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Personalization is one of the keys for the success of web
services. In this paper we present SeAN (Server for Adap-
tive News), an adaptive system for the personalized accessto
news servers on the WWW. The aims of the system are (i)
to select the sections (topics) and news in the server that are
most relevant for each user, (ii) to customize the detail level
of each news item to the user’s characteristics and (iii) to
select the advertisements that are most appropriate for each
page and user. In the paper we discuss the functionalities of
the system and we present the choices we made in its de-
sign. In particular, we focus on the techniques we adopted
for structuring the news archive, for creating and maintaining
the user model and for generating the personalized hypertext
for browsing the news server.

Keywords: User modeling, adaptive systems, news servers
on the World Wide Web

1. Introduction

The possibility of providing customized services
[45], i.e., services tailored to the needs and preferences
of the individual user (customer) has been the focus
of communication and marketing strategies for several
years and the Web seems now to offer a unique oppor-
tunity for implementing, testing and improving these
strategies. At the same time, the Web (and more re-
cently the use of other media for personal communica-
tion) is giving new impulse to the research in the fields
of user modeling and user-adapted interaction [25].
The personalization of the interaction with the user is,
in fact, one of the main goals in the design of web ser-
vices. This goal requires that the software agent pro-
viding the service has the capabilities of maintaining a
model of the user containing data about her needs, in-
terests and preferences (see [48, 36, 19, 34]) and of us-
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ing strategies for adapting its behavior to each specific
user (see [8, 10, 35]).

Adaptive systems have been designed and applied
in different areas, such as intelligent tutoring [12, 15,
23, 28], access to information sources [40, 26, 16, 1,
18, 39, 49], electronic catalogues [42, 13, 38, 31, 20],
health-care assistance [29, 7, 17], information filtering
and recommender systems [33, 4, 43, 6, 9, 5, 27, 21].
These systems make use of different techniques as re-
gards both user modeling and adaptation. For exam-
ple, amodel of a user can be generated after classifying
her into stereotypical pre-defined classes (as in [44])
or using learning techniques after observing her behav-
ior (as in [41, 46]) or looking for similarities between
a new user and past users (as in collaborative filtering
[32, 21]). Similarly, different forms of adaptation and
adaptation strategies can be defined (see the overviews
in [10, 11, 35]). For example, one may personalize the
form or the content of the interaction or the naviga-
tion paths, and each choice implies other choices and
strategies. The choice of such strategies depends on
many factors such as the application task and domain,
the goals of the system, the target users and the context
(see the discussion in [47]).

The personalized provision of news is becoming an
increasingly important application for adaptive sys-
tems. This is, in fact, an interesting opportunity for all
companies operating on the web, not only for those in
the communication field (such as newspapers, radio or
television companies). Almost all portals provide ac-
cess to news and also many companies provide special-
ized news services, usually related to their commercial
fields or to the interests of their customers. The pri-
mary goal of these services is to attract web surfers and
to gain their loyalty.

Tailoring information retrieval and information fil-
tering is one of the keys for the success of these ser-
vices. In fact, a personalized service enables a user to
find easily the pieces of information that she needs or
that are of interest for her; this is the added value that
can lead her to visit a site frequently. Indeed, informa-
tion retrieval is one of the main areas of application for
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personalization techniques. Simple forms of personal-
ization are implemented in many sites (based on pref-
erences directly expressed by the users), while several
more complex approaches have been proposed in the
recent literature (e.g., [9, 30, 13, 24]).

In this paper we focus on the generation of adap-
tive hypermedia for accessing on-line electronic news
servers, and we describe SeAN (Server for Adaptive
News) a system that we designed for such a task.
SeAN is a multi-agent system which can be accessed
using any web browser; it aims at personalizing both
the selection of topics that are of interest to the user and
the detail level of the presentation of each news item.
This combination of goals makes SeAN different from
other approaches in the literature. This paper describes
the system and the choices we made in its design. It is
organized as follows. In Section 2 we discuss the goals
and the functionalities of the system and the require-
ments for its design. We then focus on three main as-
pects: the organization of the news archive (Section 3),
the definition of appropriate user modeling techniques
(Section 4), the design of strategies for selecting what
has to be presented to the user (Section 5). For each
one of these aspects we motivate the choices that we
made, comparing them with alternative ones. Section 6
outlines some initial experiments we made for testing
the system while Section 7 provides conclusions.

2. Functionalities, requirements and architecture
of SeAN

In SeAN we focused on three forms of personaliza-
tion for supporting the access to an archive of news:

— The system should select only the topics (i.e., the
sections of the archive) and news that are of inter-
est for the user, leaving the others aside, as infor-
mation which can be reached on demand.

— The system should adapt the detail level of the
presentation of each news item to the user’s inter-
ests and expertise.

— The advertisements that are inserted in the pre-
sentation should be appropriate for the user and
for the context in which they are inserted (i.e., the
topic of the news item presented in the page).

As a first requirement, we imposed that these forms of
personalization should be provided to both first time
and frequent users. As a consequence, SeAN must
be able to generate an initial (possibly approximate)
model of the user when she connects to the server for

the first time and fills in a registration form (including a
small set of questions, concerning personal and demo-
graphic data). The system must then be able to revise
the model of the user, making it progressively closer
to her actual characteristics and following her possible
changes of interest. In order to do that, the system must
be able to track the user’s behavior.

As a second requirement we decided that the sys-
tem should never impose its choices on the user. The
system’s decisions should be always modifiable by the
user, who should have the possibility of changing the
set of sections and news selected by the system and
their detail level. This is important for making the sys-
tem more user-friendly and acceptable. Moreover, as
we shall see in the following, the fact that the user can
make changes is a powerful handle for supporting user
modeling activities, allowing the system to get infor-
mation about the user’s actual characteristics and inter-
ests.

As a consequence, all the pages generated by SeAN
contain buttons for modifying the choices made by the
system. For example, Figure 1 shows the personal-
ized Home Page containing the sections selected by the
system, according to the user model: in the example,
the selected sections are “Economia” (“Economy”),
and “Politica” (“Politics”), while other sections, such
as “Sport”, are omitted. The name of each section
is a link that opens the corresponding page. Using a
menu and the button “Elimina” (“Delete”), the user can
delete each one of the sections selected by the system;
conversely, using a second menu and the button “Ag-
giungi” (“Add”) the user can list the sections that were
not considered by the system and add them to the page
(see the bottom part of the screenshot in figure 1). Fig-
ure 2, on the other hand, shows a page containing the
personalized presentation of a news item. Only some
pieces of information associated with the news item are
displayed; they can however be removed by the user,
using the button “delete”. The other pieces of infor-
mation are shown only as a link that can be opened on
demand.

The goals and the desired functionalities discussed
above imposed some requirements on the design of
SeAN, which is conceptually organized as a three-tier
architecture, as shown by the scheme in Figure 3. The
user can access the server using any web browser (first
tier). The web browser interacts with a set of agents
which are responsible for user-modeling and personal-
ization activities (second tier) and which can access in-
formation maintained in a set of databases (third tier).
The interaction with the user is managed by a “user in-
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Fig. 1. Personalized Home Page

teraction agent” which is responsible for collecting the
requests from the user and for sending web pages to the
browser. User modeling is carried on by two agents:
one is activated only when a user connects to the server
for the first time and is responsible for creating an ini-
tial model, starting from the data provided by the user
and using a library of stereotypes. The second is acti-
vated at the end of each session and is responsible for
revising the user model, given the events summariz-
ing the user’s behavior during the session and given a
set of user modeling rules regarding such events. The
models of the users are maintained in a database and
thus the model of a specific user can be retrieved each
time the user connects to the server.! Two other agents
are in charge of extracting, respectively, from the news
database and from the advertisement database, the spe-
cific pieces of information to be presented to a user,
given her model. The pieces of information are then

1The user models are permanently stored only after the user’s
permission.

passed to the “interaction agent”, which generates the
web pages and sends them to the user’s browser.

In the next sections we describe the system in more
detail, focusing on three main groups of problems:

— The organization of the archive of news, which
should support the personalized selection of topics
and news and the presentation of each news item
at different levels of detail.

— The user modeling agents, which should be able
to capture different features (characteristics or di-
mensions) of the user in order to achieve the forms
of personalization discussed above.

— The agents for the adaptive selection of news (and
selection of the appropriate detail level) and for
the generation of hypertextual pages.

3. Organization of content in the news server
In this section we analyze the choices we made in

the design of the databases for news and advertise-
ments ((1) in figure 3) .
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cerning personalization discussed in the previous sec-
tion, the database must support the possibility of (i)

This database contains all the news that can be pre- classifying news according to their topics and (ii) gen-
sented to the user. In particular, given the goals con- erating different presentations (varying the detail level)
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of each news item.

The first problem can be tackled in different ways.
For example, a first option is to classify news accord-
ing to an a-priori hierarchy of topics. This is the choice
made in most of the horizontal portals and in (tradi-
tional and electronic) newspapers, where the hierarchy
has a correspondence in the structure of the editorial
board. As a consequence, this is also the choice of
some recent editorial systems which aim at support-
ing the work of editorial offices. A second option is to
generate the classification dynamically, using indices
extracted from each news item. This is the technique
adopted in most of the approaches to information re-
trieval. The two optionsare not incompatible and could
be used together (as in many search engines on the
web). The former can provide a high-level classifi-
cation of news into a hierarchy of sections; the latter
could provide a finer grained classification within each
specific section.

In SeAN we decided to focus on the first option,
which is common also to other systems, such as [6].
We defined a hierarchy of sections and subsections and
news are classified according to this hierarchy. More
specifically, we considered high-level sections such as
politics (which has subsections such as international
and national politics; the latter includes further subsec-
tions concerning different local communities), econ-
omy (with a structure similar to that of politics), sport
(with subsections for specific sports), technology, cul-
ture and so forth.

There is a number of reasons for this choice. First
of all, our system is aimed at providing a personalized
electronic version of classical newspapers, integrated
with the editorial software systems used in newspapers.
This makes the organization into a hierarchy of sec-
tions a natural choice. Second, the hierarchical clas-
sification including high level topics allows us to pro-
vide some form of personalization even when limited
information about the user is available (as it is often
the case with first time users). In this case, in fact, it
is difficult to make selection of topics at a finer grain
than the one corresponding to high level sections in the
hierarchy. Finally, as we shall see, the main focus of
our work is the personalization of the detail level of the
presentation. This is the aspect to which we paid most
of our attention and for which we propose an innova-
tive approach.

Most of the approaches in the literature assume that
the repository of news is not structured, i.e., that each
news item is a text file (or a set of text files). This
makes the administration of the repository very sim-

ple and, moreover, makes the approaches very flexible
since the techniques adopted for personalization (per-
sonalized filtering) can be applied to any repository of
text files. However, in this way it is difficult to define
strategies for personalizing the presentation of a doc-
ument. Basically, the choice is binary: either a docu-
ment is retrieved and shown to the user (possibly with
some labels specifying the estimated interest level for
the user) or it is not. On the other hand, we aim at struc-
turing news in such a way that different detail levels
for the presentation of a news item can be obtained dy-
namically depending on the content of the user model.

Clearly, there are different ways of modifying the
detail level for presenting a news item. One expen-
sive (and usually not practical) approach is to store dif-
ferent versions of the news item. Alternatively, one
could insert annotations in the text of the news item
(using some markup languages) and then produce dif-
ferent versions by interpreting the annotations. A more
complex approach is to use techniques for automat-
ically generating summaries from detailed news; see
e.g., [22]. This approach requires the availability of
a lot of knowledge on the topic of news and can be
adopted only if news refer to specialized domains.

The use of annotations seems to be an interesting
option and indeed our approach moves from this idea
and takes it one step further. News are viewed as
complex composite entities, having several attributes
that define their components. For example, we con-
sidered attributes such as: title and subtitle; author(s);
abstract; text; graphics summarizing the content of
the text; photos, video, audio clips; commentaries,
interviews, agency reports; raw data and/or detailed
charts/graphics, and so forth. Some of the attributes
are optional or can be multi-valued (e.g., more than
one photo or clip may be associated with a news item);
moreover, the same object (e.g., a photo or a clip) may
be associated with more than one news item.

Each news item is thus regarded as a chunk of infor-
mation, concerning e.g., an event or a situation to be
conveyed to the user. For such a reason, pieces of infor-
mation concerning the same news item (e.g., an event)
may be available on different days, possibly with dif-
ferent attributes. Therefore, the database is an histori-
cal one, storing information concerning several days.

For example, let us consider a news item concerning
the financial status of the company ACME (this item
belongs to the section “economy™). Besides the title
and a text, one may have other attributes such as graphs
describing the financial status of ACME, an interview
with the CEO of the company, interviews with finan-
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cial experts (some of the interviews may possibly have
the form of a video or audio clip), agency reports con-
cerning the company. Moreover, we can regard “Fi-
nancial Status of Company ACME” as a news item for
which different pieces of information may be available
on different days: for example, one may have a re-
port on one day and interviews on the day after. There
may be also other news concerning ACME in the news
server. For example, if ACME is a hi-tech company,
one could have a news item in the technology section
concerning the launch of a new product. The interview
to the CEO could be associated also with this news
item.

The main advantage of our approach is that differ-
ent detail levels for the presentation of news can be ob-
tained as different aggregations of their attributes. For
example, at a low detail level one may include only the
title and abstract; a more detailed level may include
also the text (possibly replacing the abstract); an even
more detailed level may include also graphs or com-
mentaries or interviews. Moreover, as most of the at-
tributes convey complementary information (e.g., pic-
tures complement textual information), there is a cer-
tain flexibility in the combination of attributes which
can be presented together.

In SeAN we defined a fixed number of alternative
aggregations (called presentation formats or presenta-
tion levels) and we introduced a partial order between
them, corresponding to the detail level provided by the
aggregations. The formats and ordering are shown in
Figure 4, where each node adds detail to that one pro-
vided by its ancestor. For example, level 1 can be made
more detailed in two different ways, either by adding
the abstract of a news item or the full text.

The main problem with our approach is that it re-
quires more efforts from the manager of the news
server. In fact, filling in the repository requires adding
the news items to the database and thus decomposing
information according to the attributes of news. This
effort, however, is not very different from the work re-

quired in the editorial offices of newspapers and re-
quired by the software systems used in these offices.

The approach we propose is conceptually similar to
the idea of annotating news but it introduces a more
complex form of semantic decomposition of news,
which involves also other pieces of information asso-
ciated with a news item, such as pictures, clips, graph-
ics but also commentaries, interviews, agency reports
etc.. Inthis sense we believe that our approach is more
powerful. Annotations, however, may support a finer
variation of the detail level, allowing the definition of
different textual presentations of the same news item.
In principle our approach and the use of annotations
could be integrated. Annotations could allow the defi-
nition of a whole range of variations for presenting the
text, thus introducing many alternatives in the tree of
Figure 4.

3.2. Advertisements Database

Personalizing the advertisements that are inserted in
the pages is particularly important since advertising is
the main (and in some cases the only) income of com-
panies providing services on the web. The selection
of the appropriate advertisement should depend on at
least two aspects: (i) the user and (ii) the content of the
page in which the advertisement is added.

For these reasons we introduced a second database
which contains all the advertisements (usually some
sort of banner) that can be inserted into the pages. Each
advertisement has two attributes, which are related to
the criteria mentioned above for the selection:

(i) a target, i.e., the segment(s) of population it is
directed to;

(ii) a topic, in relation to the sections of the news
server.

4. User Modeling

The user model plays a central role to achieve the
personalization goals discussed in Section 2. These
goals require that very different features (characteris-
tics) of a user are modeled. For example, the selection
of the sections to be displayed is related to the user’s
interests and expertise in the topic of each section. The
selection of the detail level for news depends also on
the user’s cognitive characteristics and in particular on
her receptivity, which represents the amount of infor-
mation that she can read and acquire. The selection of
the advertisements depends on the user’s life style and
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priorities. This means that all these different character-
istics (dimensions) of a user must be modeled in order
to achieve the goals above. This can be done in dif-
ferent ways. The simplest one would be the creation
of a knowledge base that captures all these dimensions
together. This approach, however, is not easy and, in
our view, is not the right way to tackle the problem.

In the following we propose an approach in which
a user model is divided into a set of dimensions which
correspond to different conceptual characteristics of a
user and then we decompose the user modeling process
along these dimensions. Indeed the application we are
presenting in this paper is one of the case studies of a
more general project which aims at defining a concep-
tual framework for user modeling [47]. In the frame-
work we aim at creating an ontology for user modeling
and at defining guidelines for deciding which dimen-
sions are relevant, given specific adaptation and per-
sonalization goals and given a specific application task
and domain. What we aim at is a modular, compo-
sitional approach to user modeling in which the dif-
ferent dimensions are managed separately. This has
at least two main advantages. On the one hand, it
makes user modeling simpler: the knowledge bases for
creating and revising the models are simpler and eas-
ier to build and, in particular, the combinatorics that
may arise by looking at all the dimensions together are
avoided. Second, the different dimensions (and there-
fore the knowledge bases for dealing with them) may
be re-used across different application tasks and do-
mains. We shall return later to discussing these points.

Let us come back to the news server application. In
this case we considered four separate dimensions in
user modeling:

— Interests: This dimension captures the user’s in-
terests in the topics corresponding to the sections
in the database of news.

— Expertise: This dimension captures the expertise
of the user on the topics corresponding to the sec-
tions in the database of news.

— Cognitive characteristics: This dimension de-
fines parameters corresponding to the cognitive
capabilities of the user which allow the system to
determine the amount and detail of the informa-
tion that she can catch and retain.

— Life Style: This dimension captures the user’s
preferences/priorities corresponding to different
life styles.

Separate knowledge bases are used to create and man-
age the part of the user model corresponding to each
dimension.

We can turn now to discussing the approach we de-
fined for user modeling more precisely. In our appli-
cation we consider two separate phases. The first one
regards the creation of an initial model for a user con-
necting to the server for the first time ((2) in figure 3).
The second one regards the revision of the model, by
tracking the user’s behavior to identify in a direct and
more reliable way her interests/preferences/goals and,
possibly, the changes about them during time ((3) in
figure 3). We decided to keep the two phases sepa-
rated, using different user-modeling techniques. More
specifically, the creation of the initial model is based
on the use of stereotypical knowledge, i.e., on the a-
priori definition of classes of users (along each dimen-
sion). The second phase is based on user modeling
rules that are activated by the events captured by track-
ing the user’s behavior while she is browsing the news.

4.1. Using stereotypes for initializing the user model

The creation of an initial model for a first-time user
is based on the use of stereotypes [44], representing
the features of classes of readers/customers. The data
used in the classification are elicited from the user in
a registration form containing a small set of questions,
i.e.: age and gender; education level and field; type and
field of job; whether her access to the news server is
for work or not; her hobbies or priorities (how much
she likes activities such as traveling, doing sport, shop-
ping, etc.). In this way, filling in the form is not too de-
manding and the system is not too intrusive, even if the
limited set of data does not allow the system to make
a very precise classification of the user. The user may
also decide to skip the form; in this case we consider a
“default” user.

According to the conceptual decomposition of user
modeling discussed above, we consider separate sets
(families) of stereotypes for each one of the four di-
mensions that constitute the user model (see [2]). The
stereotypes use the data provided by the user in the reg-
istration form as classificatory information and make
predictions on different features of the user. While
there is a partial overlap between the classificatory data
used by different families of stereotypes, the predic-
tions are not overlapping. Thus, the user can be clas-
sified independently in each family and the predictions
can be merged to define the initial user model.

More precisely, the four families of stereotypes are
structured as follows:
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— Interests. Starting from classificatory data such
as the age, gender, type and field of job, purpose of
the access to the server and hobbies, these stereo-
types make a first prediction on the user’s interest
level in the topics corresponding to the sections of
the news servers.

— Domain expertise. Starting from data such as
the degree and type of education and field of job,
these stereotypes make predictions on the user’s
expertise on the topics corresponding to the sec-
tions of the news server.

— Cognitive characteristics. This group of stereo-
types makes a prediction on the user’s receptivity,
a parameter used to determine the amount and de-
tail of the information that can be presented to her.
These stereotypes use classificatory data such as
the user’s age, education level, job and frequency
of access to the Web.

— Life styles. These stereotypes classify users ac-
cording to their psychographic features, which in-
clude socio-demographic data and priorities (we
based our classification on [14], and updates con-
cerning recent years). They do not make specific
predictions: the relevant prediction is the class to
which a user belongs. The classes in this fam-
ily correspond to the targets that can be associated
with the advertisements in the database of section
3.2

Let us now analyze the structure of the stereotypes
and the approach we adopted for classifying a user and
consequently for generating the predictions that consti-
tute her initial model. Two examples of stereotypes are
reported in Figures 5 (a stereotype in the family inter-
est describing financial professionals) and 6 (a stereo-
type in the family life styles).

In the stereotypes we explicitly distinguish two
groups of slots: classification slots and prediction slots
(as noticed above, stereotypes in the family life styles
have classification slots only). The structure of the
slots is the same:

— Each slot corresponds to a feature F; of the user
(e.g., age, gender, ..., interest in economy, poli-
tics, ... in Figure 5).

— For each feature F; we then consider a set of lin-
guistic values {v;1, . .., vik }.

— A numeric value z;; € [0, 1] is associated with
each linguistic value v;; of F;. This number can
be regarded as the probability that F; = wv;;,
given that the user belongs to the stereotype (i.e.,
p(FZ' = Uij | Sk)

This means that the numeric value x;; measures the
frequency of F; = w;; for the individuals belonging
to the stereotypical class and thus it is a measure of
the compatibility of ; = v;; with the stereotype. For
example, the slot “age” in Figure 5 specifies that 10%
of the financial professionals are between 20 and 25
years old, while 20% are between 26 and 35.

In the classification slots this value can be used to
compute a degree of match between a user and a stereo-
type.

In the prediction slots, the probability z;; can be
regarded as a measure of the strength of the predic-
tion. For example, in Figure 5 (stereotype belonging
to the interest family), the first slot specifies that, for
a user belonging to the class “Financial professional”,
the probability that her interest in economy is high is
1; the second slot, on the other hand, specifies that the
probability her interest in politics is high is only 0.7.

We can now turn to discussing how a user is classi-
fied and how the predictions can be generated.

4.1.1. Classification of users

The classification is performed separately for each
family of stereotypes. In each family, the goal is
to determine a degree of match M (Sy) between the
user and each stereotype Sj, in the family, thus rank-
ing the stereotypes in each family. This corresponds
to computing the probability of the stereotype, given
the values of the classificatory features provided by
the user in the registration form. For each feature F;,
the corresponding slot provides the probability z;; that
F; = w;;, given the stereotype S. In order to com-
pute the degree of match M (Sy) we assume that the
features are independent; this is reasonable since our
goal is to rank the stereotypes in the same family and
these stereotypes contain the same set of classificatory
slots (features). Moreover, as a stereotype is the result
of the conjunction of all the features, we compute the
degree of match of the user with a stereotype as the
product of the contributions of all the individual slots.
In summary, we have:

M(Sk) :p(Sk|F1 = Vijy, - - .,F,- = U,-jr) =
P(Sk|F1 = vijy) % ... x p(Sk|Fr = vrj,)
These conjuncts can be easily obtained using Bayes’
rule, i.e.:
p(Fi = vij,|Sk) * p(Sk)
p(Fi = vij,)

starting from the values z;;, = p(F; = v;;,|Sk) and
an a-priori probability distribution p(S) of the stereo-

p(Sk|F; = vij;) =
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FINANCIAL PROFESSIONAL.:
profile:

age: <20: 0; 20-25: 0.1; 26-35: 0.2; 36-45: 0.3; 46-65: 0.3; >65: 0.1

gender: Male: 0.8; Female: 0.2

job: manager: 0.57; self-trader: 0.3; self-employed: 0.05; ...; student: 0.01
job field: {financial, banking insurance}: 0.8; {politics, law, civil services}: 0.14; ...

reason of connection: work: 0.9; personal: 0.1

hobbies - theatre: a lot: 0.1; some: 0.3; a little: 0.4; not at all: 0.2;
hobbies - watching sports: a lot: 0.4; some: 0.3; a little: 0.2; notat all: 0.1;

predictions on interests:

economy: high: 1; medium: 0; low: O; null: 0
politics: high: 0.7; medium: 0.3; low: 0; null: 0
sport: high: 0.2; medium: 0.4; low: 0.3; null: 0.1
culture: high: 0; medium: 0.2, low: 0.5; null: 0.3

technology: high: 0; medium: 0.3; low: 0.6; null: 0.1

Fig. 5. An example of a stereotype in the family interests.

ADULT SUPERIOR COMMITTED:
profile:

age: <26: 0; 26-35: 0.1; 36-45: 0.4; 46-65: 0.4; >65: 0.1

gender: Male: 0.5; Female: 0.5

education: primary school: 0; secondary school: 0.2; university: 0.8
education field: economy: 0.1; {politics, law, sociology}: 0.5; {medicine, biology}: 0.05,

scientific: 0.05, human sciences: 0.3...

hobbies - theatre: a lot: 0.3; some: 0.5; a little: 0.2; not at all: 0;
hobbies - traveling: a lot: 0.5; some: 0.4; a little: 0.1; not at all: O;
hobbies - body care: a lot: 0; some: 0.3; a little: 0.5; not at all: 0.2;
hobbies - shopping: a lot: 0; some: 0.2; a little: 0.8; not at all: O;
hobbies - doing sport: a lot: 0; some: 0.1; a little: 0.3; not at all: 0.6;

Fig. 6. An example of a stereotype in the family life styles.

types in each family, estimated in the population of
readers?. A final set of degrees of match for the stereo-
types in a family is obtained after a normalization of
the values A (.Sy ) computed using the equation above.
For example, let us consider the following (partial) de-
scription of a user:

age = 46-65

2The a-priori probability distribution of the values v;;; (ie.
p(F; = vij,)) is not needed because the stereotypes in a family con-
tain the same set of classificatory slots and thus this can be regarded
as a normalizing factor.

gender = Male

job = manager

job field = financial

reason of connection = work
hobbies: theatre = some,

Moreover, let us assume that the a-priori probability of
the stereotype is
p(financial professional) = 0.2

We have the following computation for the degree of
match with the stereotype “Financial Professional” of
Figure 5:
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M (financial professional) =
= p(financial professional | age = 46 — 65,
gender = Male,...) =
= p(financial professional | age = 46 — 65)%
p(financial professional | gender = Male) *

= (p(age = 46 — 65 | financial professional)
xp(financial professional))*
(p(gender = Male | financial professional)
«p(financial professional)) * ... =
=(0.3%0.2) % (0.8+0.2)...=
=0.00000015

Let us assume that there is only another stereotype in
the family concerning the interests:

M (young reader) = 0.00000005

The normalization applied to the two stereotypes of
this family produces the following result:

M (financial professional) = 0.75
M (young reader) = 0.25

4.1.2. Prediction of user characteristics

Given the degree of match A/ (.Sy) between a stereo-
type and the user’s data, we can compute the strength
of the predictions generated by the stereotype. For
each predictive feature 7/ the value z;; associated with
each linguistic value v;; corresponds to the probabil-
ity that F{ = v;;, given that the user belongs to the
stereotype (p(F} = v;;[Sk)).

The prediction for a specific user is obtained by
combining this value and the degree of match M (Sk)
between the user and the stereotype, computed using
the classification slots:

p(Fi = 1’2;’) =p(F = U§j|5k) * M(Sk)

Considering again the example above, we can then
generate the following predictions as regards the inter-
ests of this user, using the stereotype “Financial Pro-
fessional””:

p(interest in economy = high) =
= p(interest in economy = high |
financial professional)x
M (financial professional) =
=1%x0.75=0.75
p(interest in economy = medium) =
= p(interest in economy = medium
| financial professional)x
M (financial professional) =

=0x0.75=0

that is:
p(interest in economy = high) = 0.75
p(interest in economy = medium) = 0
p(interest in economy = low) =0
p(interest in economy = null) =0
p(interest in politics = high) = 0.525
p(interest in politics = medium) = 0.225
p(interest in politics = low) = 0
p(interest in politics = null) =0

Merging the stereotypical predictions. Since the user
may partially match more than one stereotype ina fam-
ily, the corresponding predictions have to be merged.
We assume that the contributions by different stereo-
types are independent and we use an additive formula
to combine them. If, for a specific user, we have that:

p(F} = vj;) = X (using a stereotype A) and

p(F} = vj;) =Y (using a stereotype B),
then the combined prediction is:?

PRl =vl) =X +(1-X) Y
The final predictions are computed by normalizing the
values obtained for the different linguistic values of
each feature F.

For example, from the predictions above we have
that:

p(interest in economy = high) = 0.75
from the stereotype financial professional. If we
assume that using the stereotype young reader we
have

p(interest in economy = high) = 0.1
Then the merging of the two predictions produces the
following result:

p(interest in economy = high) =

0.75+ (1= 0.75%0.1) = 0.775

In this way we can compute an initial model for a
new user. This model provides, for each predictive fea-
ture F/, a probability distribution of the linguistic val-
ues v;;, computed for that specific user.

It is worth noting, in conclusion, that the kind of
information provided by the registration form and then
used for classifying the user is very general. Thus, for
example, we can only make predictions on the user’s
interest/expertise in high-level sections (such as sport,
politics, etc.) and we cannot be more specific about
the subsections. The assumption we make is that the

3This formula is associative; therefore, it generalizes to the case
of multiple data to be combined.
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interest and expertise in all subsections of a section S
are initialized with the predictions computed for S, i.e.,
they are exactly the same. We shall return to this issue
in the next section.

4.2. Dynamic revision of the user model

The approach based on stereotypes discussed in the
previous section supports the creation of an initial
model for a user. However, this is not sufficient to
achieve our goals. First of all, the predictions made by
the stereotypes cannot be very precise due to the lim-
ited set of data provided by the user in the registration
form. Second, we are interested in providing a person-
alization for each individual user and thus we want to
achieve predictions that are more accurate (individual-
ized) than those provided by the stereotypes. Finally,
and most important, the interests/priorities/goals of a
user may change during time and we are interested in
tracking these changes and modifying the user model
accordingly.

This can be done only by adopting some techniques
for tracking the user’s behavior and for dynamically re-
vising the user model in accordance to such a behavior.
In order to do that:

— We isolated a set of events (corresponding to ac-
tions performed by the user during her browsing
in the news server) that are monitored by the sys-
tem. We keep track of these events in a database;
this allows us to generate statistics about the user’s
behavior.

— We introduced a set of dynamic user modeling
rules, to regularly revise the user model. The rules
are based on the monitored events and on the re-
sulting statistics.

In the following, these two aspects will be discussed in
more detail.

Events monitored by the system

As we noticed in Section 2, a user connecting to SeAN
has always the possibility of modifying the choices
made by the system. In particular, the user can al-
ways explore the whole space of alternatives, suppress-
ing sections or news selected by the system, or asking
to explore sections or news which were not selected
by the system (see Figure 1). Moreover, the user can
change the detail level in the presentation of each spe-
cific news item (see Figure 2).

SeAN monitors all the actions performed by the user
during a session, tracking her behavior. In particular,
the following events are monitored (and stored into the
user’s database):

— The sections and news that the user explores and
the amount of time devoted by the user to each
section;

— The sections (and news) that the system selected
and the user suppressed;

— The sections or news that were not selected by the
system and that the user asked to display;

— The details about a news item presented by the
system and suppressed by the user;

— The user’s requests for more detail (on a specific
news item) than that selected by the system;

— The selection of specific advertisements.

These events provide important feedback from the user
to the system, which can compute statistics about the
user’s behavior. Indeed, what is important to revise the
user model is not a single event, but the whole history
of events during time. For example, the fact that the
user changes the detail level of the presentation for a
single news item is not very relevant. In contrast, the
fact that during a session and when looking at a spe-
cific section, she modifies the detail level of most of the
news is an important piece of information to be taken
into account. The following are examples of the kinds
of statistics that are computed by our system:

— The percentage of subsections that the user opens
while looking at a specific section.

— The percentage of news that the user looks at in
each specific section.

— For each section, the percentage of subsections or
news not displayed by the system that the user
asks to display and, similarly, the percentage of
subsections or news displayed by the system and
that the user suppresses.

— For each section, the percentage of times that,
while looking at a news item in that section, the
user modifies the detail level of the presentation,
by expanding or suppressing the attributes of the
news. More specifically, given the definition of
the presentation levels in terms of aggregations of
attributes, the system monitors the percentage of
times the user selects each possible presentation
level.

— The number of banners (advertisements) on which
the user clicks and the percentage of times the user
clicks on banners of each category.

These statistics are used by a set of user modeling rules
that are activated at specific times to revise the user
models.

User modeling rules
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As in the case of stereotypes, also for these rules we
adopt a compositional approach. The rules are parti-
tioned into groups and each group refers to one of the
dimensions we isolated in user models. Indeed, look-
ing at the events and statistics above, it should be clear
that, for each dimension, only a subset of the events is
relevant. For example:

— the events concerning the advertisements are rele-
vant only for the life style of the user;

— the events concerning the number of subsections
or news in a section S that the user explores or
adds (removes) are relevant for the user’s interest
and expertise in that section;

— the events concerning the changes of detail level
when looking at the news in a section S are rele-
vant for the user’s expertise in that section;

— the average number of news items explored by the
user over all the sections and the average number
of changes to the detail level are relevant for the
user’s receptivity (cognitive characteristics).

Each rule set is activated independently of the oth-
ers and is used to revise a specific portion of the user
model.

The rules are organized as compositions of condi-
tions and consequents and have the following format:
the antecedents are formed by logical conditions on
the statistics about the user’s behavior and the conse-
quents specify changes to the probability distributions
over some features of the user model.

For example, let us consider the rules in the interests
family. One group of rules for this family takes into
account the changes in the number of subsections/news
made by the user. The following is an example of a
(composite) rule:

Rule R021

Let X be the percentage of news added by the user
(w.r.t. the maximum number of news)
in a section S;
if X < 5% then no change to the user model
if 5% < X < 35% then

interest in S: high = 4+0.5, medium = +0.5
if 35% < X < 70% then

interest in S: high = 40.6, medium = 40.4
if 70% < X < 90% then

interest in S: high = 40.7, medium = +0.3
if X > 90% then interestin S: high = +1

In other words, the consequent of the rule specifies
that, if during a session, the user adds subsections/news
in S, the prediction on the user’s interest in S has to be
changed; we shall return to that in the next paragraph.

It is worth noting that the statistics about the user’s
behavior concern both sections and subsections. In this
way rules like the one above can generate specific pre-
dictions about the user’s interest in each subsection,
while the predictions generated by the stereotypes are
the same for a section and all of its subsections (see the
comments at the end of section 4.1.2).

As another example the following is a (composite)
rule affecting the user’s receptivity:

Rule R037
Let X be the percentage of news items removed by
the user (w.r.t. the number of news items presented
by the system);
if X < 10% then no change to the user model
if 10% < X < 20% then
receptivity: null = +0.5, low = 4+0.5
if 20% < X < 40% then
receptivity: null = +0.6, low = +0.4
if 40% < X < 60% then
receptivity: null = +0.7, low = 4+0.3
if 60% < X < 80% then
receptivity: null = +0.8, low = 4+0.2
if X > 80% then receptivity: null = +1

Rule activation and revision of the user model.
Two aspects still have to be defined:

1. When the rules are activated;
2. How the user model is revised as a result of the
activation of a set of rules.

Different choices can be made as regards the first
problem. On the one hand, the changes cannot be too
frequent during a session, otherwise the changes in the
user model and the consequent changes in the presen-
tation of sections and news may confuse the user. In
particular, changes should not influence in any way the
sections and news that the user has already browsed
during a session, otherwise the user may get com-
pletely confused about the news server. On the other
hand, the update cannot be too slow, otherwise the user
may get the impression that the system is not adapting
at all to her behavior. We considered two options: (i)
activating the rules each time the user moves from one
section to another section and (ii) activating the rules
at the end of a session*.

4Notice that, in other systems, such as [26], the personalization
decisions are further clarified by negotiating with the user the sys-
tem’s proposals to the presentation changes and letting her accept
or refuse such proposals. We recognize that this type of negotiation
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In the current prototype we decided to implement
the second option: therefore, the user’s behavior is
monitored during a session and the user modeling rules
for the revision of the user model are applied when the
user closes the session.

Our approach has several advantages concerning
both the efficiency of the system and the coherency of
the system’s behavior.

— The statistics that can be made by looking at the
behavior within a whole session are more reliable
and more significant than those regarding shorter
browsing periods, which might also lead to use-
less oscillations in the user model.

— Carrying on the analysis of the user’s actions and
the revision of the user model at the end of the
user session enables the system to work “off-line”;
therefore, the user does not perceive any delays
due to the performance of the revision task.

— As discussed in [37], the predictability of a user
interface is an extremely important property and
has to be guaranteed to avoid that users get con-
fused while interacting with the system.

Let us turn now to discussing how the model is re-
vised using the rules. Once a rule is activated, the prob-
ability distributions in the user model are first com-
bined with the predictions expressed in the consequent
of the rules, and then normalized obtaining the revised
distributions.

For example, let us suppose that the user model con-
tains the following probability distribution for the in-
terest in a section s;:

p(interest in s; = null) = 0.1
p(interest in s; = low) = 0.2
plinterest in s; = medium) = 0.6
p(interest in s; = high) = 0.1

and that, during a session, the user modifies the pre-
sentation of s; adding 75% of the news that were not
displayed by the system. At the end of the session the
rule R021 above can be fired, leading to the follow-
ing modification of the probability distribution of the
user’s interest in s;:

can be very helpful, on the one hand, to make the system’s behavior
understandable to the user and, on the other hand, to collect relevant
feedback from the user. However, we have not yet addressed this
type of functionality in our system: in fact, to manage this type of
interaction in a fully acceptable way, a trade-off must be resolved be-
tween explaining the system’s behavior and boring the user with fre-
quent questions, or with questions which she can hardly understand.

p(interest in s; = null) = 0.1

p(interest in s; = low) = 0.2

p(interest in s; = medium) = 0.6+ 0.3 =0.9
p(interest in s; = high) = 0.1+ 0.7=0.8

which, after the normalization becomes:

p(interest in s; = null) = 0.05
p(interest in s; = low) = 0.1
p(interest in s; = medium) = 0.45
p(interest in s; = high) = 0.4

This new distribution will be used when the user con-
nects again to the news server. Similarly for all the
other rules that are activated.

In this way we take into account both the his-
tory (represented by the probability distributions in the
model) and the new information coming from the mon-
itored events (represented by the changes proposed by
the rules), trying to avoid abrupt changes in the user
model.

5. Agents for selecting news and for generating the
presentation

In this section we discuss how the personalized news
hypertext is generated, starting from the information in
the user model ((4) in figure 3). This task is performed
by two different agents that will be presented in the
next sections:

— An agent that personalizes the content of the pre-
sentation: given the pieces of information in the
user model (i.e., information about the user inter-
est, expertise, receptivity and life style), it decides
which sections and news have to be presented, the
appropriate detail level for each section and news
item and the advertisements that have to be in-
cluded in each page.

— An agent that generates the hypertextual pages.
This agent could also be responsible for person-
alizing the form of the presentation; however, in
the current prototype we decided to adopt a simple
and standard hypertextual format, focusing on the
personalization of the content. This means that the
layout of the hypertext is the same for all users but
it would be easy to adopt forms of personalization
also on this aspect.
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5.1. Personalizing the content

The agent in charge of personalizing the content of
the presentation makes decisions about the sections
(and subsections) to be presented, the news items to
be displayed in each section with the appropriate detail
level and the advertisements to be added to each page.

This decision process relies on a knowledge base
formed by various sets of rules and on a heuristic scor-
ing approach. The rules take into account the different
pieces of information contained in the user model.

Taking into account interest and expertise

A first set of rules is used to evaluate, for each section
and for each possible presentation format (detail level,
as defined in Figure 4), the probability that the user
wants to read the news of the section at that level. In or-
der to make this computation we use a matrix that spec-
ifies the probability of each detail level for a generic
section S, given all possible combinations (X,Y") of
linguistic values of the interest and expertise in the sub-
jectof S:

p(level =1 for section S |
interest in S = X, expertisein S =Y)

This means that there are 16 entries for each detail level
1, one for each combination of linguistic values for in-
terest and expertise. For example:

p(level =4 for S
| interest in S = high,
expertise in S = high) = 0.2
p(level =4 for S
| interest in S = high,
expertise in S = medium) = 0.4
p(level =4 for S
| interest in S = medium,
expertise in S = high) = 0.4
p(level =4 for S
| interest in S = medium,
expertise in S = medium) = 0.7

The last, for example, specifies that the probability of
level 4, given that the user has a medium interest and
expertise, is 0.7. Notice that the rules include a level 0,
that corresponds to disregarding the section.

The rules are applied, for each section s;, to the
probability distribution for the interest and exper-
tise in s;, stored in the user model. In particular,
the application of the rules to the sections of the
news server enables the computation of one prob-
ability value for each detail level for each section.

The computation for a section s; is performed as
follows: for each level k, we consider the 16 en-
tries in the matrix and we compute 16 values for
p(level = k for sections;), given the probability
distributions for the user’s interest and expertise. The
16 values are added and then a normalization is per-
formed considering all levels.

For example, if the user model predicts for section s;
that:

p(interest in s; = high) = 0.2
p(interest in s; = medium) = 0.7
p(expertise in s; = high) = 0.3
p(expertise in s; = medium) = 0.6

then, we have:

p(level =4 for section s;) =
(p(level =4 for section S
| interest in S = high,
expertise in S = high)
xp(interest in s; = high)
xp(expertise in s; = high))+
(p(level =4 for section S
| interest in S = medium,
expertise in S = high)
xp(interest in s; = medium)
xp(expertise in s; = high))+
(p(level =4 for section S
| interest in S = high,
expertise in S = medium)
xp(interest in s; = high)
xp(expertise in s; = medium))+
(p(level =4 for section S
| interest in S = medium,
expertise in S = medium)
xp(interest in s; = medium)
xp(expertise in s; = medium))+

=02%02%03+04%0.7%0.3+
+0.4%02%064+07x0.7x06+...

which has to be normalized after performing the same
computation for each level k.

Taking into account the receptivity

In a second step we use information about the user’s re-
ceptivity to decide which sections should be presented
and the appropriate detail level for each one of them.
This is done in two sub-steps:

a) Selecting the sections to be presented. This deci-
sion is made by considering the scores computed by the
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rules taking into account interest and expertise (see the
step above). All the sections for which the level 0 has
the highest score or for which the cumulative scores of
levels 0 and 1 is over a threshold (0.7) are excluded
from the set P of sections to be presented. Those for
which the level 5 has the highest score or such that the
cumulative scores of levels 4 and 5 is over a threshold
(0.7) are included in P. The remaining sections R are
ranked according to the distribution of the scores.

b) Defining the number of sections and selecting the
detail level of news in each section. As said, the ba-
sis for this computation is the user’s receptivity: first
of all, given the user’s receptivity, the system decides
how many sections (and subsections) have to be pre-
sented. This corresponds to deciding the percentage of
sections in R that have to be added to P. Second, for
each section S in P, the system considers the detail
level L with the highest score and evaluates whether it
is compatible with the user’s receptivity. If it is, then
this is the detail level for S; otherwise, we have to con-
sider two cases:

— L is too detailed with respect to the user’s recep-
tivity. This means that we do not expect that the
user could receive all the pieces of information
corresponding to the level of detail I, although
the user is interested in such a topic and has some
expertise on it. Thus, the system searches for a
lower level representing a good compromise be-
tween the scores computed by the first group of
rules and the user’s receptivity.

— L is low with respect to the user’s receptivity.
This means that the user could receive more infor-
mation. However, L has been decided given the
user’s interest and expertise and thus we keep it
as the level of the presentation. This means that,
although the user could receive more information,
presumably she is not very interested (or expert)
in the topic and thus it is not reasonable to provide
more information.

If the selected level is 2 or 3, a decision between 2a and
2b (3a and 3b) has to be made. The choice between
the abstract and the full article is based on the user’s
interest and expertise on the topic of the section under
examination, and on her receptivity: the full article is
presented only when, for all these features, the proba-
bilities of the values “low” and “null” are close to zero.
Moreover, in case there are alternatives (e.g., between
a picture or a video clip), the choice is based on the
user’s past preferences.

Selecting the advertisements

The selection of the advertisements to be included
in each page depends on: (i) the topic of the page,
that is the section to which it belongs, and (ii) the
classification of the user according to the Life Style,
which specifies a degree of compatibility between the
user and each stereotype in that family. The selec-
tion is performed as follows: first we consider the life
style classes whose compatibility is over a threshold;
then we select advertisements that are compatible with
the topic of the page and whose target includes these
classes, with frequency proportional to the compatibil-
ity values of the classes.

5.2. Hypertextual format for the presentation

In this section we discuss the strategies that we adopt
to organize the pieces of information, selected using
the techniques discussed in the previous section, into a
set of hypertextual pages ((5) in figure 3). The pages
are generated dynamically according to a standard for-
mat. In particular, we chose a simple hypertextual
structure which is very easy to navigate and allows the
user to modify the system’s choices, both as regards
the sections and news selected by the system and as
regards their detail level.

The hypertext is structured according to the hierar-
chy of sections and subsections in the news database.
This means that we generate one page for each section
and such page contains links for moving in the hier-
archy and for displaying the news items in the corre-
sponding section.

All the pages are generated dynamically, including
the home page (Figure 1), which contains a list of the
high-level sections that are considered relevant for the
specific user (for each section the selected sub-sections
are listed as well). In the bottom part of the page there
are two menus: one allows the user to delete sections
from the home page (the sections she is not interested
in); the other allows the user to add sections that were
not selected by the system but are interesting for the
user. A banner with advertisements is located at the
top of the page.

Whenever the user opens (browses) a section S, the
corresponding page is generated by the system. The
page is divided into three parts (see Figure 7):

— The upper part contains banners with the selected
advertisements.

— The middle part contains the navigation buttons.
In particular, we have:
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Fig. 7. Example of page corresponding to the section economia

* A list of the highest-level sections in the news
server (naturally only the ones that are con-
sidered of interest for the user, the sections
“Economia” (“Economy”) and “Politica” (“Pol-
itics”) in Figure 7).

* The home icon that allows the user to start the
navigation again from the home page of the
server.

— The lower part of the page contains the name of
the section S being displayed (“Economia” in Fig-
ure 7) and a list of its subsections (or news) that
are considered relevant for the user (the subsec-
tions “Economia internazionale” (“International
Economy™) and “Economia nazionale” (“National
Economy™) in Figure 7. Each name of subsec-
tion is a link to the page corresponding to the
subsection. A menu with the button “Elimina”
(“Delete”) allows the user to delete subsections or
news from the list; similarly another menu with
the button “Aggiungi” (“*Add”) allows the user to
list other subsections (news) not selected by the

system (the menus and button are not visible in
Figure 7 but are similar to those in the Home Page,
see Figure 1).

Whenever the user clicks on the title of a news item,
a new pop-up window is opened by the system for dis-
playing the corresponding pieces of information (see
the example in Figure 2). The news item is displayed
at the selected detail level, i.e., some of its attributes
are displayed while others are not. For each displayed
attribute there is a delete button that allows the user to
hide the corresponding pieces of information (the win-
dow is refreshed after this action). As regards the at-
tributes that are not displayed (i.e., that were consid-
ered as too detailed for the user), only the name of the
attribute is included in the page. The name of an at-
tribute is actually a button that allows the user to dis-
play in the page the pieces of information correspond-
ing to it (the window is refreshed whenever the user
clicks on one of these buttons).
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6. Experiments

In this section we briefly report on a first set of ex-
periments that we made on our system. It is worth not-
ing that the only aim of these experiments was to ver-
ify that the approach is feasible and can provide inter-
esting forms of personalization. More intensive test-
ing would be needed in order to refine the knowledge
bases (stereotypes and rules) and to actually validate
the system.

The test has been performed upon a small set of
users (25), selected as representatives of different cat-
egories of readers. We presented to each user the com-
plete list of sections and subsections in the server and
we asked her to select those she was interested in and to
express a measure of this interest (high, medium, low,
null). We then asked each user to fill in the registration
form and to use SeAN. As a result, SeAN classified the
user based on the stereotypes, generated predictions on
her interest and produced personalized pages with se-
lected sections, news and detail levels. The result of
this personalization has been compared with the pref-
erences expressed a-priori by the user. We evaluated
the comparison as follows:

— The selection of the system was judged compati-
ble with the preferences of the user if (i) the sys-
tem included all the sections that the user indi-
cated as of high interest; (ii) the system did not
include any section that the user indicated as of
no interest and (iii) the detail level selected by the
system was (in most of the cases) in accordance
with the degree of interest indicated by the user
(i.e., the detail level of a section indicated as of
high interest was not lower than that of a section
indicated as of medium interest and so on for sec-
tions of medium and low interest).

— The selection was judged completely incompati-
ble if the system failed to include all sections in-
dicated as of high interest and included at least a
section of no interest.

In 16 of the 25 cases the system provided results
compatible with the user’s desiderata, while in 5 of
the cases the system completely failed to satisfy the
desiderata.

A couple of examples of test cases are reported in
the following. Let us consider a male user, whose age
is between 36 and 45 with a degree in economy, work-
ing as a manager and connecting to the server for work
(the screenshots displayed in the paper correspond to
this profile). In this case the system selected the sec-

tions “Economy” and “Politics” (and their subsections)
and selected the highest detail level for presenting the
news in these sections. On the other hand, in the case
of a male user, whose age is between 14 and 19, study-
ing in a technical school and connecting for personal
reasons, the system displayed the sections “Sport” and
“Technology” (with detail level 3, i.e., including the
text and video/audio clips but leaving out interviews
and technical data).

Although the test set was very small and in many
senses naive, the results are quite encouraging on the
feasibility and on the practical applicability of the ap-
proach. Further work has to be done in order to refine
the knowledge bases in the prototype system.

7. Conclusions

In the paper we presented SeAN, an adaptive sys-
tem for accessing on-line news servers. SeAN is de-
signed as a set of cooperating agents, following a three-
tier architecture, which has been inherited from SeTA,
a system for adaptive electronic commerce [3]). The
system is implemented using Java; the communication
between the agents is obtained using the RMI facility
offered by Java. The three databases are implemented
using MS Access and are accessed using JDBC (thus,
in principle, they could be implemented using any re-
lational DBMS).

SeAN tailors the presentation of news to the pecu-
liarities of the user by exploiting a structured database
of news where items are classified in a hierarchy of top-
ics and are characterized by a set of attributes. These
attributes can be shown or hidden, depending on the
content of the user model. This is a significant differ-
ence with respect to other approaches to personalized
information filtering, which do not assume information
is structured and then have difficulties in the selection
of contents, especially as regards the detail level. Fill-
ing in the database of news is additional work. How-
ever, this task is not very different from what has to be
done in the software systems that are used in the edito-
rial offices of some newspapers. These systems require
that the author of a paper submits her work to a specific
section and, in case there are photos or extra items, she
must specify the paper these items are related to (this
is used to define the layout of the pages).

It is worth noting, moreover, that there is a differ-
ence between the goals of personalization in our ap-
proach and those pursued in systems for the personal-
ization of electronic catalogues [38] or archives, such
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as virtual museums [22, 40] or information Kiosks. In
fact, we aim at defining the “right” detail level for pre-
senting news on a given topic by aggregating different
attributes of the news, while they generate personal-
ized linguistic descriptions for presenting in different
ways the items in the database.

The system we presented relies on a modular and
compositional approach to user modeling. Indeed this
work is part of a bigger project in which we aim at
creating an ontology for user modeling and at defining
guidelines for selecting the dimensions that are rele-
vant, given an application task and domain and given
specific goals for personalization [47]. This modular
approach has, in our view, several advantages. First
of all, creating stereotypes and user modeling rules is
made simpler since these knowledge bases must fo-
cus only on one specific user modeling dimension at
a time. Second, modularity allows the re-use of user
modeling knowledge bases. In fact, there are dimen-
sions that are common to multiple application tasks
and domains and thus the knowledge bases referring to
these dimensions can be easily re-used. For example, a
dimension such as the “life style” is relevant in several
tasks and domains and indeed the knowledge bases we
used in the system described in the paper have been
re-used in other systems for electronic commerce.
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