
interruption. Given an initial point e0, the term planning problem
is used to describe the search for a way of reaching a final point ei
e* E that meets a series of requirements. Given a problem E
and a plan p(t) the functions Ob and Rc accumulated are
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planning model of the agent G(t) is characterised as shown in
Figure 3. A minimum global Jacobi field J(t) also meets Bellman’s
conditions of optimality [5], in other words, a minimum global
Jacobi field, must select minimum Jacobi fields “in pieces” (10). If
on the one hand, successive Jacobi fields generate one Jacobi field,
and on the other hand, minimum Jacobi fields generate a minimum
Jacobi field, the MRPI agent that follows a strategy of replanning
G(t) as indicated to survive a dynamic environment, generates a
global plan p*(t) that, faced with all possible global plans { pn(t)}
Jp*(t). An
n N, presents a minimum value in its Jacobi field Jg*(t)
agent has been formally defined that in a dynamic environment
seeks plans that lend it greater capacity for replanning.

this is called the minimum Jacobi field associated with the solution
set [15]. g0:[0,1] S be a geodesic over a surface S. Let h:[0,1] x[, ] S be a variation of g0 so that for each t
(- , ), the set
{ht(s)}t (- , ): ht(s) for all t (- , ) are geodesic in S and they begin at
g0(0), in other words, they conform to ht(0)=g0(0) for all t (- , ).
In these conditions, taking the variations to a differential limit (8).


























d ∂L
- ∂L
°° ∂R − dO ∂R ' = 0
1
1
® ∂L
d ∂L
°
=0
−
°¯ ∂R2 dO ∂R2'



(7)



lim{ht (s) = g0 (s + t)} = lim{h(s, t)} =
t →0

t →0

∂g0
∂t

( s,0)

=

dg0
≡ Jg0 (s)
ds

(8)

J min (t ) = {J min (t1 − t 0 ), J min (t 2 − t1 )," , J min (t n − t n −1 )}

The term Jg0(s) is given to the Jacobi Field of the geodesic g0 for
the set {gn(x)}n N, and in the same way that the definition has been
constructed, it is possible to give a measurement for the
distribution of the other geodesics of {gn(x)}n N around g0
throughout the trajectory. Given a set of geodesics, some of them
are always g* that, in their environment, have a greater distribution
than other geodesics in a neighbouring environment. This is
equivalent to saying that it presents a variation in the distribution
of geodesics lower than the others and therefore the Jacobi Field
associated with {gn(x)}n N reaches its lowest value at Jg*. Let’s
return to the MRPI agent problem that, following the recuperation
and variation calculation phase, contains a set of geodesic plans
{p1,...,pn}. If the p* is selected with a minimum Jacobi Field value,
it can be guaranteed that in the event of interruption it will have
around it a greater number of geodesic plans in order to continue.
This suggests that given a problem with certain restrictions
F(O;R)=0, the geodesic plan p* with minimum associated Jacobi
field associated with the set {gn(x)}n N is called the most re-planable solution. The behaviour model G for the MRPI agent is (9).

(10)

Figure 4 shows a simple example: The mall main entrance has
been taken as the origin of coordinates. Different positions (user,
shops, leisure areas) are represented by means of coordinates in a
plane (R2). Bearing in mind the user's interests, places to visit are
selected, then, the routes that include these points are traced, and
the route most easily replanned in the event of interruption of the
initial plans is proposed; this is done bearing in mind the time
available, the shopping time and leisure activities schedule. The
chosen route is surrounded by the greatest density of alternative
routes, thereby ensuring the success of the proposed plan.









G(e0 , p1 ,", pn ) = p * ⇔ ∃n ∈ N / J gn ≡ J g* = Min J gn

(9)

n∈N

Figure 4. Screen shots for user profile and inform route.

If the plan p* is not interrupted, the agent will reach a desired
state ej e* fs f, j {1,…,m}. In the learning phase, a weighting
wf(p) is stored. With the updating of weighting wf(p*), the planning
cycle of the CBP motor is completed. In Figure 3, it is possible to
see what happens if p* is interrupted. Let’s suppose that the agent
has initiated a plan p* but at a moment t>t0, the plan is interrupted
due to a change in the environment. The geodesic planning meets
the conditions of the Bellman Principle of Optimality [5], in other
words, each one of the plan’s parts is partially geodesic between
the selected points. This guarantees that if g0 is geodesic for
interrupted e0 in t1, because e0 changes to e1, and g1 is geodesic to
e1 that is begun in the state where g0 has been interrupted, it
follows that: g = g0+ g1 is geodesic to e= e0 (t1 - t0)+e1 (t2 – t1)




4 RESULTS AND CONCLUSIONS
The system was tested at the Tormes Shopping Mall in the city of
Salamanca during 2005 and 2006. The multiagent system has been
tuned and updated, and although the system is not fully operational
and the aim of the project is to construct a research prototype and
not a commercial tool, the initial results have been very successful
from the technical and scientific point of view. The construction of
the distributed system has been relatively easy, using previously
developed CBR-BDI libraries [4, 9, 10]. AUML [2] and Gaia [17]
provide an adequate framework for the analysis and design. The
formalism defined in [13] facilitates the straight mapping between
the agent definition and the CBR construction. Figure 4 presents
two screen shots of the User agent. It shows the form for
introducing personal data and the route generated for a client trying
to buy clothes and see an action movie. The security problem was
tackled by using the FIPA https protocol and a private network to
connect Shop agents with the Recommender agent.
The fundamental concept when working with a CBR system is
the concept of case, so it is necessary to establish a case definition.
A case managed by the Recommender agent, is composed of the
attributes described in Table 2. Cases can be manipulated manually
or automatically by the agent (during its revision stage, when the
user evaluation obtained through questionnaires is given to the
system). The agent plans can be generated using different strategies
since the agent integrates different algorithms. The metrics

Figure 3. Model for behaviour G(t).

The dynamic process follows the CBP cycle recurrently: each
time a plan finds itself interrupted, it generates the surroundings of
the plans from the case base from the state reached so far, and
adjusts them to the new problem. With this it calculates the
geodesic plans and selects the one which meets the minimum
conditions of the associated Jacobi field. In this way the dynamic
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have instant information about the products they are interested in,
and the information is very accurate and customized.
As the system obtained more information about client profiles,
products and habits, the system knowledge increases and the
recommender agent provides more optimal plans. The clients also
needed time to get used to the system.

mechanisms proposed in [8] facilitates the retrieval stage, but the
products base and the promotions base must be defined and sorted
including metrics that facilitate searches for similitude, for
example the time expected for buying each product. The client
profile is obtained from retail data and periodic questionnaires. The
system has been tested from October 2005 to February 2006
obtaining promising results. The e-commerce techniques [3] have
facilitated the client motivation since a user can easily find the
products he/she is interested in, spend his leisure time in a more
efficient way and make contact with other clients with whom
he/she can share hobbies or opinions. So the degree of client
satisfaction has been improved as observed in the surveys.
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The first autonomous prototype started to work in October
2005 with a test set of 30 users, with up to 75 that gave their
evaluations in the final promotions and a final number of different
users of 157 with 328 evaluations, at least 50% of users giving an
evaluation more than once. The users were selected among clients
with a terminal supporting the application (Wi-Fi, Bluetooth). The
results obtained show that the greater part of users, near 67%, were
people aged between 16 and 30 years old, while the percentage of
people older than 40 is less than 3%. However there were no
significative differences with respect to client sex. Figure 5 shows
the clients degree of satisfaction during the 6 promotions studied.
The tendency indicates that as promotions were launched, the
client satisfaction degree grew. As expected, at the beginning, the
system obtains a low evaluation, basically due to the causes
derived from the system start up; but as more cases were
incorporated, the promoted products were closer to the user profile.
Users have noticed the utility of the dynamic replanning, since it is
quite usual for them to change opinions/objetives in the middle of a
plan. The MRPI tool is greatly appreciated and optimizes the time
spent in the shopping mall.

Figure 6. Retail promotional products and retail total products.

Table 2. Recommendation case fields.
Case Field
CLIENT
MONEY
TIME
INIT
PREF
SOLUTION

Measurement
Client profile (ClientProfile)
Money to spend (Money)
Time (Time)
User initial location (Location)
User preferences (Preference)
Solution and efficiency (Solution)

The percentage of sales of promotional products, shown in Figure
6, has slightly grown over the total. The basic reason is that clients
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Evaluating Different Preference Elicitation Methods
for a Mobile Recommender System in a Field Trial
Ronny Kramer, Marko Modsching, Klaus ten Hagen1 and Ulrike Gretzel2
Abstract. Recommender systems offer product advice or
information users might be interested in. In the tourism
sector information needs are directed towards sights and
restaurants. Today’s agent technology provides the
opportunity for intelligent tour recommenders to organise a
personal walking tour and to provide user specific guidance
and interpretation to create an individualized experience.
This is the main objective of the Dynamic Tour Guide
(DTG, [16]) - a mobile agent that elicits personal generic
preferences, selects attractions, plans individual tours,
provides navigational guidance and offers location based
interpretation via a mobile device. But intelligent recommendation deliveries require knowledge about the user’s
interests. A field trial served to evaluate methods for the
elicitation of generic preferences and to reason about their
general necessity by defining the following research targets:
Is it possible to seed generic interest profiles that allow the
accurate prediction of rankings of concrete sights? And are
these profiles sufficiently diverse to make personalised tours
based on individual interests a real improvement towards
standard tours? The results suggest that ranking of simple
categories constitutes the most effective means of capturing
user preferences using a mobile device and that standard
tours would not adequately represent the wide array of
interest profiles identified.

1

device provides less than 4% of the pixels of a PC and
its users are subject to many distractions, e.g. traffic
noise, that make them less patient in interacting with
the application. Thus, time and information bandwidth
is severely limited compared to a standard PC
environment. This paper suggests three different GUIs
and preference elicitation models considering these
constraints. The gathered interest profiles are
subsequently benchmarked in order to determine the
accuracy of the elicitation process. In addition, the
diversity of the tourists’ interests is analyzed in order
to study the necessity to gather individual profiles.

2
2.1

2

Tourist distribution surveys

A survey among 1500 tourists in Heidelberg by
Freytag [6] found out that most tourists explore the
city by foot and on their own as they probably are
spontaneous visitors who, due to information deficits,
move within a very limited area around the Old Town.
Chapter 9 of Kempermann et al [10] presents the
different behaviour of first-time and repeat tourists at
theme park destinations. It is outlined that repeat
visitors select attractions much more properly based on
previous knowledge. These examples emphasize the
intention of the DTG helping tourists to be able to visit
sights they are most interested in by offering
recommendations based on information that isn’t
visible or accessible for tourists yet.

INTRODUCTION

Presently guided tours have to be booked in advance,
e.g. in tourism offices. Tourists wanting to start a
walking tour on the spot will have to assemble their
own one using public information sources like maps or
signs. With just little information a software agent
might take on that challenge. A tourist needs to
provide a generic interest profile, a start- and end point
and a given time period – all necessary data to
compute and recommend an appropriate tour. The
challenges lie in eliciting the preferences of a tourist
by means of a mobile device to seed an interest profile,
to rank the available sights conditional on these
interests by semantic matching, to compute an
individual tour based on these data, and to adapt the
tour to spontaneous choices made by the tourist when
executing the tour. The challenge this paper is
concentrated on is the evaluation of preference
elicitation methods. The specification of interests in a
mobile context is particularly difficult [13]. A mobile
1

RELATED WORK

2.2

Tour Guides

The following projects summarize the current state of
the art in Tour Guide research activities:
Cyberguide [1] was one of the first mobile tour guides.
It works outdoor with GPS and indoor with infrared to
determine context information like users’ position and
orientation. Personal preferences are not analyzed to
compute a tour plan, but the user can receive
information about anything he/she is near.
GUIDE [3] is a mobile tour guide which uses cell
based positioning supported by interaction dialogs
letting the user select photos of concrete attractions
she/he is looking at to receive information. The tourist
has to choose sights for visits by categories manually.
Then a route is computed using navigation objects.

Hochschule Zittau/Görlitz, Germany, email: K.tenHagen@Hs-ZiGr.de
Texas A&M University, USA, email: ugretzel@tamu.edu
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of users by the way of representation. Most people
aren’t aware about their preferences all the time, so
they need to be inspired to be reminded of it.
Eliciting ones preferences is not a trivial task
especially in mobile context as found out by e.g.
Nguyen, Cavada & Ricci [13]. But solving this
problem may lead to fundamental improvements in
eTourism, e.g. more personalized information
provision to enable the tourists to enjoy a destination
to its full potential.

The Deep Map project [12] presents a tourist guide
that is accessible by voice, provides domain knowledge in a database and has a geographical information
system integrated. But the user has to plan the tour
her/himself. Virtual screen tours are possible as well.
The software developed by eNarro [4] provides
predetermined tours presenting the most important
sights in many big cities all over the world. The tourist
needs a PDA with a special player loaded with the
content for the particular tour for audiovisual information presentation. Additional navigation software
providing guidance support is necessary.
In connection with the AgentCities [2] framework the
“Fujitsu Laboratories of America” [7] have developed
an event organizer. Based on an ontology, it selects a
restaurant according to the guest’s preferences and
makes a reservation when planning an evening. This is
a step towards context-awareness, as the search for a
restaurant is dynamic due to the user’s preferences.

2.3

3
3.1

PREFERENCE ELICITATION EXPERIMENT
Target

The field study was designed to answer the following
questions in particular:
(1) Is it possible to build a mobile system that
effectively collects generic preferences from
tourists to successfully predict the ranking of
concrete sights?
(2) How diverse are the interests of tourists? Are
there clusters of interest profiles, such that
offering a selection of standard tours would
sufficiently serve the purpose?

Preference elicitation

The DTG strongly emphasizes the recommendation
component that leads to individual tour experience
with minimal effort for tourists. This requests a
computation of an individual tour in real-time by
considering available context information like personal
interests and location based services. But there is
always a tradeoff between effort and quality, whereas
recommendation quality is more important like shown
in many studies (e.g. Swearingen & Sinha 2001 [15]).
Eliciting the tourists’ interests and tour preferences is
thus the precondition to be able to make suitable
recommendations:
Fink and Kobsa [5] investigate the elicitation of
preferences in order to personalize a tour by observing
the behaviour of the tourist, generalize the
observations based on “stereotypes” and then predict
interests in certain concrete items. This approach
presumes a central server for storage and a certain
amount of data to bootstrap the system. In order to
jump start the provision of personalized tours the
availability of sufficient information about relevant
generic interests is indispensable. This approach
intends to develop and validate methods to gather a
generic interest profile, which is then used to derive
rankings on concrete attractions by semantic matching
based on a common public ontology of the destination.
Any data is gathered by a mobile device owned by the
user. Therefore any personal information doesn’t need
to leave the boundary of a personal computing device.
Gretzel and Fesenmaier [9] not only mention the
recommendation aspect, but also the persuasive
component of a recommendation system. The primary
goal is to get to know the preferences of users, but as
this is a complex task it is better to get some clues and
then to suggest things which can influence the choice

3.2

Setup

The field study was conducted in Görlitz (Germany,
[8]) in the summer of 2005 over a time period of four
weeks and involved 234 tourists. Before the
experiment could start, about 80 sights of the city of
Görlitz were modeled semantically (assigned to
concepts of an attraction ontology) and in respect of
content (pictures and describing text for each
attraction). Three different methods were developed
and implemented as shown in Table 1.
The tourists were given an MDA, which is a PDA type
mobile device with an integrated mobile phone. Their
tasks were to complete a questionnaire and to express
their generic interests using one of those three
methods. The generic interests served as the input for
the semantic matching algorithm to rate (and rank) all
available concrete sights appropriately by directed
graph evaluation. Please see [16] for more details. Two
sights rated best, worst and medium were picked out to
be displayed on a PC screen by chance. The tourist
was then asked to rank these six concrete attractions
using descriptions and pictures provided for each. The
purpose was to find out the preference elicitation
method which led to generic profiles that were most
suitable to predict the behaviour of the tourist in
ranking the concrete sights. This method will achieve
the highest correlation between predicted ranking and
the ranking created by the tourist. An equal rank order
of tourist and algorithm results in the highest possible
correlation value, which is 1.
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Table 1: Preference elicitation methods

methods were stated to be self-describing and easy to
work with. A differentiated analysis demands figures.

ƒ Hierarchical browser (tree view):
The hierarchical
structure of the ontology
is visualized by a tree
view element. The user
can select any category
she/he is interested in by
checking the boxes. The
advantage is that
everything can be
displayed on a single
screen which is also a
disadvantage when
expanding the tree as
small fonts have to be used and scrolling becomes
necessary.

3.3.1

Correlation

The generic interests selected by the tourist served to
rank the available concrete attractions by the semantic
matching algorithm. 6 concrete sights of that list had to
be ranked by the tourist. The similarity between user
defined rankings and algorithm-based rankings can be
expressed in the form of rank order correlations. The
best result is an identical ranking (value 1), the worst
one is an opposite list (value -1). A value of 0 signifies
that there is no recognizable correlation. The
correlation value is determined by the formula of
Spearman which compares two ranked lists according
to Lowry [11].
n

6 u ¦ d i2

ƒ Inspirational images:

rs

The hierarchy is
presented by iconic
images for each level.
These images shall
associate positive or
negative feelings with
each term. The pictures
can be maximized and
information for each
term is offered too.

i 1

n u (n 2 1)

,

with n = number of elements, d = difference of the
element positions, i = index
The difference of the positions of each sight in both
lists is calculated and squared. The condition is that the
elements must be ordered ordinal. That means that
there is a significant difference between the first and
second element and so on. In this case there might be
sights at adjacent positions having received the same
amount of points. Then the difference is set to 0, where
else it is 1.
The correlation results are listed in Table 2. From a
median perspective the correlation for the relatively
simple method using five main categories and the
imaginative method using images are equally effective
in capturing the interests of the tourists. Wrong
selections of main categories or images supported
categories are less probable than within a multilevel
tree structure which is the last method. But altogether,
due to the mobile context conditions, the three
methods only show little difference.

The advantage is the
visualization by pictures
and symbols which clearly emphasizes the
recommendation aspect. However to proper
presentation on a mobile device requires several
screens, which makes the orientation difficult.
ƒ Main categories
Only the main categories
(landmarks, architecture,
culture, landscape and
celebrities) are provided
for selection. Selecting
one category will open a
pop-up window to give a
percentage value to
express the intensity of
the interest which is
displayed by a certain
amount of colored stars.

3.3

1

Table 2: Correlation results

Method
rs coefficient

Mean
Median

Tree

Images

0.47
0.54

0.48
0.6

Categories
0.52
0.6

The median value expresses that half of all tourists
have reached a correlation of 0.6 or higher. Taking a
look at the distribution of correlation values in Figure 1
emphasizes that fact. As there aren’t any similar
experiments for comparison, an exemplary ranking
shall help to assess the meaning of the values:
- Rank order 0):1,2,3,4,5,6
Æ correlation = 1

Results

Each tourist only tested one of the three methods. So a
question which method they would prefer wasn’t
possible. But being asked to rate the usability all
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- Rank order 1):3,2,1,5,6,4
Æ correlation = 0.6
- Rank order 2):5,2,3,4,1,6
Æ correlation = 0.1
A correlation of 0.6 can thus be regarded as a similar
ranking as there are only minor changes in the order.
That means that for the majority of the tourists the
attractions which will be automatically selected for the
tour will be those highly voted by the tourist
him/herself. Thus the elicitation of generic preferences
is possible and works well.
30

Number of Tourists

25
20
15
10
5
0
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

Rank Order Correlation Coefficient
Tree explorer

Main categories

Inspirational images

Figure 1: Correlation distribution

Surprisingly the amount of clicks as well as the
amount of time spent for specifying one’s interests
doesn’t have a positive effect on the spearman
coefficient. One might now reason that any further
effort doesn’t lead to an improvement of the ability to
predict the selection of concrete attractions. At least
this was the case with the three methods used in this
field study.
3.3.2

used to compute the entropy:
L

H

k

* log 2 pk

k 0

with L = number of profiles, p = probability of profile
k
The computed entropies are displayed in Table 3. If all
profiles were identical the entropy would be zero. If all
profiles are unique the entropy is the binary logarithm
of the number of profiles. As the values are between
85% and 98% of the maximal entropy most profiles
are unique. The fact that the image version has the
lowest value means that the tourists’ decisions were
influenced by the images (and their quality), so that
more tourists were attracted by the same things.
The entropy calculation for the interest profiles as a
whole shows that the overwhelming number of profiles
is different. However it might still be the case that
there is considerable overlap between the interest
profiles. Therefore each profile was compared against
the other profiles, determining how many elements are
identical. The average amount of identical elements is
expressed as a percentage also listed in Table 3.
Table 3: Diversity of interest profiles

Method

Entropy

Given the values of the rank order correlation
coefficient it can now be assumed that the semantic
matching algorithm using generic interest profiles is
able to rank the attractions according to the desires of
the tourist. Nonetheless an ambient intelligence device
computing individual tours might not be necessary,
since the interests of the tourists are pretty much the
same or fall into a couple of well-defined prototypical
interest profiles. Therefore the next crucial question is
how diverse are the gathered interest profiles?
A way to assess the diversity is to compute the entropy
which is a measure for disorder. Zero describes a total
order or concentration whereas the maximal value
describes an even distribution. Measuring the entropy
each profile is interpreted as a combination of
interests. Each combination has a certain probability of
occurrence, which can be determined by dividing the
frequency of each profile by the number of profiles in
total. The profiles derived from main category
selections contain additional percentage values for
each category which are considered within different
combinations as well. The single probabilities are then

¦p

Number of Relative
profiles
Entropy

Overlap:
Min-Max

Tree

75

0.92

3%-53%

Images

90

0.85

1%-40%

Categories

69

0.98

17%-34%

The right side of Table 3 lists the overlap number. For
the tree version up to 53% of overlap is given meaning
that in the average between 3% and 53% of the classes
in an interest profile are common with another interest
profile. Still the half of all profiles differs.
Furthermore the entropy of the distribution of selected
interests within the ontological hierarchy can be
determined. It gives an impression if the tourists select
the same nodes within the same branch or if the
selections are spread evenly across the whole tree
structure. The absolute numbers of selections of each
interest term were taken to calculate the entropy for
each level of the hierarchy. What can be seen in Table 4
is that the interests are indeed very individual and
tourists do not select the same things at all as the
entropies reach more than 90% of an even distribution.
These results show that there is a considerable
difference of personal interests among the majority of
tourists. Providing only a set of prototypical tours
might not satisfy individual needs. Thus individual
interest elicitation seems to be indispensable.
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Table 4: Diversity of interest selection at various levels of
the ontology using the image version

Image
version
Level 1
Level 2
Level 3

4

Actual
Entropy
2.28
3.7
3.98

Max
Entropy
2.32
4.0
4.17

Relative
Entropy
0.98
0.93
0.95

CONCLUSION

The DTG recommends highly personalized adaptive
tours based on individual preferences. The field trial
has proven that generic preferences can be elicited
effectively even in mobile context. Capturing
preferences using a limited number of easy and
intuitive attraction categories appears to be the most
suitable way. Based on this generic interest profile a
semantic matching algorithm is able to compute a
ranking of concrete sights, which is highly correlated
with a ranking by the tourist him/herself. Based on the
ranking of sights an approximate heuristic algorithm
then computes an initial tour plan. As the field trial has
also shown, individual tour plans are necessary as the
interests among tourists strongly vary.
The DTG enables tourists to enjoy a destination
according to different contexts, which includes their
interests, available time, actual position and
environmental conditions. Personal tour recommenders
may help spreading the tourists more evenly across the
destination and give exposure to a much wider set of
services. This is going to be examined in another field
trial in summer of 2006 by evaluating the complete
mobile application.
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Using an Ontologcial A-priori Score to Infer User’s
Preferences
Vincent Schickel and Boi Faltings1
Abstract. With the ever growing importance of the web in our life,
people have become overwhelmed by information and are unable to
find the object that matches their need. To help the users in this process, recommendation systems filter unnecessary objects and only
show the most suitable ones. However, due to an incomplete preference model, today’s systems may fail to recommend the items that
best match the user’s preferences. We propose a novel technique for
filling in missing elements of a user’s preference model using the information captured in an ontology. Furthermore, we show through
experiments on the MovieLens data set that our model achieves a
high prediction accuracy and personalization level even when little
about the user’s preferences is known.

1 Introduction
Recommendation systems (RS) have been devised as tools to help
people find items on the internet. Two kinds of techniques are widely
used in e-commerce sites today.
The first technique is item-to-item collaborative filtering (CF,
[13]), which recommends products to users based on the experience
of like-minded groups of users. CF assumes that similar users like
similar objects, which means that its ability to recommend items
depends on the capability to successfully identify the set of similar users, known as the target user’s neighbourhood. Furthermore, it
does not build an explicit model of the user’s preferences. Instead,
preferences remain implicit in the ratings that the user gives to some
subset of products. In practice, CF is the most popular recommendation technique, and this is due to three main reasons. First, studies
have shown it to have satisfactory performance when sufficient data
is available. Second, it can compare items without modeling them
and thus can theoretically deal with any kind of item, as long as they
have been rated by other people. Finally, the cognitive requirement
on the user is very low. However, it has been argued by many authors that CF suffers from profound handicaps such as the cold-start,
first-rater, and scalability problems [6], [10], and [14].
The other widely used technique is preference-based recommendation. Here, a user is asked to express explicit preferences for certain
attributes of the product. If preferences are accurately stated, multiattribute decision theory (MAUT, [4]) provides methods to find the
preferred product even when the set of alternatives is extremely large
and/or volatile. This technique does not suffer from cold start, latency
or scalability problems, since recommendations are based only on
the individual user’s data. However, the big drawback of preferencebased methods is that the user needs to express a potentially quite
complex preference model. This may require a large number of in1
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teractions, and places a higher cognitive load on the user since he has
to reason about the attributes that model the product.
At the same time, the use and benefit of ontologies in recommendation systems has been widely accepted. [1] have used a simple ontology called Concept Tree to build a personalized search engine that
increased classification accuracy by more than 60%. [10] have reduced data sparsity in CF by combining semantic and item similarities together. [7] have used ontological relationships between topics of interest to infer other topics of interest, which might not have
been browsed explicitly. More recently, it has been shown that topic
diversity in recommendation via the use of an ontology can increase
recommendation usefulness [16].
In this paper, we define a novel similarity measure called Ontology
Structure based Similarity (OSS). It is based on assigning concepts
in the ontology an a-priori score (APS), and computing the relations
between the scores assigned to different concepts. APS is used to determine propagation parameters for scores between concepts. We use
this in a novel preference based technique that solves the recommendation problem even when very little data about the user is known.
As in collaborative filtering, user’s preferences are expressed implicitly via the ratings of some items. The novelty of our work is to infer
missing preferences using the OSS approach, thus avoiding the need
for complex preference elicitation.

2

DEFINITIONS & ASSUMPTIONS

In this work, an ontology λ is defined as a directed acyclic graph
(DAG) where a node represents a primitive concept, and an edge
models the binary specialization relation (isa) between two concepts.
Thus, the ontology establishes a hierarchy where each concept can
have a set of sub-concepts known as the descendants, but not all instances of a concept must belong to a sub-concept.This work assumes
the existence of an ontology, where all the items of our catalog are
instances of a concept. Our model allows an item to be instance of
any concept in the ontology, not just a leaf concept.
An example of a popular ontology is WordNet [8], where concepts
represent groups of similar words (synonyms), and edges are hypernyms (is-subset-of) and hyponyms (part-of) relations. E-commerce
sites like Amazon.com also use simple taxonomies to classify their
items.
In the recommender system context, a concept represents a group
of items with the same features. Consequently, items in the different sub-concepts are distinguished by differences in certain features.
However, these are usually not made explicit in the ontology. Concretely, we see a feature as a restriction on a property or a combination of properties that differentiates a concept from its parent. For
example, the subclasses of red and white wines are distinguished by a
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combination of features which include color and also certain aspects
of taste.
The recommendation problem can be seen as the problem of predicting a score S assigned to an item. For example, the score could be
a preference score or popularity rating. We assume that the score is a
positive real-valued function that satisfies the following assumptions:
• A1: the score depends on features of the item.
• A2: each feature contributes independently to the score S.
• A3: unknown and disliked features make no contribution to S.
The first assumption is very intuitive and reflects the fact that an
item is instance of a concept, which is modeled by a set of features.
Following this, all instances of the same concept will have the same
score, and this score will only be influenced by the features making up the concept. Assumption A1 is also present in multi-attribute
decision theory [4], where the utility of an item depends on the preference value of the attributes making that item. Thus, all instances
of the same concept will have the same score as they share the same
features.
The second assumption eliminates the inter-dependence between
the features and allows the score to be modeled as the sum of the
scores assigned to each feature. In MAUT, an even stronger assumption (the mutually preferentially independence) is used to build an
additive value function of an item. In parallel, [11] extended the idea
of additive value function to a decision strategy called the weighted
additive strategy (WADD).
The third assumption may appear counterintuitive, but it reflects
the observation that users are risk averse. For example, if the score
models the price that a user is willing to pay for an item, it is rational
for users to adopt this pessimistic view, since one would not normally
be willing to pay for features that have not been explicitly provided or
which are disliked. Thus, the score attached to a concept can be seen
as a lower bound on the score that items belonging to that concept
might have.
More generally, some analogy can be made between the score
function and the lower prevision [15]. The lower prevision of a gamble X is a real number, which is interpreted as the highest price a user
is willing to pay for X. In fact, the score of a concept c corresponds
to a strict lower bound of the prevision for selecting any instance of
c. Preferences can be reasonably modeled as scores, but scores could
also model other properties.
We show in experiments that such an assumption about scores
yields the best known model of concept similarity.

this probability ignores the fact that concepts can have descendants.
Our model is by definition pessimistic (A3), which means that the
score should be a lower bound of the score of items belonging to this
concept, and the score of its descendants. Therefore, the probability
that the score of any concept c is superior to a threshold x is equal to
(1 − x)n+1 , where n is the number of descendants of c. Note that we
count all descendants, not just the leaves, to account for the fact that
each concept has instances that do not belong to any sub-concept.
The probability distribution of the score for a concept c is
P (S(c) ≤ x) = 1−(1−x)n+1 , with the following density function:
¢
d ¡
1 − (1 − x)n+1 = (n + 1) . (1 − x)n
(1)
fc (x) =
dx
To compute the expected score of the concept c, E(c), equation
(1) is integrated as shown in equation 2.

Z

1

xfc (x)dx = (n + 1)

0

root
d features

z
t

s

3 Computing an A-Priori Score
A major ingredient of OSS is to compute the a-priori score of a concept c, AP S(c), based on its location in the ontology. The APS models the expected score of each concept for an average user, but without using any user information. It is not used as a prediction of actual
scores, but only to estimate constants (α and β) that determine how
actual user’s scores propagate through the ontology.
As we have no information about the user, we assume that all the
items have an a-priori score that is uniformly distributed between 0
and 1. This is often a reasonable assumption as each concept exists
to satisfy the desire of a similar group of people. The score represents how much an item is liked, where 0 means maximally disliking
the concept and, conversely, 1 means maximally liking it. Following
assumption A3, the score of a concept is the greatest lower bound of
the scores of its items. The probability that the score of a concept c is
superior to the threshold x, (S(c) > x), is equal to 1 − x. However,

Z

1

1
(2)
n+2
The expected score tells us that the expected score of a concept
c will be inversely proportional to the number of its descendants +
2. Following equation (2), the a-priori score of a concept c with nc
descendants is defined as:
1
(3)
AP S(c) =
nc + 2
The a-priori score defined in equation (3) implies that the leaves
of the ontology will have an APS equal to 1/2, which is equal to the
mean of a uniform distribution between 0 and 1. Conversely, the lowest values will be found on the root. This means that when we travel
up the ontology, the concept becomes more generalized, and therefore the APS decreases. From an economic point of view, it means
that a user is willing to pay less for a general concepts as there is
more chance that it subsumes an items that the user dislikes. Another
important aspect of this APS is the fact that the difference in score
between concepts decreases when we travel up the ontology, due to
the increasing number of descendants.
To illustrate the computation of the a-priori score, consider the
simple ontology λ shown in Figure 1(a). First, the number of descendants of each concept nc is computed. Then, we apply equation (3)
to compute the a-priori score of each concept in λ.
E(c) =

x

u
(a)

y

x(1 − x)n dx =

0

Concepts
y
u
x
s
t
z
root

nc
0
0
0
1
2
5
5+d

APS
1/2
1/2
1/2
1/3
1/4
1/7
1/(7+d)

(b)

Figure 1. (a) a simple ontology λ and its corresponding a-priori score (b)

An ontology is usually designed in such a way that its topology
and structure reflects the information contained within and between
the concepts. For example, [12] also uses the topology to compute
the information content of a concept, which is then used to compute
the similarity between two concepts. He extended the definition of
the entropy and defined the information carried by a concept c as
−log(P (c)), where P (c) is the probability that the concept c or one
of its descendants occur. The APS share some similarities with the
information content approach. First, the difference in both the score
and information content decreases when we travel up the ontology.
Second, Resnik also uses the number of descendants to compute the
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probability of occurring of a concept. However, some profound differences exist. The APS is a bottom-up approach that considers the
differences between the concepts, while Resnik’s is a top-down approach and considers the similarities. Second, we use the 1/x function to compute our score, while Resnik uses the logarithm to base 2.
In the validation section, we show that the APS brings better results
than the information content approach.

4 Propagating Scores in an Ontology
The a-priori score represents an average without considering a particular user. When user’s scores for certain concepts are known more
precisely, we can derive a personalized score for the other concepts
by propagation.
Re-consider our ontology λ contained in Figure 1(a), and imagine a situation where only S(x) is known to be 3/4. To propagate the
score from concept x to y, a link between these two concepts must be
found. Thus, the first task in the propagation is to identify the chain
that contains both concepts. To minimize the amount of propagation,
we construct the chain through a lowest common ancestor. In a tree
graph, a lowest common ancestor is defined as the closest upward
reachable node shared by x and y [5]. However, in an ontology modeled as a directed acyclic graph, there can be any number of lowest
common ancestors. If this situation arises, it is the ancestor with the
maximum a-priori score that is selected as lowest common ancestor.

each new feature independently. Formally, it means that S(y|z) must
be defined as follows.
S(y|z) = S(z) + β
(6)
where β is the coefficient of specialization that contains the score
of the features contained in concept y but not in z. Again, β can be
estimated using the a-priori score:
β = AP S(y) − AP S(z)

4.3 Upward & Downward Inference
Finally, we consider the case when there is no direct path between
concepts x and y. Figure 1(a) reveals that in order to transfer the
preference, we need to carry it up to the lowest common ancestor z,
and then down to the concept y. Furthermore, and because the chain
between concept x and y is not a path, we assume independence
between x and y (the same reasoning is done on Bayesian Networks
if no hard information is known about z). Thus, and using the result
contained in equations (4) and (6), the score can be decomposed as
follows.
S(y|x) = αS(x) + β
(8)

4.4 Example of the Score Propagation on λ
Following the example of Figure 1(a), we now compute the score of
each concept using the method described in the previous sub-section.
Table 1. Score of the concepts in the ontology λ of Figure 1(a)

4.1 Upward Inference
This situation arises when there is a path going from concept x to
its kth parent z (x ⊂k z). From the tree construction, both concepts
have d features in common but the concept x has an extra k features
that differentiate it from its ancestor. By definition of the model, we
know that the score of a concept depends on the features defining
that concept (A1). Informally, it means that the score of z can be estimated knowing the score of x, S(z|x), by looking at the ratio of
features they have in common. Formally, S(z|x) is defined as follows.
S(z|x) = αS(x)
(4)
where α is the coefficient of generalization that contains the ratio
of features in common which are liked according to their respective
distribution. Obviously, α is unknown in our case. We estimate α
by using the a-priori score captured by the concepts in the ontology.
Thus, the coefficient of generalization can be estimated as the ratio
of a-priori scores:
α = AP S(z)/AP S(x)
(5)

4.2 Downward Inference
Inversely, we have the case when y is the lth descendant of z (y ⊂l
z). From the previous result, it is very tempting to assume that
S(y|z) = βS(z), where β is a coefficient of specialization that contains the ratio of features in common. However, this reasoning is not
compatible with our second assumption – features contribute to the
score independently. To understand this assumption, imagine that the
score of the object is equal to the maximum price a user is willing to
pay. Consider two concepts a and b, where a has one more feature
than b. Now consider two users A and B such that A values b more
than B does. This does not automatically mean that A will also attach a higher value to the extra feature that distinguishes a from b.
Notice also that when we were traveling upwards, we were considering super concepts, which means that we were removing known features whose contribution to the score is likely to be proportional to 1.
However, when traveling downwards, we are adding new (unknown)
features to the concept. Therefore, we need to consider the score of

(7)

Concept
x

Propagation
-

s

%

z

%

root

%

t

%&

u

%&

y

%&

Score
3
4
3
4
3
4
3
4
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4
3
4
3
4

1/3

1
2
1/7
3
( 1/2 ) = 14
1/(7+d)
3
( 1/2 ) = 2∗(7+d)
1/7
1
1
9
( 1/2 ) + ( 4 − 7 ) = 28
1/7
( 1/2 ) + ( 21 − 17 ) = 74
1/7
( 1/2 ) + ( 21 − 17 ) = 74

× ( 1/2 ) =
×
×
×
×
×

Table 1 clearly shows that it is the relations between APSs that
is used to determine the parameters for propagation scores of unknown concepts, while the initial S(x) determines the magnitude of
the score of the other concepts. Informally, it means that the amount
of score being transferred depends on the topology of the ontology,
while the magnitude of the resulting score depends on the user’s initial score S(x).

5 Validation of the Model
To validate the approach, we used it to derive a similarity metric for
the WordNet ontology.
There exist two main approaches for estimating similarity between
concepts in a hierarchical ontology: the edge based approach and the
node based approach. The edge based approach is the traditional,
most intuitive, and simplest similarity measure. It computes the distance between two concepts based on the number of edges found
on the path between them. One of the biggest problems of the edge
based approach is that it considers the distance uniform on all edges,
which is rarely the case in reality. [12] proposed a new approach
based on the information content of a concept. This node-based approach measures the similarity based on the amount of information
shared. More recently, [3] proposed a hybrid approach that inherits
the edge based approach of the edge counting scheme, which is then
enhanced by the information count calculation.
We propose a novel approach to compute the similarity between
concepts that is based on the following idea: the more features are
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propagated from one concept to another, the more similar these concepts will be. Following this, we define the propagation of score from
a concept x to y, θ(x, y), as the amount of score being propagated
from x to y. θ(x, y) is computed as follows. First, the score of a concept is transformed in such a way that θ(x, y) = 1 iff x = y; this
is achieved by setting the score S(x) to 1. Second, we make sure
that θ(x, y) is monotonically decreasing as the distance (in term of
features) between concepts x and y increases. As a result, θ(x, y) is
equal to α when traveling upwards, and inversely 1/(1 + β) when
traveling downwards.
However, a distance function between two concepts x and y,
D(x, y), should be monotonically increasing when the number of
edges separating x and y increases, and equal to 0 iff x = y [9].
There exist many functions that satisfy the properties stated above,
but our experiments have shown that it is −log(θ(x, y)) that yields
the best results. Using the same reasoning as previously, we define
the distance between two concepts x and y as follows.
D(x, y) = − log(α) + log(1 + β)

(9)

When Resnik introduced the node-based approach, he also established an evaluation procedure that has become widely used ever
since. He evaluated his similarity metric by computing the similarity of word pairs using the WordNet ontology, and then looked at
how well it correlated with human ratings of the same pairs. These
word pairs were selected in such a way that they covered high, intermediate, and low levels of similarity.
WordNet is the most widely used and one of the biggest ontologies
in the world (∼80000 concepts), which makes experiments credible.
Thus, we reproduced Resnik’s experiment with the WordNet ontology version 2.0 on the original 30 word pairs. In addition, we computed the APS of each concept using equation (3), and then used
equation (9) to build the Ontology Structure based Similarity (OSS).
The correlations between various metrics and human ratings are displayed in table 2.
Table 2. Correlation with various similarity metrics
Correlation

EdgeBased
0.603

Resnik
0.793

Jiang
0.859

OSS
0.893

Our approach using the a-priori score achieves nearly 90% correlation with real user ratings, and clearly demonstrates significant benefit over earlier approaches (t-obs = 1.65 and p-value < 0.05). These
results validate the inferring model and the a-priori score which were
used to build our similarity metric.
As expected, the hybrid approach performed better than both existing techniques, but the improvement over the information based
approach was not statistically significant (t-obs = 1.46 and p-value
' 0.08). The edge based approach is the worst performing metric
as it supposes that links in the ontology represent uniform distances,
which is obviously not true in WordNet.
Finally, we tried different combinations of the coefficients α and
β in order to test the upward and downward propagation. The experiment has shown that the best correlation is obtained when using α
going up and β going down.

6 Application to Recommendation Systems
The recommendation problem is the problem of finding the items that
best match the user’s preferences. In this scenario, the score S can be
seen as the user’s preference value.
As in collaborative filtering, users express their preferences by
rating a given number of items. These ratings are then used as a

user’s preference value on the representative concepts. Then, using
our model, we infer the missing user’s preference value of each concept. Finally, to recommend the best N items to the user (also known
as the top-N strategy), we simply select N items from the concepts
that have the highest preference value.
The standard metric for measuring the predictive accuracy of a
recommendation is the mean absolute error (MAE, [13]), which computes the mean deviation between the predictions and the user’s true
ratings. Over the years, it has been argued that this metric may be less
appropriate for the top-N task, as the granularity in the rating is usually small. However, the data is very sparse in our situation. Thus, the
deviation in the ratings becomes very significant, which makes this
metric relevant. Furthermore, [2] has argued that the MAE has many
advantages such as the simplicity of understanding the results, and
well studied statistical properties when comparing two approaches.
We also acknowledge the fact that the accuracy of a prediction is
usually not enough to build a good recommendation system. For example, it is less interesting to recommend very popular items that
everybody likes, and such recommendations bring nearly no information to the user. Thus, a new dimension for analyzing predictions
that considers non-obvious predictions is required.
Novelty is a metric that measures the degree to which a recommendation is non-obvious. We will use the novelty metric defined by
equation (10), which measures the number of correct recommendations made by algorithm a that are not present in the recommendations made by a reference algorithm b.
N ovelty(ra |rb ) = (|cra | − |cra ∩ crb |)/N

(10)

where ra are the top-N recommendations made by the algorithm
a, and cra are the correct recommendations contained in ra , i.e. liked
by the user.
To test our approach, we implemented a movie recommendation
system using the famous MovieLens2 ; a data set containing the ratings of 943 real users on at least 20 movies. There are 1682 movies in
total described by 19 themes: drama, action, and so forth. To increase
the description of the movies, we wrote a wrapper that extracted the
year, MPPA rating, and duration from the IMDb3 website. As there
is no common ontology modeling the movie domain, we created one
using common sense and definitions found in dictionaries.
The experiment was as follows. First, users with less than 65 ratings were removed. For each remaining user, 15 ratings were inserted
into a test set, TS, while the rest were inserted into an intermediate
set, IS. Then, we transferred a given number of ratings from the IS
into the learning set, LS, and built the preference model as follows.
First, based on the rated item in LS, we set the user’s preference
value on the concepts that the items in LS are instances of. Then, we
estimated the missing values using our propagation model. Finally,
we predicted the grade of each movie in the TS, and the selected
the Top-5. The experiment was run 5 times, and our technique (Heterogeneous Attribute Preference Propagation Model - HAPPL) was
benchmarked against the following:
• Popularity is a simple but very effective strategy that ranks the
movies based on their popularity. The popularity of each movie
was computed using the users that were removed in the first phase
of our experiment.
• Hybrid combines the Popularity and HAPPL approaches based on
the averaged predicted ratings of each approach.
• CF is the adjusted cosine collaborative filtering. We set the neighbors to 90 as [10] and [13] have shown that the optimum for
2
3
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MovieLens is very close to this value. CF was chosen as benchmark over classical content filtering as it is today’s best performing filtering and most widely used RS.
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Figure 2. Prediction Accuracy of various techniques

First, we measured the predictive accuracy of each method using
various size of the learning set LS. Figure 2 clearly shows the weakness of CF when only a few ratings are used to learn the model. This
is known as the cold-start problem, where a minimum number of
ratings need to be known in order to find the right neighborhood of
similar users, i.e. at least 20 in this case. However, our approach does
not suffer from this problem and shows significant improvement over
CF (p-value<0.01), when we have less than 30 ratings in the learning set. Surprisingly, the popularity metric performs well, even better
than CF when the number of ratings in LS < 50, which shows that
users tend to like popular items. As expected, the best accuracy is
obtained using when we combine our approach with the popularity
one. The combination of the grade allows the system to better discriminate between good and bad items with a higher confidence.
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Figure 3. Novelty metric of various techniques against the Popularity
approach

Second, we tested the novelty of each approach compared to the
Popularity one. Again, the results (Figure 3) are very interesting in
two points. First, it shows that it is our model that produces the best
non-obvious recommendations whatever the size of the learning set,
which has novelty value greater than 33%. Second, CF’s novelty
seems to improve when we have less than 10 ratings, and then decreases steadily down to the 20% threshold. This behavior can be
explained if we superpose this result with the MAE. When we have
less than 20 ratings, CF’s accuracy is very low, which tends to indicate that items were selected from many diverse neighborhoods.

Finally, the Hybrid approach tells us that the use of collaborative data can improve the overall recommendation accuracy over our
HAPPL approach, but this gain is then lost in recommendation novelty.

7 Conclusion
This paper makes two major contributions. First, we introduced a
new technique called Ontology Structure Similarity to derive a similarity metric based on the structure of an ontology. The similarity
metric exploits the implicit knowledge of the person who wrote the
ontology and gave it a certain structure. Experimental evaluation has
shown that it outperforms existing technique. Then, we used OSS to
define the novel recommendation system HAAPL that is able to predict items with a very high accuracy and novelty, whatever the size
of the learning set.
In future work, we will study more complex ontologies that can
contain more than one kind of relationships, and also try to see how
the a-priori score contained in the ontology can be learned to better
fit the user’s preferences.
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Acquiring the Preferences of New Users in
Recommender Systems: The Role of Item Controversy




Igor Sampaio and Geber Ramalho and Vincent Corruble and Ricardo Prudêncio
Abstract. When dealing with a new user, not only Recommender
Systems (RS) must extract relevant information from the ratings
given by this user for some items (e.g., films, CDs), but also it must
be able to ask the good questions, i.e. give a minimum list of items
which once rated will be the most informative. Previous work proposed the use of item’s controversy and popularity as criteria for selecting informative items to be rated. These works intuitively pointed
out at possible limitations of controversy measures with respect to the
number of ratings. In this paper, we show empirically that the number
of ratings is relevant; we propose a new selection measure of item’s
controversy; and, we demonstrate that this measure naturally also
takes into account the popularity criterion. The experiments showed
promising results for the new controversy measure when compared
to benchmark selection criteria.

1 INTRODUCTION
A Recommender System (RS) suggests to its users new information
items (e.g., films, books, CDs) based on knowledge about their preferences [10]. Despite the apparent success of RS, the acquisition of
user preferences remains a bottleneck for the practical use of these
systems, even to those applying Collaborative Filtering (CF) - the
most popular approach. In order to acquire information about the
user preferences, RS commonly present a list of items to the user and
ask for his/her ratings.
More specifically, RS have difficulties in dealing with a new user,
since they have initially no information about the preferences of such
user, and they cannot demand too much effort from him [8]. Indeed,
answering many questions or rating numerous items may discourage
the user to continue using the system. In this context, besides extracting as much relevant information as possible from the answers given
by the user, a RS must also ask good questions, i.e. give a minimum
list of items which once rated will be the most informative.
Some previous work [8], [9], [11], following the active learning
approach, tried to find out some criteria for selecting the most informative items to be rated. Among these criteria, item’s controversy
and popularity seemed to provide good results. Controversial items
have high entropy, in terms of the ratings given to them, and then,
can provide discriminating information. Popular items can provide
more information than unpopular ones, since they have more ratings
available [9].

This work intuitively argued that controversy measure of an item’s
rates could present limitations if the number of ratings for that item
was not taken into consideration (e.g., the controversy over an item
only based on 2 ratings is probably not as trustworthy as the controversy over an item with 100 ratings). Based on this intuition, a
preliminary solution for this potential problem was proposed: to use
a fixed number of ratings for all items [9].
In this work, we present an analysis of controversy as an useful
criterion for selecting informative items. In particular, we empirically
prove that the number of ratings must be considered and we propose
a new selection measure of item’s controversy. Finally, we demonstrate that the new measure also takes into account the popularity criteria naturally. The proposed measure was implemented in a KNNbased collaborative filtering algorithm, and evaluated on a database
of user ratings for movies. The experiments showed promising results when compared to benchmark selection criteria, particularly for
startup databases, for which the limitations of the controversy measure would be more drastic.
In the next section, we describe the new user problem in Recommender Systems. In the Section 3, we discuss previous and related
research work. In Section 4, we present a new controversy measure
that was called Deviation as well as how it is expected to solve the
problems inherent to the variance measure. In Section 5, we describe
the experiments organization and the achieved results. At the end, the
conclusions and future work are presented.

2 THE NEW USER PROBLEM
A typical problem that arises in RS is the difficulty in dealing with
new users, since the system has initially no knowledge about their
preferences. This is known in literature of RS as the new user problem [1], [8], [11]. On many situations it is possible for the RS to
present some items for the new user to rate.
Obviously, the system should not present to the user an exhaustive
list of items, since the task of providing the opinions will be tedious
and inefficient. In this context, the RS should be able to minimize the
user’s effort by selecting and presenting those items that would be
the most informative for performing good recommendations of new
items. This approach is based on Selective Sampling techniques used
at some Active Learning algorithms [6]. The following section discusses item selection strategies based on the concepts of controversy
and popularity of an item.
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3 PREVIOUS WORK
As previously mentioned, a commonly suggested approach for
speeding up the acquisition of a new user is to select the items that,
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once rated, will provide the RS with the most information about
user preferences. Some previous authors have suggested the use of
an item’s controversy (entropy) and popularity in order to generate
the list of the most informative items that will be presented for the
newcomer to rate [8], [9].
Most of the selection methodologies presented in these papers
have been applied or tested in RS that use KNN-based Collaborative
Filtering (CF) as the way to generate recommendation. This work
was also developed with special attention to CF system category

3.1 Popularity
The popularity of an item is given by the number of users who have
rated it [8], [9]. So, the more users have rated an item, the more popular it is. In KNN-based Collaborative Filtering, which is the most
frequently used recommendation algorithm [5], the suggestions are
generated with basis on the opinions of users that are found to be
similar to the target user (his neighborhood). Furthermore, the similarity between two users is calculated using the ratings given to the
items they have rated in common.
In that context, when a user evaluates a popular item, the system
becomes able to determine his similarity with a greater number of
other people. So, it is reasonable to expect that rating the most popular items first will result in a much greater information gain.

3.2 Controversy
The use of controversy for choosing the most informative item is
based on the intuitive idea that one item (e.g. CD, film) that everybody loved or hated will probably not bring much useful information
about the preferences of a new user. This results from the fact that
a new user is statistically very likely to be of same opinion that the
majority of the other users. Conversely, rating an item for which people have expressed a widely varying range of opinions will probably
provide the system with more discriminative information [8], [9].
For measuring the controversy of a given item, a straightforward
way is to take the variance of the ratings it has been given [9]. The
variance is frequently used to measure the dispersion of a distribution, which makes it reasonably suitable to be used as controversy.
Although using the item controversy as a selection method may
provide the system with information that is very discriminative of
one’s preferences, it only holds true in some situations. The problem
occurs when an item is said to have great entropy, but has been rated
by a relatively small number of users. For example, in a 1 to 5 evaluation scale, an item with only two ratings, a 1 and a 5, has great
entropy but it will probably be of little help in finding user neighborhood or generating recommendations [8].
That fact is especially noticeable when the variance is used as the
controversy measure, since it normalizes the dispersion by the number of samples. So, it is possible that, for example, an item with only
two ratings will produce the same controversy value as one with a
hundred ratings. Teixeira et al. named that as the problem of width
versus intensity of the controversy measure [9]. In their work, the solution adopted was to define a fixed number of ratings (from now on
referred as ) that would be used to calculate the variance. On their
, although that decision was not based
work it was adopted
on an empirical analysis.
That approach brings the constraint that an item must have received a minimum number of ratings to be eligible to be selected.
Furthermore, it neglects the information that could be provided by
the additional ratings. However it was suggested as a first attempt to






solve the width versus intensity problem, and it is also pointed out the
need for further and more detailed studies towards a better solution.

4 MEASURING CONTROVERSY WITH
DEVIATION
In the previous section we have discussed the problem that may occur when the controversy measure does not reflect on the number
of ratings used for the calculation. Therefore, our first aim was to
find a controversy measure that would be capable of overcoming the
dilemma of width and intensity.
As previously mentioned, the variance formula normalizes the dispersion by the number of samples, consequently eliminating the influence of the number of samples used from the final result. In this
case, it could be enough to remove the normalization from the original variance formula. The result is a controversy measure called deviation [3], whose formula is as following:
















(1)










is the rating given by the user to the item , is the
Where
average of the ratings provided to and is the number of evaluations received by .
By analyzing the formula (1), it is not hard to see that, the greater
the number of ratings involved in the calculation, the greater the deviation result will be. The deviation removes the need for estimating
a minimum number of evaluations used at controversy computation,
as proposed by Teixeira et al.


















5 EMPIRICAL ANALISYS
As previously mentioned, the solution proposed by Teixeira et al. for
the problem of width versus intensity neglects either items that don’t
have enough evaluation and also the additional ratings.
Furthermore, it is reasonable to suppose that such information loss
would have a great impact especially on small databases of starting
up systems. In order to investigate that supposition, we decided to run
the experiments on a downsized version of the Eachmovie database
[7]. So, the testing was conducted on a set of 300 randomly selected
users and a total of 21518 evaluations and with each user having
evaluated at least 30 items.

5.1 Evaluation Metrics
For evaluating the accuracy of recommendation in our experiments
we have applied two metrics: ROC [4], commonly used for decision
support recommendation and Breese [2], suitable for ranked list recommendation. The use of these two metrics is frequently suggested
on Recommender Systems literature.
In order to use ROC, we have considered items evaluated by the
users with ratings 1, 2 and 3 as being not relevant for him/her and
items rated with 4 and 5 as relevant (as was suggested in [4]). To
use Breese, the grade 3 was considered as neutral preference and a
half-life of 5 was used, as was suggested in [2].



5.2 Experiments and Results
Our experiments were organized similarly to the ones described in
[9]. In that case, the system must choose, one at a time, the items that
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will be used to build the user profile. The items evaluated by each
user were divided in 3 sets of equal size for 3-fold cross validation.
The process is better described by the algorithm below:
Input

Output

Furthermore, the results of the variance with fixed number of evaluation tend to become better as the value of the parameter is increased. Even so, the better result was achieved at all points by the
deviation measure at both metrics ROC and Breese.

U[1..3]: user original items
subsets to be selected
n: number of items to select
A: prediction accuracy

UserSelectionTest(U[1..3] , n)
1. For i=1 to 3
2.
Assign SelectionSet S <- {},
3.
TestSet T <- {},
4.
UserEvaluationsSet E <- {}
5.
6.
T <- U[i]
//a given subset of U
7.
S <- the other 2 subsets of U
8.
While |E| < n
9.
E <- SelectItem(S,E)
10.
P <- Predict(T,E)
11.
a[i]<- Accuracy(P,T)
12.
13. Return average accuracy of a[i],
14.
i = 1...3
The function SelectItem(S, E) selects one item from the selection
set S that is not contained in the user evaluation set E (the user profile) until it reaches elements. The function Predict(T, E) implements a KNN Collaborative Filtering algorithm as proposed in [2],
using the item evaluations present in E to generate predictions for the
items in the set T. Function Accuracy(P, T) computes the accuracy
of predictions P for the items in the set T using the metrics ROC or
Breese.
In a first experiment run, we aimed to investigate: the real impact
of the problem of width versus intensity introduced in Section 3.2,
the solution of fixing the number of ratings used for variance computation (estimation of parameter ) as proposed in [9] and finally the
actual effectiveness of the deviation controversy measure. The following implementations of the function SelectItem(S, E) were tested:


Random selection: items are randomly selected. It will be used
as a baseline for comparing the selection criteria.
Variance: selection is based on the variance calculated over all
the ratings one item has received.
Variance with fixed : selection is based on the variance calculated over exactly ratings one item has received. The value of
the parameter was fixed in 20, 40 and 60 and not in 100 as originally proposed [9]. That difference is due to the smaller size of
the database used.
Deviation: selection is based on the new controversy measure, the
deviation introduced in Section 4.
Figure 1 shows the system’s average prediction accuracy using
these selection methods. Based on these results, it is possible to say
more confidently that there is indeed a problem related to the fact of
the variance measure not taking the number of evaluations into account, because the variance used with no restrictions presented the
worst of all results. Teixeira et al. pointed out to such problem in
[9] but with no further investigation of its real impact. The variance
solely is not a good selection method, being even worse than the random selection for most user evaluation sets sizes.

Figure 1. Prediction accuracy using evaluation of items selected by the
various controversy criteria and by the random criteria.

An important fact noticed was that, saying that the deviation measure already considers the number of evaluations in its calculation is
equivalent to saying that it already takes the popularity of the item
into account. Indeed, by analyzing the deviation formula, one can realize that is the same as multiplying the variance (controversy) by the
number of evaluations (popularity) of an item. This is shown clearly
by the formula below:





















(2)











So, a second experiment run was made in order to compare the
deviation with other selection criteria that combines the concepts of
popularity and controversy. This run compared the deviation selection method with the ActiveCP selection method [9]. The ActiveCP
combines the controversy and popularity of an item by generating
two item lists. One list containing the items ranked by the controversy with fixed and the other list with the items ranked by the
number of evaluation received (popularity). The two lists are combined to generate a final unique list with the items in the order they
should be presented to the user. In the original work the parameter
was set to 100. For the experiments of this work, we decide to use
the same 3 values we had previously used, that is 20, 40 and 60.
Figure 2 shows the system’s average prediction accuracy using the
deviation and the selection method that combines controversy and
popularity according to ActiveCP.
The obtained results show that, when combined with the popularity, the problem of “width versus intensity” of the variance is greatly
diminished. All the combined selection criteria have become very
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a selection method that encompass the concepts of controversy and
popularity directly in its calculation. The deviation has the additional
advantage that it is much simpler than previous combined methods
and also dismisses the need of parameter estimation.
Finally, when using an Active Learning strategy at user preferences acquisition, it is important to consider that a given selected
item may not be known by the target user. In that case, the system
is causing the user to waste his time with an item he is not able to
rate. Measuring how hard it is for the user to sign up in the system
(the user effort [8]) is also important, but has not been measured by
our experiments. Indeed, the experiments described in this work are
mainly focused on the prediction accuracy of a system using the discussed selection criteria, but assuming that the user would always be
able to rate the items presented to him. Consequently, it would be important to conduct some experiments, for measuring the user effort
of the discussed selection criteria.
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calculation (i.e., the parameter ). Moreover, in this approach empirical analysis has to be performed in order to estimate an adequate
value for the parameter in each application.
We have then suggested the use of the deviation as a controversy
measure capable of solving the limitations of the variance measure.
The experiments using the deviation showed that not only does it
overcome the problems of the variance measure but it also constitutes
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Learning and Adaptivity in Interactive Recommender
Systems
Francesco Ricci and Tariq Mahmood 1
Abstract. Recommender systems are intelligent applications that
assist the users in a decision-making process by giving personalized
product recommendations. Quite recently conversational approaches
have been introduced to support a more interactive recommendation
process. Notwithstanding the increased interactivity offered by these
approaches, the system activity is rigid and follows an execution path
that must be defined apriori, at design time. In this paper, we present
a new type of recommender system capable of learning an interaction
strategy by observing the effects of its actions on the user and on the
final outcome of the recommendation session. We view the recommendation process as a sequential decision problem, and we model
it as a Markov Decision Process. We evaluate this approach in a case
study where the goal is to learn the best support strategy for advising
a user in refining a query to a product catalogue. The experimental
results demonstrate the value of our approach and show that an initial
fixed strategy can be improved by first learning a model of the user
behavior and then applying the Policy Iteration algorithm to compute
the optimal recommendation policy.

1 INTRODUCTION
Recommender systems are intelligent applications aimed at assisting users in a decision-making process when the user doesn’t have
sufficient personal experience to choose one item amongst a potentially overwhelming set of alternative products or services [11]. They
have been exploited for recommending books, CDs, movies, travels,
financial services, and in many other applications [1, 5, 15, 9]. Many
recommender systems are designed to support a simple humancomputer interaction where two phases can be identified: user model
construction and recommendation generation. The user model is typically acquired by either exploiting a collection of previous usersystem interactions or information provided by the user during the
recommendation session. Then, the recommendation generation reduces to the identification of a subset of products that “match” the
user model. For instance, in collaborative filtering the user model is
comprised of the ratings provided by the user to a set of products
and recommendations are computed by identifying a set of similar
users according to the user profiles, and then recommending products highly rated by similar users [14].
This behavior deviates from a more natural human-to-human interaction, where the user and the recommender (advisor) would interact by exchanging requests and replies until the user accepts a
recommendation. To this end, conversational recommender systems
have been proposed. In these systems, there is no clear separation between the user model construction and the recommendation generation stages. In conversational systems a dialogue is supported, where
1
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at each stage the system has many alternative moves; it can ask the
user for preferences, or request a feedback on a product or suggest
some products [19, 2, 10, 3]. Although such systems bring humanmachine interaction a step closer to human-human interaction, they
still lack some important features. We believe that a conversational
system should be able to generate and update the conversation strategy by exploiting the user model, or beliefs about that, and by considering the feedbacks obtained in previous interactions with the users,
e.g., if the recommendation session was successful or not (e.g. something was sold at the end). For instance, imagine that a conversational
travel recommender system should suggest a few hotels in a city that
would suit the user preferences. The system may adopt different recommendation strategies: it can start querying the user about preferred
features and can get enough information to be able to select a small
candidate set, or can propose some candidates and acquire user preferences as feedback (critiques) on the illustrated products, or can list
products and let the user sort them according to his preferred criteria.
Traditional conversational systems hard-code the process and follow
it quite rigidly. So, for instance a critique-based recommender will
always let the user to make an initial query and then will ask the
user for critiques on the top selected products until the user selects
a product. In fact, current critique-based recommender can select in
an adaptive way the products to recommend (e.g. more similar to
the query or more diverse [10]) but cannot decide autonomously, for
instance, to stop collecting critiques and offering the user the possibility to sort products according to a criteria. In other words, current
conversational systems cannot learn from the experiences collected
during the recommendation process and cannot identify the best conversation strategy for generating and offering useful recommendations.
We would like to tackle these requirements by proposing a new
type of recommender system that, rather than simply recommending products by following a rigid interaction design, offers a range
of information and decision support functions and, during the usersystem interaction process, autonomously decides what action to take
in order to assist the user in achieving his goals. In this context, the
system actions could be very different moves, such as making a recommendation, offering some product information or suggesting to
use a product comparison tool. Hence, in our proposed scenario, we
assume that at each stage of the process, the user can take some actions, i.e., call some system functionality, such as browse a products’
list or query the system for products. Then, the job of the system is
to decide what to do, i.e., what computation really to perform and
what to show to the user at the next step. The goal of the system is to
choose the action that will bring the conversation in the best possible
next state,i.e., in a state that is liked by the user and is closer to the
goal.
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In the rest of this paper we shall first define more precisely the
proposed recommendation model. In Section 2 we shall view the recommendation process as a sequential decision process and we shall
introduce the Markov Decision Process (MDP) framework [18]. We
define the concept of recommendation policy and we shall explain
in which sense a policy can be optimal. Then in Section 3 we shall
apply the general model to analyze and optimize a particular type
of interaction that occurs quite often in recommender systems, i.e.,
the incremental request of product features to further constrain a
query to a product catalogue. Here the system should basically decide wether to actively ask the user for additional product features,
in order to retrieve a small set of candidate products, or let the user to
autonomously take this decision and manually change the query. In
Section 4 we show that the recommender system, by observing the
user responses to system actions, can improve an initial policy that,
in a rigid way, dictates to ask the user for additional features only
when the result set size is greater than a given threshold. We show
that different policies are learned when the agent estimates in a different way the cost of each interaction, i.e., the dissatisfaction of the
user to not have reached the goal, that is in this case the selection of
the best product. Finally in Section 6 we shall point out some related
approaches, stress the limitations of our work and list some future
extensions.

2 THE ADAPTIVE RECOMMENDER MODEL
In our proposed model, the recommender system is comprised of two
entities, the Information System (IS) and the Recommendation Agent
(RA). Basically, IS is the non-adaptive entity which is accessed by
the user to obtain information. Its function is entirely controlled by
the user and serves requests like displaying a query form page, or
displaying the query results. On the other hand, the Recommendation
Agent (RA) is the adaptive entity whose role is to support the user
in his decision task by helping him to obtain the right information at
the right time. For instance, in a travel agency scenario, a traveller
browses a catalogue (IS) to get suggestions/recommendations and
the travel agent (RA) helps the user to find suitable products by asking questions or pointing to some catalogue pages or products. The
distinction between the Information System and the Recommender
Agent is transparent to the user but it helps understanding the proposed wider role of the recommender component. In fact, this definition of recommender system contrasts with the classical idea of recommenders as information filtering tools, i.e., applications that can
shade irrelevant products and hence alleviate the information overload problem.
To further explain this recommendation process, we assume that
the user might execute a number of actions during his interaction
with the system. We label these user actions as the information functions, since these are requests for various kinds of information offered by the IS. For instance, the user may request the list of top N
destinations, or the list of hotels liked by the people he knows. It is
worth noting that the user interacts with the system to achieve some
goal, e.g., to buy some product, and at each stage of the interaction,
he decides to calls one among the available information function to
attain his goal. The job of the Recommendation Agent is to decide
what to do after this user request. In fact, this decision is not uniquely
identified; the agent can, for instance, show the requested information, or decide to ask for some additional information, or to recommend modifying the current request. The agent’s ultimate goal is to
take those decisions that: a) the user is more likely to accept rather
than reject, and b) in the long run, i.e. at the end of the interaction

session, are more likely to bring the user to his goal, whatever this
might be. These decisions are called system actions.
As the interaction proceeds, the agent should improve or optimize
its decisions, hence must learn an optimal recommendation policy,
i.e., that dictating the best system action for each possible state of the
interaction. This, brings us to model the recommendation process
as a Sequential Decision Problem, to exploit the Markov Decision
Process (MDP) framework, and to solve the policy learning problem
with Reinforcement Learning techniques.
Reinforcement Learning involves learning by interacting with an
environment and from the consequences of actions rather than from
explicit teaching [18]. Basically, our recommender system (represented by a decision-making agent) interacts with the user, who is
part of its environment. The agent perceives aspects of the environment’s state and takes what it believes to be the best system action to
assist the user; the environment responds through a reward which is
based on the user’s response to this action. The agent exploits this reward to learn to take better (system) actions in the future. Reinforcement Learning techniques guarantee that, as the agent-environment
interaction proceeds, the agent would eventually learn to take the best
actions for all possible environment states. When this happens, we
say that the agent has adopted the optimal recommendation policy.

2.1 The Markov model of the recommendation
agent
In this section, we shall present a general model of the Sequential
Recommendation Problem as a Markov Decision Process (MDP). In
the next section we shall illustrate an example by completely specifying all the elements of the model (States, Actions, Transitions,
Reward). The MDP model of the recommender agent includes:
1. A set of states S representing the different ‘situations’ the recommendation agent can observe as it interacts with the user. The state
representation could include a number of variables related to: the
state of the user (U), the state of the agent (A), and the state of
the Interaction (I). For instance, there could be a variable that describes the user experience, the number of times the agent made a
recommendation, and the last page visited by the user. Basically,
a state s ∈ S must define what is important to know for the agent
to take a good action.
2. A set of possible actions A the system can perform in s ∈ S and
that will produce a transition into a next state s0 ∈ S. In general,
we assume that the agent’s environment is non-deterministic, i.e.,
after executing an action in s, the agent can transit into many alternative states. In other words, the agent does not know what will
be the next state of the interaction after he has performed one of
his actions. For instance it may ”recommend a product” and this
could be either selected or discarded by the user.
3. A transition function T (s, a, s0 ) which gives the probability of
making a transition from state s to state s0 when the agent performs the action a. This function completely describes the nondeterministic nature of the agent’s environment.
4. A reward function R(s, a) assigning a reward value (a real number) to the agent for each action a taken in state s. As we are basically interested in systems that aid the user in his decision process,
the reward should reflect the user’s acceptability of the action a.
However, the agent cannot know exactly this function. Therefore,
we shall make as few assumptions as possible about the reward
assuming that all the terminal (goal) states (for instance a check
out state) will have a positive reward and all the other states will
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have a small negative one (cost).
When the agent interacts with the environment (the user) it receives a reward at each transition. Although this interaction will have
a finite number of steps, we are not sure about their total count. In
these situations, the total reward obtained by the agent during a recommendation session is normally computed with an infinite-horizon
discounted model [18]:
∞
X

γ t Rt )

RT = E(

t=0

where Rt is the reward obtained at the t-th interaction and γ is the
discount parameter, 0 < γ ≤ 1. The reward that the agent will get
during an interaction is determined by the policy of the agent, i.e., by
a function π : S → A that indicates for each state the action taken
by the agent in that state. The expected infinite-horizon discounted
sum of rewards obtained by the agent using policy π starting from
s is called the value of policy π in state s, denoted with V π , and it
satisfies the following recursive equation:
V π (s) = R(s, π(s)) + γ

X

T (s, π(s), s0 )V π (s0 )

s0 ∈S

The optimal behavior of the agent is given by a policy π ∗ : S → A
such that, for each initial state s, if the agent behaves accordingly to
the policy then the expected total reward is maximum. The maximum
total reward that the agent can obtain starting from s and using the
optimal policy, is the value of state s:
∞
X

V ∗ (s) = max E(
π

that save the gist of the original request and help the user solving the
interaction problem. This process goes on iteratively till a reasonable
number of products is selected. We are here concerned with the situation where too many products are retrieved, hence the system uses
a feature selection method to select three features [8]. If the user accepts one of these suggestions, he is supposed to provide a preferred
value for a feature, hence generating an additional constraints that
could reduce the size of the retrieval set.
The recommendation (tightening) policy of NutKing always suggests three features when the result set is larger than a threshold (typically set to 50). Otherwise, it executes the query and shows the list
of retrieved products. In this study, we wish to determine whether
this policy is optimal, i.e., if this suggestion really can save time and
would maximize the probability that the user will ultimately find the
desired product.

3.1 The MDP model of QTP
We will now describe the MDP model for QT P . Before defining
the states, actions, and rewards of this model we must describe the
information system and the user actions. In this case the Information
System comprises five web-pages P = {S, QF, RT, T, G} and six
information functions F = {go, execq, modq, acct, rejt, add}, or
user actions, that we shall describe soon. At each stage of the usersystem interaction, the user requests a function f ∈ F in some page
p ∈ P . In response, the recommendation agent will take some action,
causing a transition into another page p0 . This process continues until
the interaction terminates. The following figure illustrates the user
actions in each page for the QT P model:

γ t Rt )

t=0

The optimal value is unique and is the solution of the equations:
V ∗ (s) = max(R(s, a) + γ
a

X

T (s, a, s0 )V ∗ (s0 )), ∀s ∈ S

s0 ∈S

Given the optimal value, the optimal policy is given by:
π ∗ (s) = arg max(R(s, a) + γ
a

X

Figure 1. User Interaction Graph

T (s, a, s0 )V ∗ (s0 ))

s0 ∈S

If the transition probabilities are known, the optimal policy can
be computed with the Policy Iteration algorithm [18]. In this algorithm, given an initial policy π0 , the value function of that policy, V π0 , is computed and then the policy is improved by assigning
Pto each state s the action a that maximizes the term [R(s, a) +
γ s0 ∈S T (s, a, s0 )V π0 (s0 )]. Then the value function for this new
policy is computed and the policy is again improved. This process
continues until πi converges to the optimal policy.

3 CASE STUDY
In this section, we will consider the application of the proposed recommendation methodology to the Query Tightening Process QTP
supported by NutKing, a conversational recommender system that
combine interactive query management with collaborative ranking
[8]. In NutKing a user searching for travel products is asked to specify a simple query (conjunction of constraints on the product features) to search products in a catalogue. If the query retrieves either
too many or no products, the system suggests useful query changes

In the start page (S), which is shown to the user each time he logs
on to the system the user can only decide to continue by selecting
the ”go” function. This always causes a transition to the page Query
Form (QF) in which the user formulates, modifies and executes his
queries. If in QF the user executes a query (execq) the system can
transit to either the tightening page (T) or the result set (R). The outcome depends on the system action that will be performed when the
user will request to execute a query. Please note that MDP describes
the actions of the system and not the actions of the user. The actions
of the user and the page where the action is performed are considered
as the state definition (see below the definition of states). In the tightening page (T) the user can either accept one of the three proposed
features for tightening (acct) or reject the suggestion (rejt). Both of
these user actions will produce a result page (R), but with different
results, in fact if the user rejected the tightening suggestion, then the
original query is executed, whether if the user accepted the tightening
and provided a feature value then the user modified query is executed
by the system. Finally, in the result set page (R) the user can either
add a product to the cart (add) or go back to the query form (QF),
requesting to modify the current query (modq).
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3.1.1

State Space Model

In QTP the state model is described by the following variables:
1. The Page-UserAction variable pua, which lists the possible
combinations of pages p ∈ P = {S, QF, RT, T, G} and user
actions ua ∈ U A = {go, execq, modq, acct, rejt, add}. Thus,
from Figure 1, the set of these combinations is P U A = {S −
go, QF − execq, T − acct, T − rejt, T − modq, R − modq, R −
add, G}.
2. The result set size c of the current query which can take on of the
3 qualitative values small, medium, large. A small value is that
of a result set of size smaller than c1 . A medium value is between
c1 and c2 and a large value is above c2 . In the experiments we set
c1 = 20 and c2 = 40. Furthermore, we assume that c = large in
the initial state with pua = S − go because we assume that the
initial query is the empty one.
3. The estimated result set size ec after tightening is the (qualitative) system estimation of the result set size after the best feature
is used for tightening by the user. (See Section 4.1). We assume
that ec ∈ {small, medium, large} and that ec = large in the
initial state as above for the c variable.
As |P U A| = 8 and both c and ec can take three values, the number of possible states is 8 ∗ 3 ∗ 3 = 63. However, as ec can never be
greater than c and there is only one (initial) state with pua = s − go
which we consider separately, there are 6 (c, ec) possible combinations and the total number of states is 7 ∗ 6 + 1 = 43. These
combinations are: (s, s), (m, s), (m, m), (l, s), (l, m), (l, l), where
s = small, m = medium and l = large.

3.1.2

System actions and state transition diagram

In QTP there are four possible system actions: show the query form
page (showQF ); suggest tightening features (sugg); execute the
current query (exec); add a product to cart (add). The following
diagram depicts how these actions (black nodes) cause transitions
between the states (white nodes). For simplicity, we illustrate below
only the pua variable in the state representation.

Figure 2.

State Transition Diagram

In state S − go, the agent executes showQF that causes a transition into state QF − execq. This state models a situation where
the query form is displayed, the user has defined a query and has
requested its execution. From here, according to the values of c and
ec, the system decides to execute the query (exec) going either to
states R-modq or R-add, or to suggest tightening (sugg). In the first

case the outcome depends on the user; if she decides to modify the
query (R-modq) or to add an item to the cart (R-add). If the system suggests features for tightening (sugg) then the transition could
be to state: T − acct, if the user accept tightening; T − rejt if the
user reject tightening, or T − modq if the user decides to modify
the query. In the states T-acct and T-rejt the system can only execute
either the tightened query or the original query, respectively. In states
T − modq and R − modq the only possible action for the agent is to
show the query form showQF to allow the user to modify the query.
Finally, in state R − add, the agent can only proceed to G (add).
We observe from Figure 2 that the MDP system has a stochastic behavior only for a small subset (4) of the possible state-actions
combinations. In fact, only the state-actions: (QF-execq, sugg), (QFexecq, exec), (T-acct, exec), and (T-rejt, exec), the outcome of the
system action depends on the user choice.

3.1.3

Reward

The reward for a system action is defined in such a way that: for
each transition into a non-terminal state, the agent is penalized with
a negative reward cost, unless it transits to the goal state, where the
agent gets a +1 reward. In the experiments below we shall see how
different cost values will impact on the optimal strategy. We recall
that a negative cost for each non terminal transition models the fact
that each interaction has a ”cognitive” cost, that here we assume to
be constant for sake of simplicity.

4 EVALUATION
In this section we shall perform some experiments aimed at showing
that the recommendation agent is able to improve an initial recommendation policy as it interacts with the user, and can finally adopt an
optimal one. To this end we will conduct some simulations. In these
simulations, after having defined a user behavior model, we shall
learn the transition probabilities. The user behavior model describes
how the user will react to the system actions, hence for instance, it
describes when the user will accept or reject a tightening suggestion.
After having learned the transition model T (s, a, s0 ) we shall apply
the Policy Iteration algorithm [18] to improve the initial policy, i.e.,
that used by the Nutking Recommender, and to learn the optimal policy.
The evaluation procedure basically simulates user-system sessions
or trials, where each trial simulates a user incrementally modifying a
query to finally select/add a product and is composed of some interactions, with the initial state being (pua = S − go, c = large, ec =
large). We run this procedure for a set of randomly selected products
(from the catalogue). In each interaction, the user takes some action
which is followed by the agent’s response (system action). The interactions continue until the goal state is reached (pua = G). In this
simulation we perform a leave-one-in selection, i.e., for each trial we
select a product t = (v1 , ..., vn ), test item, and we simulate a user
searching for that item. In the simulation, the values used by the simulated user to tighten a query when a suggested feature is accepted or
when a query is modified are those of the test product. Note that not
all the features have a value, i.e., some of these vi may be NULL.

4.1 User behavior model
The user behavior model must tell how the simulated user will behave during the simulated interaction in the following three cases:
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• (Case 1) When the user is in state QF-execq, how she will modify
the current query.
• (Case 2) When the system suggests a tightening (sugg), if the user
will decide to modify the query (T-modq) or accept the tightening
(T-acct) or reject the tightening (T-rejt).
• (Case 3) When the system execute a query (exec), if the user will
add the test item to the cart (R-add) or modify the query (R-modq).
Let us now describe these three situations. (Case 1) At the beginning of each session, we sort the features of the test product according to their frequency of usage (as observed in real interactions with
NutKing [12]). Then we use this sorting to choose the first feature to
use in the initial query and to incrementally select the next feature to
constrain when the user is back to state QF-execq. Suppose that for
instance the first 4 sorted features are (f1 , f5 , f4 , f3 ), then the first
query is q = (f1 = v1 ) (where v1 is the value of the first feature
in the test item). Then, if the user decides to modify q, the next constraint that will be added is (f5 = v5 ) and the query will become
q = (f1 = v1 )AN D(f5 = v5 ).
When system suggests a tightening (Case 2), we may have three
outcomes:
1. The user accepts tightening (T-acct) if one of the three suggested
features has a non NULL value in the current test item. If this
holds the first of these feature, in the preference order of the user,
having non NULL value, is used to further constrain the query,
using the value specified in the test item (as above in Case 1).
2. If the user doesn’t accept tightening, and the result set size is
smaller than a threshold (40 in the experiments) then the user rejects it and executes the original query (R-rejt).
3. In the remaining cases (i.e., for large result sets and when the tightening suggestion does not indicate a feature for whom the user is
supposed to have a preferred value) the user is supposed to modify
autonomously the query (T-modq), as described for Case 1.

At this step, as we mentioned above, we apply the Policy Iteration
algorithm to learn the optimal policy. Here we will determine how
the optimal policy is influenced by changes in the MDP model. More
specifically, we want to analyze the policy improvement process, and
the resulting optimal policy for different negative rewards (cost) for
all the transitions into the non-terminal states (G). These transitions
are the intermediate steps in the recommendation process, and cost
models the user’s (cognitive) cost in passing through an additional
step of the recommendation interaction.

5 RESULTS AND DISCUSSION
In our experiments we considered five possible values for cost: 0.01,-0.02,-0.04,-0.08,-0.12. Moreover we set the discount rate γ =
0.85, allowing the policy evaluation phase of the Policy Iteration algorithm to run for 100 trials and the algorithm itself to run for 10
policy improvement iterations. We shall show here only the policy
behavior in the states with pua = QF − execq, i.e., when the agent
must select whether to suggest tightening or execute the query. Thus,
we will list the prescribed actions (under the optimal policy) for only
6 states, i.e., for all the possible combinations of the remaining state
variables, c and ec. We recall that in the initial policy (implemented
in NutKing), the agent suggests tightening only when c = large;
otherwise it executes the query. Table 1 shows the optimal policy actions for the above mentioned 6 states obtained under varying cost
values, and the initial policy actions (Init Pol. row), that are not optimal. Here, the 6 combinations of variables c and ec are shown in
abbreviated form. Hence, for instance the column (l, s) shows the
action prescribed for different cost values when c = large and
ec = small.
Optimal Policy Actions for states with pua = qf − eq
cost

In Case 3, the user will add the test item to the cart (R-add) if the
test item is found in the top N items returned by the query (N=3 in the
experiments), otherwise the user is supposed to opt for a modification
of the current query (R-modq).

Init P ol.
−0.01
−0.02
−0.04
−0.08
−0.12

4.2 Model learning and optimal policy
Before applying the Policy Iteration algorithm, we shall first use the
user behavior model to learn the transition probabilities. The process
of learning the transition model is a supervised learning task where
the input is a state-action pair and the output is the resulting state.
We keep track of how often each action outcome occurs and make
a maximum likelihood estimate of the probability T (s, a, s0 ) using
the frequency of reaching s0 when a is executed in s. To this end, we
run the Passive ADP algorithm [13] for 6000 trials, which captures
the experience generated with a fixed policy to update the transition
probabilities. A fixed policy implies that the agent doesn’t explore it’s
environment and its actions in each state remain fixed. However, the
success of an optimal policy depends heavily on exploration while
gaining experience [20]. In our (simple) model, the agent must really
choose one action among two alternatives (sugg or exec) only in the
six states with pua = QF − excq. As there are two possible actions,
the system can adopt a total of 26 = 64 possible policies. We generate exploratory behavior by alternating the fixed policy amongst
these 64 by randomly selecting an action for each of the 6 states after
every 150 trials. Hence, for the initial evaluation, we consider experience generated with only 6000 ÷ 150 = 40 of the 64 policies, not
all of them being unique.

(s, s)

(m, s)

(m, m)

(l, s)

(l, m)

(l, l)

exec
exec
exec
exec
exec
sugg

exec
exec
exec
exec
sugg
sugg

exec
exec
exec
sugg
sugg
sugg

sugg
exec
exec
exec
sugg
sugg

sugg
exec
exec
sugg
sugg
sugg

sugg
exec
sugg
sugg
sugg
sugg

s : small m : medium l : large sugg : suggest exec : execute
Table 1.

Optimal Policies for Varying Interaction Costs.

These results illustrate that for each value of cost, the agent is able
to improve an initial policy and to finally adopt an optimal one, and
the policy depends on the value of the interaction cost. We observe
that when the cost is small (−0.01), the agent has learned that executing the query for all the states is the optimal policy. On the other
extreme, when the cost is large (−0.12), the optimal policy suggests
tightening for all the states.
In order to understand these results, let us consider a situation
where the user has formulated a query q that has a result set that
doesn’t contain the current test product in the top three positions;
hence, the goal state cannot be reached. Let us further assume that
there is a feature that if constrained in q will make the result set
smaller and the test product to be in one of the top three positions;
hence, the goal state will be reached.
Referring to Figure 2, if the system is in state QF − execq and
the agent executes q (action exec), then the state R − add will be
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reached after 3 transitions: first moving to R − modq, then again to
QF − execq (since the target product is not in the first 3 positions),
then finally, after a manual modification of the query to R − add,
since we are assuming that, with one additional feature constrained
in it, the query will return a result set with the test product in the
top three positions. Conversely, if the system suggests tightening, the
user can accept it with some probability, which can be either large
or small. In this case, with only 2 transitions the system will get to
state R − add since in the state T − acct the query is modified and
the new feature is added to the query. Hence, we see that when the
interaction cost is high the system will try actions that have a certain
probability to reduce the interaction length, even if this probability is
small. On the other hand, when the cost is low the system will tend to
execute actions that increase the interaction length but guarantee that
the goal state would be finally reached. The behavior of the optimal
policies obtained for the remaining values of cost varies between the
two described above. As the interaction cost increases, the system
prefers to suggest tightening for more and more states.

6 CONCLUSIONS
The application of the MDP model to dialog management for learning an optimal dialog strategy has already achieved promising successes in similar (yet simpler) tasks [7, 17]. In these applications the
dialogue is aimed at acquiring specific values from the user, the states
are all the possible dialogues and the system actions are possible
speech-synthesized utterances.
The research work in the domain of MDP-based recommender
systems is still in its infancy, with only limited results and with a
quite different model of the overall recommendation process. In [16]
the authors model the states as the set of products previously bought
by a user and the recommender actions correspond to the next possible recommendations. Hence, in this case, the goal is similar to
that of a classical recommender system, i.e., to learn what products
to recommend next rather than to decide what action to choose in
a more diverse set of possible moves. Reinforcement Learning in
adaptive recommender systems has also been used in [6] to identify
the best recommendation algorithm among some competitive alternatives. Our approach is strongly inspired by [4] where the objective
is to design a system that actively monitors a user attempting a task
and offers assistance in the form of task guidance. In this application
the process describes a handwashing task and the system is supposed
to provide cognitive assistance to people with Alzheimer’s disease.
In conclusion, in this paper, we have provided a new application
of MDP techniques to recommender systems and we have shown
that more adaptive recommendation processes can be supported. The
experimental study shows promising results in a limited situation. In
our future work, we intend to evaluate our approach under a more
complex system configuration, for instance, under a larger number
of system and user actions, and a larger number of states. We plan to
refine the model-learning process by considering more sophisticated
techniques as in [20]. Furthermore, we intend to involve real users
in our next experiments, to study the effect of policy learning, on the
user behavior, and in particular the effect of suboptimal actions in the
exploration stages.
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[9] Miquel Montaner, Beatriz López, and Josep Lluı́s de la Rosa, ‘A taxonomy of recommender agents on the internet.’, Artificial Intelligence
Review, 19(4), 285–330, (2003).
[10] James Reilly, Kevin McCarthy, Lorraine McGinty, and Barry Smyth,
‘Incremental critiquing’, Knowledge-Based Systems, 18(4-5), 143–151,
(2005).
[11] Paul Resnick and Hal R. Varian, ‘Recommender systems’, Communications of the ACM, 40(3), 56–58, (1997).
[12] Francesco Ricci, Adriano Venturini, Dario Cavada, Nader Mirzadeh,
Dennis Blaas, and Marisa Nones, ‘Product recommendation with interactive query management and twofold similarity’, in ICCBR 2003, the
5th International Conference on Case-Based Reasoning, eds., Agnar
Aamodt, Derek Bridge, and Kevin Ashley, pp. 479–493, Trondheim,
Norway, (June 23-26 2003).
[13] Stuart Russell and Peter Norvig, Artificial Intelligence: A Modern Approach, Prentice Hall, second edn., 2003.
[14] Badrul M. Sarwar, George Karypis, Joseph A. Konstan, and John Riedl,
‘Analysis of recommendation algorithms for e-commerce.’, in ACM
Conference on Electronic Commerce, pp. 158–167, (2000).
[15] J. Ben Schafer, Joseph A. Konstan, and John Riedl, ‘E-commerce recommendation applications’, Data Mining and Knowledge Discovery,
5(1/2), 115–153, (2001).
[16] Guy Shani, David Heckerman, and Ronen I. Brafman, ‘An mdpbased recommender system’, Journal of Machine Learning Research,
6, 1265–1295, (2005).
[17] Satinder P. Singh, Michael J. Kearns, Diane J. Litman, and Marilyn A.
Walker, ‘Reinforcement learning for spoken dialogue systems’, in Advances in Neural Information Processing Systems 12, [NIPS Conference, Denver, Colorado, USA, November 29 - December 4, 1999], pp.
956–962, (1999).
[18] Richard S. Sutton and Andrew G. Barto, Reinforcement Learning: An
Introduction, MIT Press, 1998.
[19] Cynthia A. Thompson, Mehmet H. Goker, and Pat Langley, ‘A personalized system for conversational recommendations’, Artificial Intelligence Research, 21, 393–428, (2004).
[20] M. A. Wiering and J. Schmidhuber, ‘Efficient model-based exploration’, in Proceedings of the Sixth International Conference on Simulation of Adaptive Behavior: From Animals to Animats 6, eds., J. A.
Meyer and S. W. Wilson, pp. 223–228. MIT Press/Bradford Books,
(1998).

REFERENCES
[1] Gediminas Adomavicius and Alexander Tuzhilin, ‘Toward the next
generation of recommender systems: A survey of the state-of-the-art
and possible extensions’, IEEE Transactions on Knowledge and Data
Engineering, 17(6), 734–749, (2005).

116

The evaluation of a hybrid recommender system for
recommendation of movies
Tomaž Požrl1 and Matevž Kunaver2 and Matevž Pogačnik3 and Jurij F. Tasič4
Abstract. In this paper we present our approach to generation of
movie recommendations. The idea of our hybrid approach is to first
separately generate predicted ratings for movies using the contentbased and collaborative recommender modules. Predicted ratings
from both recommender engines are then combined into final classification by the hybrid recommender using weighted voting scheme.
The basis for the calculations are Pearson’s correlation coefficient,
True Bayesian prediction and M5Rules decision rules. The evaluation of the system performance was based on the EachMovie data
corpus, for around 7000 users. Preliminary results show that this approach works really well, while there is still some room for improvement.

1 Introduction
The huge amount of content items available today through internet
and other information sources present some very significant issues
for the users. They are faced with thousands of multimedia content
items among which they must find those which are of interest to
them. We can easily imagine an example of a user trying to select
a movie from lists of content providers, available through different
services such as standard TV, video over internet, P2P networks, digital TV systems etc. Making a choice means searching through the
lists, one by one, using several search techniques integrated in these
systems. An average user doesn’t want to spend many hours browsing through the content items or put too much effort into finding a
content item that suits his taste.
The basic idea to solve such issues is to introduce a personal content recommender system which is able to automatically learn user’s
preferences and generate a list of content items that should be appropriate for a particular user. Such a system typically includes a module for receiving user’s feedback (user’s ratings for items that he has
already seen), as this is crucial for learning the user’s preferences.
Based on this information the system must then be able to generate
content recommendations, which in other words means generating a
list of items that the user is more likely to accept if suggested.
At the moment there is a lot of research going on addressing the
issues mentioned above. Several approaches to content filtering and
recommendation generation have been built in the last few years. In
this paper we are dealing with two approaches that have recently been
1
2
3
4
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researched in greatest detail. Collaborative filtering (CF) is based on
finding users who have similar taste to the main user for which the
system is trying to produce recommendations. The other approach
is content based recommending (CBR), which is based on tracking
content descriptors of the items that the user has already seen and
rated. In comparison to the collaborative filtering approach, contentbased recommendation only considers information about a particular user, while ignoring information about other users. The main
advantage of the collaborative recommender approach is that it is
completely independent of any metadata standards. Since the system can work with a lot of different types of items it can produce a
wide range of recommendations. Another advantage is that it is capable of making cross-genre recommendations which is something
content-based recommenders are not that good at. Unfortunately it
also has it’s drawbacks. Such a system only detects those items that
have been rated by other users. Once an item has been rated by a few
users, the system can process it normally. The approach also suffers
from the ”cold start” problem, which means that it is unable to produce recommendations for a new user until that user has registered
a sufficient number of ratings. This can be bypassed with the use of
questionnaires and similar solutions, but an universal solution to this
problem remains to be found. In order to minimize the drawbacks of
both approaches a hybrid recommender system can be built. Hybrid
recommender combines them in order to improve the generation of
content recommendation or enable it at all.
In this paper we propose a hybrid recommender system that
includes a collaborative recommender based on nearest-neighbor
method that uses Pearson’s correlation metric and content-based recommender based on a decision rule machine learning technique.
In our proposed system the collaborative and content-based recommender are constructed separately and the recommendations that
they produce are then combined by a hybrid recommender for better
results. This hybrid recommender is being developed as part of a recommender framework in project LIVE (IST-27312-LIVE). Since the
project is still in its early stages, our framework is tested on a data
set that is compatible with the data set that is to be used in LIVE.
Therefore our test experiments are based on the EachMovie dataset
provided by Digital Equipment Corporation [6], but the algorithms
included in the system should work with other content types as well.
The proposed system can be easily adapted to any type of content.
We have made numerous experiments in order to find out which content filtering approaches work best and have decided to integrate the
above mentioned methods into our system.
The first part of this paper gives a short introduction to content
recommendation by shortly presenting the approaches used for both
types of content recommenders (CF and CBR) as well as in the
field of hybrid system designs. The issues from this area that are
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the subject of our research are described in section 3. Section 4 introduces the main ideas of our research, our collaborative recommender,
content-based recommender and the hybrid recommender. It focuses
on the idea how to improve recommendation results by overcoming the issues mentioned in section 3. In section 5 we present some
preliminary results of our test system, while section 6 gives some
references to future work.

2 Related work
Content-based recommender systems create recommendations by
learning commonalities among items (movies for example), that user
has rated in the past. Commonalities are calculated using item keywords or metadata. Basically there are two groups of methods to determine similarities. One is the heuristic approach where similarities
are calculated using a heuristic formula. TF-IDF (term frequency inverse document frequency) [14] and clustering are two of the possible methods for this kind of content-based recommendation. Other
groups of methods, model-based content recommendation, learn a
model from the items underlying data using statistical learning or
machine learning techniques. Naive Bayes classifier [7] is one of
the most commonly used examples of such techniques, but there are
other as well: decision trees, decision rules, regression, clustering ,
neural networks [11] etc.
As we mentioned in the introduction, collaborative methods try
to predict user’s taste and recommend him/her new items by analyzing what other users, with similar preferences, have previously rated.
As with content-based methods, collaborative methods can also be
roughly divided into heuristic methods and model-based methods. In
a similar manner, heuristic methods include nearest-neighbor techniques (uses cosine or Pearson’s distance for calculating correlation
among users) [4], clustering and graph theory. Model-based techniques on the other hand include Bayesian networks, linear regression [15], neural networks and probabilistic methods [8].
Both content-based and collaborative methods have some limitations that prevent them to produce reliable recommendations in certain cases. Many researchers have proven that hybrid recommender
systems can provide more accurate recommendation results than pure
content-based or collaborative methods. One of the advantages of
hybrid recommendations is the ability to give easy to understand
(knowledge-based) explanations of why an item was recommended
while still fine tuning of recommendations using collaborative filtering approach. Hybrid recommender systems can be classified [1]
into several groups of designs: separate usage of collaborative and
content-based methods and combining their results, incorporation
of some characteristics of content-based methods into collaborative
methods and vice versa or building a more general model that incorporates characteristics of both content-based and collaborative methods.
In the case of separate collaborative and content-based methods
the construction of recommendation results (usually ratings) can
be combined into one recommendation using some kind of voting
scheme [10], linear combination of ratings [5] or simply choosing
the one that would produce better results [3]. Incorporating one approach’s characteristics into another approach can be useful for recommending an item that user’ neighbors (users with similar preferences) have not rated yet or have not rated highly or in cases where
two users do not have many commonly rated items [10]. A more
general unifying model can also be built. One possible approach is
to create a single rule-based classifier [2] or to create a unified probabilistic method for combining collaborative and content-based rec-

ommendations [13].

3

Problem statement

Despite the extensive research in the last couple of years, there are
still some problems in both collaborative based and content-based
approaches to content filtering and recommendation generation. One
of the most distinct issue is what is commonly known as a cold start
problem. This means that a system can not make accurate recommendation for new users that haven’t yet seen and rated any content item.
Similarly, a system can not recommend a new item which is significantly different from items that user has previously rated. Due to
such limitations, a hybrid recommender system might improve recommendation results. Since our research was focused on hybrid recommender systems we did not try to solve the cold start problem, but
are nevertheless aware of it and plan to try and solve it as part of our
future research.
Separate collaborative and content based approaches to content
filtering can be implemented in many different ways. There is a variety of mathematical methods and algorithms with which the contentbased recommendation can be implemented. These methods need to
be tested in order to figure out which method gives best results and
is suitable for implementation. Similarly, collaborative recommendation can be performed using different methods for identification
of similar users as well as for generation of predicted ratings. Separate evaluation of these approaches is thus crucial for achieving good
overall recommendation results.
Recommendation results of content-based and collaborative recommenders can be further improved by combining both approaches.
Building a hybrid design is a big task itself. While cascaded approach
(producing recommendations with one approach and then using them
as input to another) seems interesting, it causes additional requirements for the system. This kind of a system must be designed in
such a way that the input to the second phase is compatible with the
output of the first phase of hybrid recommender. On the other hand
each individual recommendation approach narrows the list of possible recommendations in some way. Therefore, if used in a cascade it
can affect the variety of recommendation results. For these reasons
the parallel approach (combining results of separate recommendation
systems) seems like a good idea to overcome these problems.

4

The hybrid recommender system

Following the above mentioned conclusions, we designed our hybrid
recommender as a parallel architecture. The main reason for this decision is the nature of the parallel hybrid recommender, which does
not narrow down the variety of recommendations and also allows for
arbitrary weighting of both recommender approaches. This means
that the classification decisions for potentially recommendable content items (made by CF and CBR recommenders) can be arbitrarily
combined based on a number of decision parameters. These parameters include previously evaluated prediction accuracy of both recommenders, the availability of content recommendations from one
or the other approach, etc. In addition, the parallel hybrid recommender is easier to implement than other hybrid recommenders. The
architecture of our hybrid recommender is presented in Figure 1. The
functional description of individual recommender modules and of the
hybrid recommender module is presented in following sections.
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4.1 Collaborative filtering module
The collaborative part of our hybrid recommender is based on the
k-nearest neighbors approach. The module is designed to work in
two stages. In the first stage it selects those neighbors it deems the
most appropriate. In the second stage the module generates a list of
potential content items that could be proposed by the system. This
list is then forwarded to the hybrid module for further processing.
The module for nearest neighbor selection is based on the Pearson’s coefficient [4]. We decided to use this distance metric, because it is used quite often in user modeling approaches and was also
proven to give good results. The system is designed to search for 50
nearest neighbors, because our initial experiments have shown that
this number represents the best compromise between speed and efficiency. A smaller number of neighbors produces significantly worse
results, while a larger number requires much more processing time
thus reducing the overall speed of the system. As a further improvement to the system we adjusted the distance metric to favor users that
have registered a larger number of rating in the system. In this way
we ensured that the system had a large enough pool of possible recommendations. In order to find these neighbors, the system compares
the active user’s profile (ratings) with profiles of all other user’s in the
database provided they had enough rating registered. The minimum
number of ratings per user required for this module was set to 20.
Once the system selects the user’s neighbors it proceeds to create a list of recommended items. To do this it first compiles a list of
all items that the neighbors have rated. Next it removes all items that
have already been rated by the active user from the list. All remaining
items become potentially recommendable. In order to narrow down
this selection the system calculates predicted rating for each of these
items. To calculate this rating our system uses True Bayesian estimation prediction algorithm [9]. After the predicted ratings are calculated they are sorted from best (highest rating) to worst (lowest
rating). Since our goal was to design a hybrid recommender system
we did not filter this list in any way, but forwarded it to the hybrid
recommender module instead. In this way we were able to perform
an overall evaluation of the system. Normally, such a system would
recommend only a limited number of best recommendations.
The overall prediction performance of our collaborative module is
quite good (see results in Figure 2), but one of the greatest problems
we encountered while testing are its processing requirements. While
the process of calculating predicted ratings requires relatively small
of time, the process of selecting nearest neighbors requires a lot of
time and resources. We therefore designed our system to search for
neighbors only when a new user is registered or when the user has
registered enough new ratings that it would make sense to repeat the
procedure. Future research will also focus on the reduction of time
required for the identification of nearest neighbors.

4.2 Content-based recommender module
The content-based recommender generates rating predictions for
movies described with the following metadata attributes: genre(s),
actors, director(s), screenwriter(s) and award(s). Each of the attributes is handled separately and the suitability of a particular movie
is first calculated separately for each of these attributes. The final rating prediction is based on these attribute suitabilities and is calculated
using the M5Rules decision rules algorithm [16].
We should note that available content descriptions also contained
short synopsis, describing the content with unstructured text. Nevertheless, we decided not to use this attribute for personalization due

to unsatisfactory results in our previous experiments [12]. These experiments have shown, that keywords extracted from synopsis give
useful information about user’s preferences only in case of sports
programmes, where keywords carry high informational value (sports
genre, team names, competitor names, etc.). We even tried to improve additionally the classification results by taking into account
the lexical relations between keywords. For this purpose we used the
WordNet lexical database. However, the results showed no improvement for any of the genre types.
In order to obtain quality rating predictions, the content-based recommender needs to be trained. The training procedure is separated
into two phases: First, the recommender is updated with information
about the suitability of particular actors, directors, genres, etc. This
phase is often referred to as the updating of the user model and provides the basis for later calculation of attribute similarities between
the metadata description of a particular movie and the (contentbased) user model. The result of this phase are weights, assigned to
each actor, director, genre, award and screenplay writer. The second
phase is used for training of the M5Rules algorithm, which should be
able to predict the rating of a particular movie, based on previously
calculated attribute suitability values.
Once the content-based recommender has been updated/trained it
is ready to generate rating predictions for movies, based on their
metadata descriptions. Similarly to the training phase, the rating prediction is also a two-phase process. In the first phase, the attribute
suitabilities are calculated based on the movie’s metadata description and the data stored in the user model. The result of this phase
are 5 attribute suitability values, ranged on a 0 - 1 interval representing the movie’s suitability for the user, taking into account the list of
actors, director(s), genre(s), screenplay writer(s) and awards. These
values are then passed onto the M5Rules algorithm, which calculates
the predicted rating.
The suggested approach was chosen among a number of available
approaches (regression tress, Bayesian regression, etc.) because of its
straightforwardness (one can always extract the lists of most popular
actors, genres, etc.), because they are computationally acceptable and
because the preliminary tests gave good results.

4.3 Hybrid recommender module
Once the rating predictions generated by the content-based and the
collaborative recommender are available, the hybrid recommender
is run. Its architecture is presented in Figure 1. The hybrid recommender takes predicted ratings as input and based on their values
classifies the movie into the class of recommended or not recommended items. For the current system we implemented a weighted
voting system. First, a threshold value is set, which defines the border between classes of recommended and not recommended items.
After some experiments, we decided to set this threshold to 0,7. We
evaluated three threshold values of 0.6, 0.7 and 0.8 and the chosen
value gave the best trade-off between precision and recall values.
The hybrid voting procedure is as follows: If both recommenders
’agree’ on movie’s classification, the movie is directly classified into
the predicted class. If the recommenders don’t agree, the weighted
voting scheme comes into place. The predicted voting of each of the
recommenders is weighted using the recommender’s weight and the
average rating is calculated. If this value is above the threshold, the
movie is classified as recommended and vice versa. The weights used
in our current system were set equally for both recommender modules. However, these weights are adjustable and can be trained as
well, but this is already out of the scope of this paper.

119

1
0,9
0,8
0,7
0,6

Precision
Recall

0,5
0,4
0,3
0,2
0,1
0

Hybrid
recommender

Collaborative Content-based
recommender recommender

Recommender system

Figure 2. Recommendation results comparison
Figure 1. Hybrid recommender system architecture

The classification results of our recommender system are presented in the next section.

5 Results
We tested the proposed hybrid design as well as both separate recommender modules on Eachmovie database provided by Digital Equipment Corporation [6]. The database consists of 61265 user profiles,
1628 different content items (movies) and more than 2.8 million registered user ratings of those content items. Ratings have been collected over a period of 18 months from 1995 to 1997, when Eachmovie, developed by Digital Equipment Corporation’s System Research Center, has been running as a free public service.
First, the collaborative and content-based recommender modules
were individually tested on the database and after these experiments
were carried out the proposed hybrid recommender system was also
tested on the same database. Due to the limitations of recommender
modules we decided to trim down the list of users based on the number of rated content items. For the purpose of our experiments only
users with at least 100 rated items were considered in recommendation generation in all three modules. This resulted in the evaluation
of 7164 users. The results are presented in Figure 2.
In collaborative recommender module, which uses Pearson’s distance metric for finding similar users, we limited the number of nearest neighbors to 50. A series of experiments with several different
values showed that 50 nearest neighbors produces best results. The
individual testing of the collaborative recommender module resulted
in a precision value of 0.69 at the recall value of 0.40 .
We used 10 fold cross validation for evaluation of content-based
recommeder. This means that 10% of the dataset was used for training and the rest (90%) for testing, which was then repeated 10 times,
so that all items were at least once included in training set. Contentbased recommender produced some interesting results as far as precision and recall metrics are concerned. Namely, the prediction accuracy (recall and precision) was almost identical to that of the collaborative recommender. To be more exact, the content-based recommender achieved precision value of 0.68 at recall value of 0.42.
Although recommendation results of separate collaborative and
content-based recommender modules used separately were already
quite good, the hybrid system improved them even further. Our hy-

brid recommender system, based on the weighted voting system, produced the final precision value of 0.80, while recall in our experiments reached the value of 0.45. This means that our hybrid recommender on average improved the precision value of individual recommenders for 0.11 (16%) and the recall value for 0.04 (10%). We
can conclude that it is capable of making a highly reliable recommendations for movies. Somewhat lower recall value suggests that
our system misses out around half of the ’liked’ items. We believe
that it is more important for a personal recommender system to give
recommendations with higher precision, because a high number of
false recommendations may deter users from using the system. On
the other hand, the high number of available content items ensures
that the number of recommendable content will be high enough even
at given recall values.
In addition to recommendation results of proposed hybrid recommender system we also investigated the real-time performance of the
system. As far as collaborative filtering module is concerned, nearest neighbors search and update is definitely a task that can not be
run in real time and will have to be run off-line. Other parts of the
algorithm are however much quicker and can be used in real time.
Preliminary results have shown that the hybrid system is capable of
making recommendations in approximately 4 minutes, which is quite
a promising result. We believe that the speed of the algorithm can be
further increased by optimizing the algorithm itself, as well as by
using faster hardware.

6 Conclusion and future work
Our experiments have shown that a hybrid recommender system proposed in this paper works well while making recommendations from
a set of movies. Despite the simple hybrid design, recommender
gives high precision values at acceptable recall values, which is very
encouraging. The hybrid recommender has improved the results of
both recommenders, especially the precision value, which is from
our point of view more important than recall.
However, there is always room for improvement. We have already
identified some system parameters that can be optimized in order
to achieve even better results. Threshold for splitting recommended
and not recommended classes in hybrid system is one of those parameters. We have set it at value of 0.7 , but we think that it would be
possible to build-in a trained mechanism, which would automatically
set this value based on the user’s average rating, number of available
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content items, etc.
The weighted voting scheme is another area where we feel our system could be optimized. We have intuitively set it so that it slightly
favors the collaborative module, but further experiments will prove
whether this choice was optimal or if there is any room for improvement.
We also intend to address other possible hybrid system designs
such as the cascaded combination of collaborative and content-based
recommendation or even a more integrated combination of both approaches. Furthermore, the approach to selection of nearest neighbors for collaborative module leaves room for improvement as will
as the methods for calculation of attribute suitability in content-based
recommender.
This paper does not deal with the security and privacy issues. However, we are aware of them and believe that they can be solved with
the standard approaches, which should prevent the misuse and compromising of the user data.
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[16] I.H. Witten and E. Frank, Data Mining: Practical machine learning
tools and techniques, Morgan Kaufmann, San Francisco, 2005.
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Mobile Music Personalization at Work
Erich Gstrein and Brigitte Krenn 1
Abstract. Although personalization is a widely used technology in
e-commerce it has not yet gained the importance it should have in mcommerce. With the availability of mobile services operating on huge
content sets (e.g. audio archives) the need for personalization rises.
In this paper we present the current state of a music personalization
system designed to improve a large mobile music portal.

usage of personalization systems, and user behaviour has a certain
effect on the community employing the system.
These effects can be very multifarious, ranging from deliberate
interactions like the placement of ratings or recommendations to indirectly shaping the sample data to which learning algorithms are
applied. These considerations led to a multi- layer model where each
user is represented by a profile consisting of three different views:

1 INTRODUCTION

• self assessment
• system observations
• community assessment (assessment of others)

Distributing music is currently a very hot topic in e- and especially
in m-commerce. Many portals offering music (e.g. amazon.com) try
to improve their service by providing personalization for better supporting the user in finding and buying the appropriate music items.
While most available systems are based on some recommending
algorithms the approach of SAT is not to tackle personalization as
a data-mining and/or user modelling problem, but viewing it in a
broader context where the optimization of the users’ needs as well as
the requirements of the operators are in focus.
The system (Adaptive Personalization) presented in this paper is part of a large international mobile music platform
(http://www.ericsson-mediasuite.com) and is currently online in Europe, Asia and the USA.

Each view is implemented by a feature vector, as shown in figure 1, which represents the basis for a user profile in the Adaptive
Personalization approach. The decision, which views are used and
which attributes (features) model a given view, depends on the kind
of application and problem domain. For example, within the mentioned online music portal the community assessment view is (still)
not in use.

2 THE CONCEPT
The ’Adaptive Personalization System’ of SAT is a hybrid, self
adapting recommendation system, combining the advantages of social/collaborative and item based filtering approaches. The cornerstones of this concept are
• a highly sophisticated, multi dimensional profile system, combining model-based and behaviour based approaches,
• a well defined set of recommendation strategies, based on datamining and artificial intelligence algorithms,
• self-adapting or ’learning’ behaviour, based on instance based
learning and data mining algorithms
• support of user generated content

2.1 Adaptive Profile Systems

Figure 1.

Structure of User Profile

2.1.1 Modelling the User
User needs can be distinguished in well and ill defined ones. Well defined needs are needs the user is explicit about, for instance preferred
genres or artists. Ill defined needs are needs where the user does not
know exactly what he/she is looking for and is far from being able to
define them. Furthermore, users are normally not isolated during the
1
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This complex model, combining knowledge- and behaviour-based
approaches, forms the basis on which a wide range of needs can be
served. The information of the self-portrait can be used to satisfy the
’obvious’ needs - even (and especially important) when this description is somewhat ’idealized’. The sub profile created and automatically refined through the observations view is used to identify and
satisfy behaviour-based needs.
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2.1.2 Modelling the Items
The affiliation of items to certain clusters is also modelled along three
different views (see figure 2).
• the assessment of the domain expert
• the assessment of the (user) community
• cluster affiliations calculated by appropriate classifier systems, if
available.

Figure 2.

Structure of Item Profile

The assessment of the domain expert often represents the opinion
of the content owner, while the community view reflects how the
content is seen by the consumers/users. By providing both views the
content owner gets an important feedback, and a better explanation
model can be provided for the user concerning the recommended
items. The classifier assessment can be seen as an extension of the
domain expert view, where ’third party’ information is used to refine
the item profile. In the context of our online system an audio classifier
is used, based on Music Information Retrieval methods.
Beside genres we also support music clustering according to mood
and situation like music for ’First Love’, etc.

2.2 Recommendation Strategies
Another key factor is to support the right set of recommendation
strategies the user is expecting from an intelligent system. The SAT
approach provides a set of ’need based’ strategies, as proposed in
several papers of the research community e.g. [5], [3], [4].
1.
2.
3.
4.
5.

’More-like-this’ recommendations - probably the most common
ones - should help the user to find similar items. In our context similarity is defined on the basis of genre affiliation and an external calculated ’sounding similar’ [1], [2] relation, with the latter being calculated offline.
’Hot-Item-recommendation’ should support the user to be up-todate within the range of his/her preferences. These recommendations
help to satisfy community needs, where a user wants to be best informed within his/her social environment.
’Broaden my Horizon’ is a very important recommendation strategy, because it supports the user to explore his/her taste and it helps
to sharpen or verify the user’s profile.

Reminder recommendations
’More like this’ recommendations
Recommend new/’hot’ items
’Broaden my horizon’ recommendations
Show me, what ’similar’ users do or like (e.g. view or buy)

Reminder recommendations should help the user not to forget or
oversee those items that he/she has earlier put on a digital shopping
list, but not yet bought.

Figure 3.

Recommendation strategies

Figure 3 demonstrates a page where three of the mentioned recommendation strategies are shown in the context of a given track.

2.3 Self Adapting Capability
The self adapting or ’learning’ behaviour of the personalization system of SAT is realized by using data mining and instance based learning algorithms. This ’learning behaviour’ is realized on three different levels
1. The individual level, where profiles of users are permanently refined based on implicit (e.g. navigation observation) and explicit
feedback (e.g. ratings, buying behaviour). For frequent users, the
quality of the profile will increase over time.
2. The collaborative level, where the community ratings of items improve the recommendation quality as well as the refinement of
profiles leads to the improvement of the ’similarity’ relation (e.g.
’items similar users like’).
3. The statistical level, where data mining algorithms are applied
(e.g. association rules) to generate new recommendations. Because these algorithms operate on data based on user-behaviour

123

(e.g. shopping history, compilations of favoured items) the quality
will improve over time.

2.4 User Generated Content
Feeding portals regularly with interesting and engaging content is a
very challenging (and of course expensive) task for operators. So we
decided to involve users in that process by encouraging them to post
affiliations of items (including personally compiled collections like
play lists) to mood and situation clusters. Figure 4 demonstrates a use
case, where the user can assign a track to a predefined cluster (music
for ’First Love’). For handheld devices only one choice of a cluster is
presented, which can be either accepted (’YES’) or rejected (’NO’).
When accessing the music portal on the WEB (via PC), all clusters
are presented and the user may assign a track to several clusters.

Figure 4.

[2] E. Gstrein and al. et, ‘Polynomial preconditioners for Conjugate Gradient calculations’, In Fifth Open Workshop on MUSICNETWORK: Integration of Music in Multimedia Applications, Vienna, Austria, (2005).
[3] R. Sinha and K. Swearingen, ‘Comparing recommendations made by online systems and friends’, Proceedings of the DELOS-NSF Workshop on
Personalization and Recommender Systems in Digital Libraries, (2001).
[4] K. Swearingen and R. Sinha, ‘An hci perspective on recommender systems’, In ACM SIGIR 2001 Workshop on Recommender Systems, New
Orleans, Lousiana, (2001).
[5] K. Swearingen and R. Sinha, ‘Interaction design for recommender systems’, In Designing Interactive Systems (DIS 2002), (2002).

Assigning a track to a cluster

3 DEMONSTRATION
During the demonstration of our system we will explain how the concepts mentioned above were realized for the handheld as well as for
desktop clients. Furthermore at the time of the workshop first results
concerning user acceptance will be available.
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An Intelligent Information Push Service for the Tourist
Domain
Thomas Beer1 and Wolfram Höpken1 and Markus Zanker2 and Jörg Rasinger1 and Markus
Jessenitschnig1and Matthias Fuchs1and Hannes Werthner3
Abstract. We present ongoing work about an intelligent information
push service that filters information depending on the user context and
sends determined messages that have not been explicitly requested. In
this regard, context can be understood as any parameter (e.g. location,
time, weather, user profile, or available tourism services) that
influences the content and the sending time of a particular push
message. The proposed Intelligent Push Service personalizes the
content of a push message (using recommendation techniques), adapts
it to the appropriate devices and actively sends the generated
messages to the tourist (in every case depending on the user context).

1

Introduction

The process of aggregation, distribution and consumption of services
and service bundles in tourism is highly information intensive, thus, is
leading to a fairly complex and time consuming planning process for
customers [1]. The increasing supply of online available tourism
products and/or information services is leading to a raise of the
information amount the customer has to cope with (i.e. information
explosion), thus, lowering the acceptance of these new information
channels and particularly mobile services in tourism [2]. The problem
of information explosion can be divided into information overload
and information retrieval effort issues. [3] illustrates that
recommender systems allow helpful and persuasive product and
service suggestions and thus reduce the burden of information
overload and domain complexity for users. A further aspect, which is
not yet (or only insufficiently) considered by existing tourism
information systems, is their potentiality to support tourists not only in
the planning (i.e. the pre-trip) phase, but in all relevant trip phases,
particularly including the phase of destination-stay by providing onsite information about the tourism offers available in a particular
destination at a specific time. Particularly in the destination-stay phase
tourists face the problem of not-knowing where and when to look for
1
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data (i.e. problem of information retrieval). However, “the traditional
pull approach requires that users know a priori where and when to
look for data or that they spend an inordinate amount of time polling
known sites for updates… Push relieves the user of these burdens”
[4]. That means the user is not forced to search for relevant
information and her/his effort in retrieving information is reduced [5].
Within the etPlanner framework [3] the above mentioned problems
will be addressed by the Intelligent Push Service (IPS) discussed in
this paper. IPS actively informs tourists about tourism services or
goods highly relevant to them.
The key to overcome the drawbacks above is providing highly
personalized information regarding content and send-time of push
messages (PMs). The relevance of the information depends on several
parameters, such as the personal preferences of the tourist or the
tourism services are available in her/his surroundings. Especially
during the destination-stay a high amount of additional parameters
must be taken into consideration, in order to estimate the relevance of
a piece of information.
The paper is organised as follows. In Section 2, we introduce an
example usage scenario for the Intelligent Push Service in the tourism
domain. In Section 3, the methodology and overall architecture of the
Intelligent Push Service are proposed. Section 4 summarizes current
results and discusses future work.

2

Scenario

A tourist plans to spend a weekend in Innsbruck. We assume s/he has
already used the IPS during her/his trip to Vienna three month ago.
Therefore s/he is already registered and known to the system by
means of a user-profile. S/he has stayed in Vienna for two days and
visited among other things “Schönbrunn Palace”. Two weeks before
departure s/he interacts with an online booking platform to plan
her/his trip to Innsbruck. In first step s/he books a room in the
“Innsbruck Inn” hotel. The underlying IPS system is now able to infer
where s/he wants to go to and how long s/he is planning to stay. In the
next step, the system queries personal information to complete her/his
user profile with the necessary information for the specified region,
e.g. information on activities s/he is planning to conduct. S/he loves
skiing and therefore searches skiing-regions near Innsbruck. The
“Axamer Lizum” seems convincing and s/he therefore schedules the
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activity "Skiing in the Axamer Lizum" on Saturday. Two weeks later,
on Friday night, s/he arrives in Innsbruck. During night there is a
spontaneous and disadvantageous weather change – strong wind
comes up and it will be snowing, soon. At breakfast time a message is
sent to her/his mobile device, that there will be a blizzard in “Axamer
Lizum” and it is not recommendable to go skiing on that day.
Additionally the message includes a number of alternative suggestions
for bad-weather activities based on her/his user profile. Amongst
them, the user is welcomed to visit the “Hofburg” in Innsbruck
(because s/he has shown interest in similar buildings in the past) and
at the same time a 10% rebate on the entry fee is offered. After her/his
visit of the “Hofburg” the system pushes a SMS to her/his mobile
device informing her/him that Pizza Gino offers a special lunch menu
(20% off) for all visitors of the “Hofburg”. Both push information
messages are triggered by business rules that have been defined by
tourism-experts from the city of Innsbruck. In the described scenario
the following two push instructions came into action:
I) Every morning check, if there is bad weather. If that is the case,
check which tourists have planned to go skiing: recommend an
alternative leisure activity and offer a 10% rebate on entrance fees.
II) Inform all visitors of the “Hofburg” that have a preference on
Italian food about special lunch offered at Pizza Gino nearby.
The evaluation of the first instruction (rule) by the Intelligent Push
Service leads to the recommendation to visit the “Hofburg”. This
recommendation is generated due to the prior visit of “Schönbrunn
Palace” in Vienna. Therefore the hybrid recommendation service
derives from her/his user-profile that s/he might also be interested in
visiting similar places in Innsbruck. According to her/his positive
review regarding an Italian restaurant which s/he visited in Vienna he
is informed about the special lunch offer at Pizza Gino.

3

Intelligent Push Service (IPS)

The combination of push and recommendation techniques is a valid
instrument to tackle the mentioned problems of information overload
and information retrieval. The proposed methodology consists of two
basic steps. First an expert of the tourist domain (e.g. the system
provider or supplier of offered tourism services) specifies business
rules in an abstract way: “What” is “When” sent to “Whom”. “What”
specifies the basic content of the message (e.g. the type of tourism
service or category of information). “When” defines the sending time
of the message which is determined through the occurrence of a
special event. “Whom” stands for the set of target users who meet
given constraints. In the second step the actual content is refined (i.e.
the appropriate instance of the concept is determined) by a hybrid
recommendation service [6][7], which applies collaborative, contentbased and knowledge based recommendation techniques [8]. A rule
language is developed to express the “what”, “when” and “whom”
facts. The rule syntax is similar to an event-condition-action rule [9].
Example:
Event:
Condition:
Action:

[TimeEvent (daily, 9:00)]
[(User.bookedEvent
=
outdoorEvent)
(weatherforecast=storm)]
[Recommendation(Leisure-Activity)]

AND

Figure 1 depicts the overall architecture of the IPS. The nucleus of the
system is build by two components namely the Inference-Engine and

the Hybrid-Recommendation-Service. All components are explained
subsequently.

Figure 1: Architecture IPS

Registration & Subscription Service
This service represents the entry- (and exit-) point to the IPS. To
provide the user with adequate push messages it is significant to
exactly understand the user’s preferences. This service therefore
provides functionality enabling the user to specify her/his
demographic profile (e.g. name, gender or age) and her/his
information preferences. The information preferences specify which
kind of push-messages the user is interested in. Additionally, the user
can indicate which activities s/he is planning to conduct during a
destination stay. This information is used to continuously refine the
user-profile with every trip s/he makes using the IPS. Feedback
mechanisms (Was this information useful to you? or Did you find the
given recommendation appropriate?) allow a further refinement of the
user profile. For example, which sights or concerts the tourist has
visited or where s/he preferred to go for dinner increases the quality of
his user-profile step by step.
Rule-Editor
For tourism service suppliers, the push service offers a high quality
communication channel to their customers. First, push-messages to be
sent to the customer must be defined in an abstract way. The ruleeditor offers a graphical user interface for creating and managing push
rules. Tourism experts are supported in the rule definition process by
means of a high-level interface utilizing wizards and graphical,
context sensitive editors.
Core Context-Service
One of the major contributions of an intelligent push service is its
ability to react on the actual context of a user. For this, the context
service offers a high-level interface for accessing the context
information of a user. In a first step, the system supports the inclusion
of location information (i.e. What is the current location of the user?),
weather (i.e. What is the current weather situation and its forecast?)
and time. Consequently, the service is divided into three sub services,
namely the Localisation-Service, the Weather-Service and the TimeService. The Context-Service further defines an extension-point for
accessing additional context-information, such as flight schedules.
Adaptation-Service
The responsibility of the Adaptation-Service is to render the
application’s user interface according to the user's device. As an
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example, the IPS uses this service for the registration process or the
adaptation of the PM. Mobile phones, PDA's, or smart phones do not
only differ fundamentally in terms of supported markup-language
(e.g. WML, CHTML, XHTML MP; XHTML), but also in terms of
capabilities within these languages. Display resolutions and graphic
capabilities differ even for mobile phones significantly, not to mention
the differences that exist between different classes of devices, such as
PDA's and mobile phones.
User Modeling Service
Several systems are involved in the implementation of the scenario of
an intelligent information push service in the tourism domain: First,
the user interacts with an online platform for travel planning and
booking. There a content management system, the booking
application itself or a customer relationship module may already
collect data about the user. Second, the user has to register for the
push service. S/he may optionally go through several adaptive and
domain specific dialogues that are oriented towards the elicitation of
her/his preference and informational needs situation. For instance, the
user is visiting a destination for the first time or by whom s/he is
accompanied. Furthermore, during the use of the push service
feedback information is collected.
Therefore, a centralized user modeling service is required, that acts as
a central hub for all user information that is accessible to the system. It
is based on a generic data integration component that enables access
to XML files and relational databases. The user modeling service
itself data warehouses selected interaction and preference information
on the user and offers a query interface to the Inference-Engine and
the Hybrid-Recommendation Service. Basically there are two modes
of querying: One is to retrieve all users that satisfy a given set of
conditions like all female first-time visitors of Innsbruck below the
age of 30 that like to go shopping, or all users who booked an outdoor
event. This kind of query is utilized within the condition part of an
ECA rule to state conditions related to the underlying user profile. The
second usage mode is to evaluate a condition for a given user.

Hybrid-Recommendation-Service
The Hybrid-Recommendation-Service mediates between the different
recommendation components. They build on collaborative, contentbased and knowledge-based paradigms. The service decides on the
recommendation strategy and asks one of the underlying
recommendation components for instances of a specific concept, e.g.
an appropriate sight according to user’s interest profile.
Recommendation strategies are further hybridized by retrieving past
interaction data from the central user model. This way, collaborative
filtering algorithms can use explicitly stated user preferences during
interaction with a conversational knowledge-based recommender to
compute user neighborhood for instance.

4

Conclusion & Future Work

The paper presented the methodology and architecture of an
Intelligent Push Service for the tourist domain. A first version of this
push service is already implemented as part of the etPlanner
application – a mobile tourist guide for intelligent travel guidance [3].
A first field trial within the destination of Innsbruck is planned for the
middle of 2006. Further refinements and enhancements are planned
especially in the area of context-based recommendations and the
integration of user feedback on the relevance and appropriateness of
PMs.
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Abstract.
We first introduce ambient recommender systems, which arose
from the analysis of new trends in human factors in the next generation of recommender systems. We then explain some results of these
new trends in real-world applications. This paper extends current approaches to recommender systems towards a cross-disciplinary perspective by combining the specific advantages from several research
areas to achieve better user modelling. Our approach synergistically
combines a model of the user’s emotional information with intelligent agents and machine learning to: i) provide highly relevant
recommendations in everyday life, thus reducing the user’s information overload and making human–machine interaction richer and
more flexible; and ii) learn about, predict and adapt to the user’s behaviour in the next generation of recommender systems in ambient
intelligence scenarios. We also describe the results of an application of these new trends to human factors using a cross-domain hybrid approach: i) an e-commerce recommender system about training
courses with more than three million users and ii) the prototype of an
ambient recommender system for emergency interventions, combining virtual rich-context interaction environments and wearable computing, to train firefighters.

1 INTRODUCTION
Over the last decade, research on recommender systems has focused
on performance of algorithms for recommendations [19] and improved ways of building user models to map user preferences, interests and behaviours into suggesting suitable products or services
[4]. At the same time, several recommendation approaches (see [20],
[25] and [27]) and techniques have been developed in a variety of
domain-specific applications [1], [22].
However, user models must be context aware in many recommender systems in several application domains. In addition, traditional approaches require other support in future emerging technologies [7]. The development of Smart Adaptive Systems [2] is a cornerstone for personalizing services in the next generation of open,
distributed, decentralized and ubiquitous recommender systems [30].
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Such recommender systems should learn from the user’s interactions
everywhere and anytime in an unobtrusive way.
As systems become more complex, so does the amount of information involved in user–system interactions. Learning processes are
therefore required to capture the user model automatically, without
continually annoying the user by requiring data to be filled out during
each interaction with an application. Indeed, the complexity of modelling a user in real contexts is not a simple task, given that the context is a multidimensional environment that includes time, location
and subjectivity in perceptions and emotions, among other variables.
Ambient intelligence [23] is a suitable vision to take advantage of
users’ interactions to improve the learning process of ubiquitous recommender systems in everyday life. An ambient recommender system proactively operates as a ubiquitous intelligent adviser on behalf
of users in an everyday context; it is sensitive, adaptive and responsive to their needs, habits and emotions in real time while they reduce
their information overload. Such ubiquitous recommender systems
have a moderately portable user model, which interacts with services
in several applications to communicate and exchange users’ preferences in several contexts and domains.
The paper is structured as follows: In Section 2, we describe new
trends in affective factors in recommender systems with a crossdisciplinary perspective. Section 3 motivates the synergy of users’
affective factors, agent technology and machine learning to build user
models in ambient recommender systems. In Section 4, we test our
approach, mapping user models between a crisis situations recommender system using a virtual rich context for training firefighters
and an e-commerce recommender system about training courses. In
Section 5, we introduce a real-world ambient recommender system in
the framework of the wearIT@work project as future work. Finally,
we provide some conclusions.

2

NEW TRENDS IN AFFECTIVE FACTORS IN
RECOMMENDER SYSTEMS

There has been intensive research based on perspectives from traditional approaches (i.e., content-based, collaborative-based, hybridbased, knowledge-based, demographic-based and utility-based approaches) and performance of algorithms for recommendations.
However, few approaches in recommender systems consider the
contextual information associated with the ambient intelligence approach.
On the other hand, relevant research work is being carried out on
users’ emotional factors in both recommender systems [21], [14] and
intelligent agents [17], [26], to understand users better in complex
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situations. In addition, the emotional factor is being used to persuade
users through argument-based suggestions in conversational recommender systems in ways analogous to how humans act when they
communicate useful/useless or pleasant/unpleasant advice to each
other [24], [11], [6].
It is well known that users behave differently depending on the
context in which they are placed. Accordingly, we extend and tackle
some challenges of the approach of Burke [5] surrounding knowledge sources and user profiles by users’ context (See Figure 1). This
generation of ambient recommender systems should represent in a
holistic way several relevant properties (e.g., cognitive context, task
context, social context, emotional context, cultural context, physical
context and location context) according to the user’s circumstances,
using existing and new techniques for recommendations.

Figure 1.

Towards the next generation of ambient recommender systems:
an extended approach from Burke

In particular, the emotional component is the user factor most sensitive to the context [13]. The emotional factor is defined as the relevance that each user gives to differential values of items (i.e., actions,
services, products), which are demonstrated in the user’s decisionmaking process by means of his or her actions.
Each user is motivated in different ways by products and services
offered by companies and institutions. These interests are linked
to personal needs, possibilities and perceptions. Companies should
know with enough accuracy the sensitivities that their products and
services generate in their users, to satisfy their requirements, possibilities and perceptions. Most user-centred companies would like
to detect existing links to users’ actions and emotions produced by
their services and products, to analyse user retention rates, loyalty
rates, user churn rates, cross-selling opportunities and so on. Moreover, variables such as empathy, sensitivity and emotional response
towards products and services cannot be detected explicitly with simple statistics or data mining techniques. Currently, there are few commercial recommender systems used for creating user models that
consider these sensitivities. Most systems use statistical techniques.
Some others use data mining techniques mixed with relational marketing concepts to create behaviour patterns of users and consumers
and then classify them according to rules. However, none of these
recommender systems consider human factors as fundamental components of analysis to create truly personalized and individualized

user models according to preferences and interests. Most importantly, they do not have capabilities for smart behaviour, that is, to
learn in an incremental way and produce effective recommendations
in a wide variety of complex circumstances.

3

FIRST RESULTS: SMART USER MODELS

The daily life of nomadic users of applications in the home environment, workplace, car, leisure time and tourism, among other scenarios, can be simplified and enriched by satisfying their interests,
preferences and understanding their emotional context through Smart
User Models (SUMs). SUMs represent a breakthrough advance in
ambient recommender systems state of the art. They are smart adaptive systems based on the synergy of the user’s emotional factors,
machine learning and intelligent agents that act like unobtrusive intelligent user interfaces to acquire, maintain and update the user’s
most relevant preferences, tastes and behaviours through an incremental learning process in everyday life [12]. In particular, SUMs can
give ambient recommender systems the ability to manage the user’s
emotional context, acquiring his or her emotional intelligence. This
capability is becoming increasingly important for modelling humans
holistically. For detailed information about the SUM and its formal
definition see [14].
First, SUMs introduce smart behaviour to recommender systems.
The breakthrough in the SUM is its ability to learn in an incremental
way, delivering very accurate recommendations based on objective,
subjective and emotional attributes acquired from user interactions
in recommendation processes. However, applying machine learning
to building user models is not a straightforward task [10]. Four main
problems have been described.
1. The need for large data sets: machine learning techniques require
a certain amount of training data about the user that, more often
than not, is unavailable.
2. The need for labelled data: user experiences require labels such as
good/bad, interesting/not interesting (i.e., relevance feedback).
3. Concept drift: the user evolves over time and in different contexts,
so any features learnt from the user cannot be considered permanent.
4. Computational complexity: most machine learning techniques are
quite complex, making them infeasible in the open, dynamic environments in which users are often involved.
In addition, the influence of the context on the user should be taken
into account. Problems such as these have posed new challenges in
the machine learning community and new, alternative methods are
being studied [18]. For example, kernel methods have been analysed
as suitable learning components of SUMs. These methods allow the
processing of massive and growing data sets with a small number of
observations in a high-dimensional feature space based on the concepts of incremental learning and concept drift developed recently in
the theory of Support Vector Machines (SVMs) [3].
Secondly, SUMs are concerned with proactive and automatic preprocessing of users’ LifeLogs1 . SUMs make use of massive multidimensional and heterogeneous data sets to acquire and preprocess
them for ambient recommender systems (see Figure 2). In particular, agent technology provides the appropriate flexibility to carry
1
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Complex sets of all raw data about the user generated during interactions
with multiple applications in several domains in a multimodal way [26]
(e.g., socio-demographic data, web usage data, transactional data, explicit
ratings, attributes databases, physiological signals and eye tracking)

out communication (interoperability) and coordination (coherent actions) with recommendation processes.

Figure 2.

Preprocessing from physiological data through the extractor
application agent of SUM

Thirdly, SUMs contribute to the automatic generation of the user’s
human values scales in individualized ways for each user, according
to his or her interests, preferences and life cycles in purchasing or
decision-making processes. For more information on this methodology, see [16], in which it is fully developed.
Finally, the mission of the SUM is to enhance every day, everywhere and continually in time the interaction between humans and
ambient recommender systems, acquiring the user’s emotional information and exploiting it via machine-processable metadata (see
Figure 3). In order to achieve this mission, this approach tackles the
following challenges [29], [28] in ambient intelligence scenarios.
• The development of a one-of-a-kind, adaptive, sensitive and
reusable user model of objective, subjective and emotional user
features.
• The processing of sparse information for managing the user’s
emotional sensibility.
• Making transferring knowledge feasible (i.e., user preferences)
from one domain, in which the user has already been profiled,
to another, with which the user has never interacted before.
• Avoiding excessive intrusiveness in acquiring user information
when building, setting up and maintaining a user model that interacts dynamically with the user in different domains.
• Learning from the very large, high-dimensional and growing massive data sets produced by ambient intelligence scenarios.
In this mission, SVMs are required to preprocess large volumes
of data for SUMs, to mitigate the sparsity problem2 , a crucial issue
in selecting the user’s relevant emotional features to increase his or
her likelihood of accepting recommended items or actions in ambient recommender systems. Furthermore, SVMs have been used as
a learning component in ranking users to assess their propensity to
accept a recommended item.

4 CROSS-DOMAIN HYBRID EXPERIMENTAL
FRAMEWORK
In this section, we design and test using a prototype the SUM for
decision making in a hybrid integration of rich-context interaction
2

This is where small numbers of observations and instances occur, compared
to the overall dataset of the user’s emotional information.

Figure 3. Properties of next-generation ambient recommender systems
according to desirable capabilities and relevant research areas

in virtual worlds and an e-commerce recommender system for modelling emotional features in users (see Figure 4). This framework increases the user’s motivation by generating real emotions and actions
in users who have previously interacted with the training courses
domain (i.e., their SUMs have profiled objective and subjective attributes when they have interacted with the e-commerce recommender system).

4.1 A real-world e-commerce recommender system
In many real-world e-commerce recommender systems, the number
of users and items is very large and enormous amounts of sparse
data are generated. Our real-world test-bed recommender system
(www.emagister.com) has more than three million users. Usually,
in this kind of recommender system, the suggestions are delivered
through a combination of the user’s explicit preferences and user
feedback is acquired via clickstream analysis (i.e., implicit feedback) and/or user rating of the perceived quality of recommended
items (i.e., explicit feedback), generating raw data to be analysed.
The user’s decision making has been improved by taking into account his or her sensibility to specific attributes in specific domains
of training.
In particular, not only are users advised in selecting the more relevant course to satisfy their preferences and interests, but they also
intensify their satisfaction by discovering their sensibility to particular attributes that allow better communication via newsletters. In this
scenario, SUMs take advantage of the capture by e-commerce applications of both objective features of users and information related to
their subjectivity.
The next step in completing the approach is the acquisition of emotional attributes in other application domains, as described in the next
subsection.

4.2 A virtual rich context interaction for an
emergency intervention recommender system
In [8], new methods were applied to obtain user information, stimulating users in a Virtual Rich Context interaction (VRC) for training firefighters in Paris brigades through Embodied Conversational
Agents (ECAs). VRC interaction is a cognitive approach that allows
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modelling of cooperating agents in virtual worlds and interacts with
users in a multimodal way. This approach supposes a nondivisible
relationship between signifiers and signified of interactions and objects in real contexts. The emotional factor in VRC (i.e., attributes and
values) is acquired from several events in the rescue operations domain. Then we take advantage of VRC through SUMs to use them in
a real-world e-commerce recommender system for training courses
and reuse the acquired emotional factors (i.e., attributes and thresholds) from users’ interactions in the virtual reality training recommender system.
The semantic explanation of data representation for the emotional
intelligence-based ontology of SUMs is taken into account in implementing an automatic mapping of attributes and relationships in each
domain of application following the methodologies described in [15]
and [14], using the hMAFRA toolkit [9] to translate the SUM into
RDFS and XML standards. In this manner, different strategies to localize and access user information are put into practice, allowing an
approximation to anywhere and anytime interactions.

4.3

Results of a cross-dimensional analysis

We have evaluated our approach from two points of view: First, we
evaluated the ECA’s behaviour (actions) and its relation with its experienced emotions in an isolated way and second, we evaluated the
ECA’s social behaviour in a coordinated rescue operation according
to the emotional intelligence embedded in its SUM. In this paper, we
describe the first case. Observing Figure 6, we see on the left side the
most relevant actions recommended to the commander of the brigade
for a firefighter according to the state of the ECA in a rescue operation. On the right side, we see four emotions, from left to right: anger,
satisfaction, deception and fear, that the firefighter might feel when
taking the indicated action. In this case, if the recommended action is
Rescue the victim, this firefighter will experience fear 73% of times
that recommendation is given, with satisfaction 10% of the time. On
the other hand, given the above mentioned four emotions, the commander can see the percentage of each one involved in each action.
These results improve the commander decision-making process.

Figure 6.

Figure 4.

Recommended actions and related experienced emotions

Cross-domain experimental ambient recommender system

To reduce the sparsity problem, we have developed and implemented an incremental learning mechanism based on detection of
a user’s highly relevant emotional attributes using kernel methods
that allow dimensionality reduction from massive raw data sets. This
feature selection involves identifying the common relevant attributes
between domains and reducing the data dimensionality by excluding
irrelevant values. This mechanism is the learning component of the
SUM (see Figure 5).

Figure 5.

Smart user model incremental learning mechanism

5 wearIT@work AMBIENT RECOMMENDER
SYSTEM
In the wearIT@work project3 , we are using wearable computing to
sense physiological and contextual parameters of firefighters, and to
provide recommendations based on the firefighter’s emotional and
environmental conditions. In particular, we map physiological signals into the SUM to shift from discrete events in online recommender systems to continuous events in ambient recommender systems. For instance, suppose that Philippe Durand is a rather hottempered firefighter with a specific skill set. He is directed by a commander who is advised by an ambient recommender system in an
emergency (such as fire, earthquake, tsunami or missing people). The
objective of the team commander is to accept advice from the system
about Philippe’s current emotional state and its implications in the
rescue operation so he can better assess the operational fitness of his
colleague in particular situations. In this living laboratory, it is now
possible to include context-aware information on the user’s current
emotional state through wearable computing. For instance, Philippe
exhibits an increased stress level after an exhausting rescue operation. Then, the ambient recommender system can improve its advice
in real time, suggesting to the commander either to relieve Philippe or
assign him a less stressful mission, according to his physiological and
3
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wearIT@work is funded by the European Commission in the IST 6th
Framework program, see www.wearitatwork.com

inferred emotional state, with the best recommended actions. In this
new scenario, the commander could take better decisions in emergency interventions. These experiments are being developed in the
wearIT@work project, which was set up to explore the potential of
wearable computing in emergency responses, among other domains.

6 CONCLUSIONS
In this paper, we have analysed cross-disciplinary trends from the human factors perspective, particularly from the users’ affective factors
perspective in the next generation of ambient recommender systems.
These recommender systems could be fully deployed in the near
future using the synergy between affective factors, intelligent agents
and machine learning and will provide better learning and prediction,
and will adapt to the user’s behaviour through so-called smart user
models for the next generation of recommender systems in ambient
intelligence scenarios. Interesting results have already been achieved,
improving recommendations in the e-commerce domain and emergency response recommender systems. The hybrid model proposed
can be applied both in an isolated way for an agent and within a
community of agents with social interaction.
We have implemented an incremental learning mechanism that has
been embedded in the SUM for decision making using virtual emotional contexts. The platform for the virtual rich context approach is
suitable for analysing the complexity of human behaviour through
massive data sets.
Some authors have been working on sensing physiological signals
to infer emotions, with several constraints on the user’s real context.
However, in ambient recommender systems the use of wearable computing could enable the SUM to acquire data in an unobtrusive way,
while the user’s real context is preserved.
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Dynamic Knowledge Based User Modeling for
Recommender Systems
João Leite1 and Martina Babini2
Abstract. In this paper we propose the introduction of dynamic
logic programming – an extension of answer set programming – in
recommender systems, as a means for users to specify and update
their models, with the purpose of enhancing recommendations.

1 Introduction
Recommender systems are programs that help the user in navigating large volumes of information available, attempting to provide a
solution to the user’s needs or suggesting items that the user may
like. To chose or discard existing items, recommender systems adopt
many different approaches. Most common techniques used to select
the right suggestions are: collaborative filtering (e.g. [11, 9]) where
user ratings for objects are used to perform an inter-user comparison
and then propose the best rated items; content-based recommendation (e.g.[3]) where measures of similarity between item’s content
are used to find the right selection, employing techniques from the
information retrieval field; knowledge-based recommendation (e.g.
[14, 16]) where knowledge about the user, the objects, and some distance measures between them, are used to infer the right selections
i.e. relationships between users and objects; and, as always, hybrid
versions of these (e.g. [5, 15]) where two or more of these techniques
(collaborative filtering being usually one of them) are used to overcome their individual limitations. For further details on this subject
the reader is referred to [7, 12, 13].
Recommender systems can also be categorised, according to the
way they interact with the user [6], as being single shot systems where
for each request the system make its interpretation of information and
proposes recommendations to the user without taking in account any
previous interaction, and conversational systems where recommendations are made on the basis of the current request of the user and
some feedback provided as a response to previously proposed items.
The extent to which users find the recommendations satisfactory
is, ultimately, the key feature of such systems, and the accuracy of the
user models that are employed by these systems is of key importance
to this goal. Such user models are often implicit, inferred from past
experience. The use of explicit models of both the products and user
has been previously identified as opportune to improve the quality of
recommendations, namely addressing the early rater and the sparse
ratings problems experienced by many systems[16].
In this paper we will concentrate on user modeling for recommender systems, with the following in mind:
- recommender systems should provide users with a way (language) to specify their models and preferences. This language should
be expressive enough to allow for specifications that exceed the mere
1
2
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assignment of ratings to products. It should allow for the usage of
existing concepts (e.g. product characteristics) as well as for the definition of new concepts (e.g. own qualitative classifications based on
product characteristics). The language should allow for the specification of rules that use these concepts to define the policies regarding
the recommendations made by the system. The language should also
include some for of negation to allow for the specification of both
positive as well as negative information.
- users should be able to update their models by specifying new
rules. The system must consider that users are not consistent along
time i.e., some newer rules may directly contradict previously specified ones, possibly representing an evolution of the user’s tastes and
needs, and these “contradictions” should be dealt with by the system.
- recommender systems should not depend solely on the model
specified by the user. Other approaches and existing systems that
do not require the user specification should be used as complement.
Their outputs should be taken into consideration since they may already encode large amounts of data that should not be disregarded,
and would be particularly useful in the absence of user specified
knowledge. At the same time the output of the recommender system
should take into strict consideration the user specifications which, if
violated, would turn the user away from the recommendation system.
In this paper, we borrow concepts from the area of knowledge representation and non-monotonic reasoning, to set forth a proposal that
aims at extending systems with the possibility of allowing for users
to specify their individual models and preferences, while taking into
account the previously mentioned. Concretely, we will adapt the paradigm of Dynamic Logic Programming [2, 10, 1] to suit our needs.
Dynamic Logic Programming (DLP) is an extension of Answerset Programming (ASP) [8] introduced to deal with knowledge updates. ASP is a form of declarative programming that is similar in
syntax to traditional logic programming and close in semantics to
non-monotonic logic, that is particularly suited for knowledge representation3 . In contrast to Prolog, where proofs and substitutions are
at its heart, the fundamental idea underlying ASP is to describe a
problem declaratively in such a way that models of the description
provide solutions to problems. Enormous progress concerning both
the theoretical foundations of the approach and implementation issues have been made in recent years. The existence of very efficient
ASP solvers (e.g. DLV and SMODELS 4 ) make it finally possible to
3
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The main difference between traditional logic programming (e.g. Prolog)
and ASP is how negation as failure is interpreted. In traditional logic programming, negation-as-failure indicates the failure of a derivation; in ASP,
it indicates the consistency of a literal. In contrast to Prolog, the semantics
of ASP do not depend on a specific order of evaluation of the rules and
of the atoms within each rule. For more on ASP, namely its semantics and
applications, the reader is referred to [4] and [17].
http://www.dlvsystem.com/ and http://www.tcs.hut.fi/Software/smodels/

investigate some serious applications.
According to DLP, the extension of ASP we use, knowledge is
given by a series of theories, encoded as generalized logic programs5
(or answer-set programs), each representing distinct states of the
world. Different states, sequentially ordered, can represent different
time periods, thus allowing DLP to represent knowledge undergoing
successive updates. As individual theories may comprise mutually
contradictory as well as overlapping information, the role of DLP is
to employ the mutual relationships among different states to determine the declarative semantics for the combined theory comprised
of all individual theories at each state. Intuitively, one can add, at the
end of the sequence, newer rules leaving to DLP the task of ensuring
that these rules are in force, and that previous ones are valid (by inertia) only so far as possible, i.e. that they are kept for as long as they
are not in conflict with newly added ones, these always prevailing.
Dynamic Logic Programming can provide an expressive framework for users to specify rules encoding their model, preferences and
their updates, while enjoying several properties, some discussed below, such as: a simple extendable language; a well defined semantics;
the possibility to use default negation to encode non-deterministic
choice, thus generating more than one set of recommendations, facilitating diversity each time the system is invoked; the combination
of both strong and default negation to reason with the closed and
open world assumptions; easy connection with relational databases
(ASP can also be seen as a query language, more expressive than
SQL); support for explanations; amongst others.
Since we are providing users with a way to express themselves by
means of rules, we can also provide the same rule based language to
the owners of the recommendation system, enabling them to specify
some policies that may not be captured by the existing recommendation system (e.g. preference for recommending certain products).
In a nutshell, we want to propose a system, with a precise formal
specification and semantics, composed of three modules, namely the
output of an existing recommendation system, a set of rules specified
by the owner of the recommendation system and a sequence of rules
specified by the user, for which we provide an expressive language.
The modules are combined in a way such that they produce a set of
recommendations that obeys certain properties such as obedience to
the rules specified by the user, removal of contradictions specified
by the user along time, keep the result of the initial recommendation
module as much as possible in the final output, among others.
The remainder of this paper is organised as follows: In Sect. 2 we
briefly recap the notion of Dynamic Logic Programming, establishing the language used throughout. In Sect. 3 we define our framework
and its semantics. In Sect. 4 we preset a brief illustrative example. In
Sect. 5 we discuss some properties and conlude in Sect. 6.

2 Dynamic Logic Programming
For self containment, in this Section, we briefly recap the notion and
semantics of Dynamic Logic Programming needed throughout. More
motivation regarding all these notions can be found in [2, 10].
Let A be a set of propositional atoms. An objective literal is either an atom A or a strongly negated atom ¬A. A default literal is
an objective literal preceded by not. A literal is either an objective
literal or a default literal. A rule r is an ordered pair H (r) ← B (r)
where H (r) (dubbed the head of the rule) is a literal and B (r)
(dubbed the body of the rule) is a finite set of literals. A rule with
H (r) = L0 and B (r) = {L1 , . . . , Ln } will simply be written as
5

LPs with default and strong negation both in the body and head of rules.

L0 ← L1 , . . . , Ln . A tautology is a rule of the form L ← Body
with L ∈ Body. A generalized logic program (GLP) P , in A, is
a finite or infinite set of rules. If H(r) = A (resp. H(r) = not A)
then not H(r) = not A (resp. not H(r) = A). If H (r) = ¬A,
then ¬H (r) = A. By the expanded generalized logic program
corresponding to the GLP P , denoted by P, we mean the GLP obtained by augmenting P with a rule of the form not ¬H (r) ← B (r)
for every rule, in P , of the form H (r) ← B (r), where H (r)
is an objective literal. An interpretation M of A is a set of objective literals that is consistent i.e., M does not contain both A
and ¬A. An objective literal L is true in M , denoted by M  L,
iff L ∈ M , and false otherwise. A default literal not L is true in
M , denoted by M  not L, iff L ∈
/ M , and false otherwise. A
set of literals B is true in M , denoted by M  B, iff each literal in B is true in M . An interpretation M of A is an answer
set of a GLP P iff M 0 = least (P ∪ {not A | A ∈
6 M }), where
M 0 = M ∪ {not A | A ∈
6 M }, A is an objective literal, and least(.)
denotes the least model of the definite program obtained from the argument program, replacing every default literal not A by a new atom
not A. Let AS (P ) denote the set of answer-sets of P .
A dynamic logic program (DLP) is a sequence of generalized logic programs. Let P = (P1 , ..., Ps ) and P 0 = (P10 , ..., Pn0 )
be DLPs. We use ρ (P) to denote the multiset of all rules
appearing in the programs P1 , ..., Ps , and P ∪ P 0 to dePi0 , Pj0 , P
to denote
note (P1 ∪ P10 , ..., Ps ∪ Ps0 ) and
Pi0 , Pj0 , P1 , ..., Pn . We can now set forth the definition of a
semantics, based on causal rejection of rules, for DLPs. We start by
defining the notion of conflicting rules as follows: two rules r and r0
are conflicting, denoted by r 1 r0 , iff H(r) = not H(r0 ), used to
accomplish the desired rejection of rules:




Definition 1 (Rejected Rules) Let P = (P1 , ..., Ps ) be a DLP and
M an interpretation. We define:
Rej (P, M ) = r | r ∈ Pi , ∃r0 ∈ Pj , i ≤ j, r 1 r0 , M  B(r0 )




We also need the following notion of default assumptions.
Definition 2 (Default Assumptions) Let P = (P1 , ..., Ps ) be a
DLP and M an interpretation. We define (A is an objective literal):
Def (P, M ) = {not A | @r ∈ ρ (P) , H (r) = A, M  B (r)}
We are now ready to define the semantics for DLPs based on the
intuition that some interpretation is a model according iff it obeys an
equation based on the least model of the multiset of all the rules in
the (expanded) DLP, without those rejected rules, together with a set
of default assumptions. The semantics is dubbed (refined) dynamic
stable model semantics (RDSM).
Definition 3 (Semantics of Dynamic Logic Programming) Let P
= (P1 , ..., Ps ) be a DLP and M an interpretation. M is a (refined)
dynamic stable model of P iff
M 0 = least (ρ (P) − Rej (P, M ) ∪ Def (P, M ))
where M 0 , ρ(.) and least(.) are as before. Let RDSM (P) denote
the set of all refined dynamic stable models of P.

3 Framework and Semantics
In this Section, we introduce our framework and its semantics.
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Our goal is to take the strengths of DLP as a knowledge representation framework with the capabilities of allowing for the representation of updates, and put it at the service of the user and the company,
while at the same time ensuring some degree of integration with the
output of other recommendation modules, possibly based on distinct
paradigms (e.g. statistical, etc).
To make the presentation of our ideas simpler, we will make some
assumptions and simplifications that, in our opinion, do not compromise our proposal and can be subsequently lifted (not in this paper
though).
We start by assuming a layered system where the output of the
existing recommendation module is simply used as the input to our
system, and where no feedback to the initial module exists. We are
aware that allowing for feedback from our system to the existing
module could benefit its output, but such process would greatly depend on such existing module and we want to make things as general as possible, and concentrate on other aspects of the system. This
takes us to the next assumption, that of the output of such existing
module. We consider it to be an interpretation, i.e. a consistent set of
objective literals representing the recommendations. For simplicity,
we can assume that the language contains a reserved predicate of the
form rec/1 where the items are the terms of the predicate, and the
interpretation will contain those predicates corresponding to the recommended items. It would be straightforward to extend this case to
one where some value would be associated with each recommendation, e.g. using a predicate of the form rec(item, value). However,
to get our point across, we will keep to the simplified version where
the output of the existing module is simply a set of recommendations.
What we have, then, is an initial interpretation, representing the
output of the initial module, which we dub the initial model, a generalised logic program representing the owner’s policy, and a dynamic
logic program, representing the rules (and their evolution) specified
by the user.
To formalise this notion, we introduce the concept of Dynamic
Recommender Frame defined as follows:
Definition 4 (Dynamic Recommender Frame) Let A be a set of
propositional atoms. A Dynamic Recommender Frame (DRF ), over
A, is a triple hM, P0 , Pi where M is an interpretation of A, P0 a
generalised logic program over A, and P a dynamic logic program
over A.
The semantics of a Dynamic Recommender Frame is given by the
set of stable models of its transformation into a Dynamic Logic Program. This transformation is based on a few underlying assumptions
concerning the way these three modules should interact and be combined. In particular, we want the rules specified by the user to be
the most relevant and be able to supersede both those issued by the
owner and the recommendation issued by the existing module. This
is a natural principle as users would not accept a recommendation
system that would explicitly violate their rules (e.g. recommend a
horror movie when the user said that no horror movies should be recommended). This limits the impact of recommendations made by the
initial module and the company to those not directly constrained by
the user, or to those whose rules specified by the user allow for more
than one alternative. The other principle concerns the relationship
between the initial model and the policy specified by the user. Here,
we will opt for giving a prevailing role to the rules specified by the
owner. The rational for this is rather obvious and natural: the owner
must be given the option/power to supersede the initial recommendation module (e.g. specify preference to specify products of a given
brand over those of another because of higher profit margins), and

it may be impossible to have such control directly inside the initial
module (e.g. if it is a sub-symbolic system such as a neural network).
We these principles in mind, we first define a transformation from
a Dynamic Recommender Frame into a Dynamic Logic Program:
Definition 5 (Υ) Let R = hM, P0 , Pi be a Dynamic Recommender Frame. Let Υ (R) be the DLP (PM , P0 , P) where PM =
{A ←: A ∈ M }.
Intuitively, we construct a DLP where the initial knowledge is the
program obtained from the initial model. Such initial program is followed (updated with) the owner’s policy specification (P0 ), which is
then followed by the sequence of specifications provided by the user.
And we define the semantics of a DRF as follows:
Definition 6 (Stable Recommendation Semantics) Let
R = hM, P0 , Pi be a Dynamic Recommender Frame and
MR an interpretation. MR is a stable recommendation iff MR is a
dynamic stable model of Υ (R). Let SR (R) denote the set of all
stable recommendations.

4

Short Illustrative Example

In this Section we present a small and very simplified example, with
the purpose of illustrating some (very few) features of our proposal.
Let’s consider an on-line store selling books and dvd’s, with some
existing recommendation system based on statistical analysis performed over the years. We consider the output of such module to
be a set of recommended products, that, for our purposes, we will
consider constant throughout this example. Let the interpretation M
represent such output, i.e. the initial model, and be:
M = {rec (b1 ) , rec (b2 ) , rec (d1 ) , rec (d2 ) , rec (b7 ) , rec (d6 )}
where bi ,and di are products. The owner can, on top on this, define
some further recommendation policies, such as:
• the system should recommend at most one product of a given editor, encoded by the rule (1):
not rec (X) ← editor (X, E) , editor (Y, E) , X 6= Y, rec (Y ) .
• the system should, non-deterministically, recommend at least one
of products b3 and b4 , and one of products d6 and d7 encoded by
the rules (2 - 5)6 :
rec (b3 ) ← not rec (b4 ) .
rec (d6 ) ← not rec (d7 ) .

rec (b4 ) ← not rec (b3 ) .
rec (d7 ) ← not rec (d6 ) .

• the system should always recommend the film of a recommended
book, and vice versa, in case it exists (defined by the predicate
rel/2), encoded by the rules (6,7):
rec (Y ) ← type (Y, dvd) , type (X, book) , rel (X, Y ) , rec (X) .
rec (X) ← type (Y, dvd) , type (X, book) , rel (X, Y ) , rec (Y ) .
The owner program P0 contains the previous rules, together with
the store’s relational database where the relations brand/2, type/2,
related/2, etc, are defined. In this example, we consider the following propositions to be true: type (bi , book), type (di , dvd),
editor (b1 , ed1 ),
actor (d4 , “Al Pacino”),
editor (b5 , ed1 ),
6
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This encoding uses the classic even loop through negation which, in ASP,
produces two models each with one of the propositions belonging to it.

rel (b5 , d4 ), editor (b2 , ed1 ), theme (d7 , “Gangsters”). Without any rules specified by the user, the frame has four stable
recommendations resulting from the effect of the owner’s rules on
top of the initial model, namely7 :

MR11 = {rec (d7 ) , rec (b2 ) , rec (b4 ) , rec (b7 )}
MR12 = {rec (d4 ) , rec (d7 ) , rec (b5 ) , rec (b3 ) , rec (b7 )}

MR1 = {rec (b1 ) , rec (b3 ) , rec (d1 ) , rec (d2 ) , rec (b7 ) , rec (d6 )}
MR2 = {rec (b2 ) , rec (b3 ) , rec (d1 ) , rec (d2 ) , rec (b7 ) , rec (d6 )}
MR3 = {rec (b1 ) , rec (b4 ) , rec (d1 ) , rec (d2 ) , rec (b7 ) , rec (d6 )}
MR4 = {rec (b2 ) , rec (b4 ) , rec (d1 ) , rec (d2 ) , rec (b7 ) , rec (d6 )}
When taking a closer look at the four stable recommendations, we
can observe that the first rule specified by the owner removed the
recommendation for either b1 or b2 , and the second and third rules introduced either rec (b3 ) or rec (b4 ). The combination of these generated four stable recommendations. Note that the fourth and fifth rules
(for products d6 and d7 ) did not cause any change because rec (d6 )
belonged to the initial recommendation and the semantics tends to
keep the recommendations by inertia. The recommendation system
would, non-deterministically, choose one of these stable recommendations to present to the user.
Let’s now consider the user. Initially, being only looking for books,
the user states that she doesn’t want any recommendations for dvd’s,
encoded by the rule (8): not rec (X) ← type (X, dvd) .This rule
alone will override all the initial recommendations for dvd’s and also
all the rules of the owner specifying dvd recommendations such as
rules 4 and 5. If P1 = (P1 ), where P1 contains rule 8, the four stable
recommendations of the frame hM, P0 , P1 i are:
MR5 = {rec (b1 ) , rec (b3 ) , rec (b7 )}
MR6 = {rec (b2 ) , rec (b3 ) , rec (b7 )}
MR7 = {rec (b1 ) , rec (b4 ) , rec (b7 )}
MR8 = {rec (b2 ) , rec (b4 ) , rec (b7 )}
Later on, the user decides to get some recommendations for dvd’s.
For this, she decides to define the concept of what good dvd’s are.
Initially, she considers a good dvd to be one with Al Pacino or one
about gangsters. She writes the following two rules (9 and 10):
good (X) ← type (X, dvd) , actor (X, “Al Pacino”) .
good (X) ← type (X, dvd) , theme (X, “Gangsters”) .
Furthermore, she decides that she wants to get at least one recommendation for a good product. She writes the rules (11-14)8 :
rec (X) ← good (X) , not n rec (X) .
n rec (X) ← good (X) , not rec (X) .
rec at least one ← good (X) , rec (X) .
← not rec at least one
If P2 = (P1 , P2 ), where P2 contains rule 9-14, the stable recommendations of the frame hM, P0 , P2 i are:

Note that all four stable recommendations have at least one recommendation for a good dvd. Furthermore, MR9 and MR12 have, besides the recommendation for d4 , also the recommendation for b5 ,
as specified by rule 7 since they are related. Also note that rules 11
and 12 cause a direct contradiction with rule 8 for good dvd’s. The
semantics based on the causal rejection of rules deals with this issue.
Also worth noting is that, for each recommendation, there is an
explanation based on user rules , or on owner rules if not overridden by those of the user or, if there is nothing overriding it, on the
initial recommendation (as is the case of product b7 ). This and other
properties are explored in the next Section.

5

In this Section we discuss some properties of the Stable Recommendation Semantics. We start with conservation, stating that if the recommendation of the existing module is a dynamic stable model of the
DLP consisting of the owner rules followed by the user DLP, then the
initial recommendation is a stable recommendation. This ensures that
the semantics will keep the results of the initial module if they agree
with the specification of the owner and user.
Proposition 1 (Conservation) Let R = hM, P0 , Pi be a DRF9 .
Then, M ∈ RDSM ((P0 , P)) ⇒ SR (R) ⊇ {M }.
It is also important to establish the relationship between the stable
recommendation semantics and DLP for the case where there is no
existing recommendation module. This ensures the proper transfer of
all properties of DLP, and ASP, to our system.
Proposition 2 (Generalisation of DLP) Let P0 be a generalised logic program and P a dynamic logic program. Then,
SR (h∅, ∅, Pi) = RDSM (P), and SR (h∅, P0 , Pi) =
RDSM ((P0 , P)).
A very important issue in recommendation systems is that of providing the user (and the owner) with explanations regarding the recommendations made. The fact that the stable recommendation semantics is well defined already provides a formal basis to support its
results. However, we can state stronger results concerning the justification for the existence and absence of a particular recommendation.
If a recommendation belongs to a stable recommendation then, either
there is a user rule supporting it, or there is an owner rule supporting
it and no user rule overriding it, or it is in the output of the initial
module and no rules have overridden it. In other words, there is always an explanation for recommendations.
Proposition 3 (Positive Supportiveness) Let R = hM, P0 , Pi be
a DRF and A ∈ MR ∈ SR (R). Then:

MR9 = {rec (d4 ) , rec (b5 ) , rec (b3 ) , rec (b7 )}

∃r ∈ ρ (P) : H (r) = A, MR  B (r)
∃r0 ∈ P0 : H (r0 ) = A, MR  B (r0 ) ∧
∧ 6 ∃r ∈ ρ (P) : H (r) = not A, MR  B (r)
A ∈ M ∧ 6 ∃r ∈ ρ ((P0 , P)) : H (r) = not A, MR  B (r)

MR10 = {rec (d7 ) , rec (b1 ) , rec (b4 ) , rec (b7 )}
7
8

Here, we restrict the models to the propositions of the form rec/1.
These rules are, again, a classic construct of ASP. The first two rules state
that each good product X is either recommended or n rec. Then, the third
rule makes the proposition rec at least one true if at least one good product is recommended. Finally, the fourth rule, an integrity constraint, eliminates all models where rec at least one is not true. The actual recommendation system would, like most answer-set solvers, have special syntactical shortcuts for these kind of specifications, since we cannot expect
the user to write this kind of rules.

Properties

or
or

Likewise for absence of recommendations. If a recommendation
belongs to the output of the initial system and is not part of a stable
recommendation, then there must be a rule overriding it (either from
the user or from the owner).
9
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Lack of space prevents us from presenting proofs for the propositions.

Proposition 4 (Negative Supportiveness) Let R = hM, P0 , Pi be
a DRF and A ∈
/ MR ∈ SR (R) and A ∈ M . Then, ∃r ∈
ρ ((P0 , P)) : H (r) = not A, MR  B (r).
As with all logic programming based semantics, it is important to
ensure that tautological (irrelevant) rules do not cause any effect.
Proposition 5 (Immunity to Tautologies) Let R = hM, P0 , Pi be
a DRF, E0 , ..., Es sets of tautologies, E = (E1 , ..., Es ) and R0 =
hM, P0 ∪ E0 , P ∪ Ei. Then, SR (R) = SR (R0 ).
Going back to the property of conservation, stating that when the
output of the existing module is a dynamic stable model of the DLP
(P0 , P), then it is a stable recommendation, it could be desirable to
have a stronger result, namely that the semantics obey a notion of
strong conservation according to which it would be the only stable
recommendation. It turns out that the stable recommendation semantics does not obey such property:
Proposition 6 (Strong Conservation) Let R = hM, P0 , Pi be a
DRF. Then, M ∈ RDSM ((P0 , P)) 6⇒ SR (R) = {M }.
Likewise, if we could establish a distance measure between sets
of recommendations, we could argue for a semantics that would only
keep those stable recommendations that are closer to the output of
the existing module, i.e., impose minimal change. If such distance
measure is given by:
Definition 7 (Distance between interpretations) Let A be a set of
propositional atoms and M , M1 , and M2 interpretations of A. We
say that M1 is closer to M than M2 , denoted by M1 @M M2 iff
(M1 M ∪ M M1 ) ⊂ (M2 M ∪ M M2 )
The stable rec. semantics does not obey minimal change:
Proposition 7 (Minimal Change) Let R = hM, P0 , Pi be a DRF.
M1 , M2 ∈ RDSM ((P0 , P)) ∧ M1 @M M2 6⇒ M2 ∈
/ SR (R).
This is not necessarily a bad property as there are cases where one
may argue for the validity of such stable recommendations that involve non-minimal change i.e., the owner/user rules introduce other
alternatives, even though the initial model is one of them. Lack of
space prevents us from presenting examples of such. However, if desired, such stable recommendations can be eliminated and we can
define a refined semantics that obeys such properties. Formally:
Definition 8 (Minimal Change Stable Recommendation Sem)
Let R = hM, P0 , Pi be a DRF and MR an interpretation. MR is a
minimal change stable recommendation iff MR ∈ RDSM (Υ (R))
0
0
and @MR
∈ RDSM (Υ (R)) : MR
@M MR . SRm (R) denotes
the set of all minimal change stable recommendations.
Regarding this new semantics, we have the following properties:
Proposition 8 (Strong Conservation) Let R = hM, P0 , Pi be a
DRF. Then, M ∈ RDSM ((P0 , P)) ⇒ SRm (R) = {M }.
Proposition 9 (Minimal Change) Let R = hM, P0 , Pi be a DRF.
M1 , M2 ∈ RDSM ((P0 , P)) ∧ M1 @M M2 ⇒ M2 ∈
/ SRm (R).
As for the remaining properties, the minimal change stable recommendation semantics obeys conservation, positive and negative supportiveness, and immunity to tautologies. As expected, it no longer
generalises Dynamic Logic Programming as it is well known that
DLP accepts non-minimal dynamic stable models that would be
eliminated e.g. in the case of an empty output of the initial module.

6 Discussion and Conclusions
In this paper we proposed what can be seen as part of a knowledge
based (or hybrid) recommender system, with several characteristics,
namely:
• allowing user personalisation with complex rules, improving the
quality of recommendations;
• allowing for interaction with user by means of updates to those
rules, automatically removing inconsistencies;
• taking into account the output of other recommendation modules;
• allowing for customisation by the owner of the system;
• providing a semantics with multiple recommendation sets, facilitating diversity and non-determinism in recommendations;
• enjoying a formal, well defined, semantics which supports justifications;
• enjoying all the other formal properties mentioned in the previous
section, and many more inherited from DLP and ASP such as the
expressiveness of the language and the efficient implementations.
Lack of space prevents us from comparing with other, somehow
related, systems. An extended version of this paper will include such
comparisons. We believe, however, that our proposal encodes some
important concepts that can bring an added value to existing systems.
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