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Abstract

Personalization is a key factor for differentiating
services and retaining customersin World Wide Web sites.
Ontheother hand, designing and implementing an efficient
personalization strategy is still a challenge, because of
the complexity of the techniques used and the variety of
sitesand customers, which are always evolving. This paper
presents a functional model of personalization strategies
that allows not only a simple and concise specification of
those strategies, but also their simulation and validation.
We demonstrate our model through e-Personal, a
framework for estimating the effectiveness of
personalization strategies. The framework guides the user
through the process of specifying a strategy and estimates
its impact based on previous interactions of customers
with the site. It is based on our functional model and we
illustrate its utilization for designing personalization
strategies for a web portal. Our experiments are based on
actual logs and show that the proposed framework
enhances significantly the personalization process,
indicating the goodness of the strategy design, the
reliability of input data, and the impact of implementation
decisions on the effectiveness of personalized sites.

Keywor ds: Personalization, Adaptive Web Stes, World
WdeWeb

1Introduction

Thereis an increasing competition among World Wide
Web sites in al service segments. Although these sites
initially focused on correctness and availability, many sites
are already working towards differentiating their services
so that they can increase their customer population, and
keep it despite their competitors. Designing and
implementing effective personalized sites arise as an
essential component of this service differentiation strategy.
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Personalization may be defined as any adaptations in
terms of format, process, and nature of resources provided
to a customer of a site. It relies on gathering customer
information, which may be accomplished employing several
mechanisms. Explicit mechanisms depend on customer for
gathering information, such asfilling aformwith hisor her
personal information. Implicit mechanismsemploy cookies
or server logsto acquire customer navigational information,
to determine the browser being used in order to adapt data,
or to determine the customer geographical location based
ontheclient machine | P address. Personalization strategies
aim to make aWeb site more responsive to the unique and
individual needs of each customer, thus enhancing his or
her interaction and loyalty, which resultsin increased site
audience and revenue.

However, designing and implementing personalization
strategiesistill achallengein most cases, sinceasignificant
part of the process is not automated and is performed by
experts. This situation arises from several characteristics
inherent to the task of personalizing a Web site. The
personalization requires some knowledge about the profiles
of thesitecustomersintermsof their preferences, but theses
profiles may change over time, both as a consequence of
changes in the customer population and because of
evolving customer preferences across time. Techniques
such as association rules and neural networks, commonly
employed for personalizing sites, demand reasonable
expertise and may be costly in terms of computation.
Collecting and organizing data for personalization is
laborious and error-prone, because these tasks are usually
sitedependent. Finally, determining which personalization
strategies would help to improve the service provided is
usually hard, sometimesimpossible.

Furthermore, testing and comparing such diverse
strategiesiseven harder. Each strategy may require different
datagathering approachesthat are sometimesincompatible
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and may take time to produce reasonable results. For
example, changing a site logging methodology cannot be
performed frequently, sinceit generally requires modifying
many configuration options and may invalidate past data.
Implementing anew strategy iseven moreinfeasible, since
many pieces of software may have to be rewritten.
Comparing the results is another hard step which may be
time consuming and may not lead to actual improvements.
Atool for predicting the efficacy of Web site personalization
strategies would be valuable for determining the most
effective approach and guiding itsimplementation.

In this paper we present a functional model of
personalization strategiesthat allows not only asimple and
concise specification of those strategies, but also their
simulation and validation. By using thismodel, it ispossible
to describe the decision process while designing a
personalization strategy, subsidizing the entire
implementation process. Based on this model, we built a
framework for simulating personalization strategies, e-
Personal. This framework provides some tools that allow
the user (i.e., a personalization designer) to estimate the
efficacy of astrategy and embeds the functional model for
the sitesthat allows asimple specification, simulation and,
validation of strategies. By using the framework, users may
describe in detail personalization strategies and test it
against actual server logs. During this process, the strategy
is evaluated regarding its applicability and impact on
the behavior of the customers, providing information for
measuring the gains from implementing a strategy.

Thispaper isorganized in 6 sections. This section serves
as introduction. The next section discusses some related
work and the coverage of the framework in the context of
current personalization eforts. Section 3 presents a
functional model of Web sites, followed by aformalization
of the personalization process using this model in Section
4. One case study based on actual logs is presented in
Section 5. The last section draws the conclusions of the
paper and describes some future work.

2 Related Work

Thereare several efortsfor personalizing Web sites[10].
In this section we analyze some of these eforts and how the
model and theframework arerelated to them. First of all, we
are not aware of any other work that evaluates
personalization strategiesin advance, thus we discuss how
thevarious personalization strategiest in our framework. In
fact, the lack of tools that guide users in designing and
evaluating their personalization strategies before
implementing them was our main motivation for developing
themodel, and later the e-Personal framework.

The personalization is usualy based on data such as
access logs [9], personal data, and even market data [6].

Therearebasicaly two trade-offsthat determine how useful
someinformationis: privacy [5, 4] and reliability [7]. Privacy
determines which user information can be used or not.
Reliability concerns whether we can trust the information
for sake of personalization or not.

Wemay classify personalization efortsregarding several
criteria, such asscope, level of automation, implementation
resources, and personalization target. The scope may be
local or global, where local personalization affects just the
user or session being personalized [9] and global
personalization affects the structure of the Web site [12].
Thelevel of automation refersto the compl etely automated
[9] application of personalization strategies or not [12],
requiring, in this last case, tasks performed manually. We
distinguish proprietary and public implementation
mechanisms. Proprietary mechanisms include the use of
specific tags [ 13], while public resources employ popular
standards such as HTML and XML. The personalization
target definesthe parts of the site that will be personalized.
It may be fixed to some portions [7] or not, so that it is
possible to personalize any portion of the site [2].

The basis of the e-Personal framework is the Web site
access log that may include not only the pages visited and
functionsbut also user session information. The framework
also allows users to specify the structure of the site being
personalized and the semantics of the functions provided.
Regarding analysistechniques, e-Personal doesnot impose
any restrictions, since the user is supposed to code the
personalization strategy using the operators provided.
Although it may appear laborious at first glance, the
codification of the strategies in advance is very helpful in
determining their feasibility and also makes their actual
implementation much easier. There are also no restrictions
regarding the scope, level of automation, and
personalization target, since the strategy is completely
specified by the user. Finally, the e-Personal appliesto both
proprietary and public implementation approaches, since
this decision does not aect the strategy.

3Web Site Per sonalization

In this section, we are going to present a model for
describing the structure of Web sites. Thismodel describes
the dynamics of a Web site, whose content is frequently
stored in structured or semi-structured databases. In the
section that follows, we are going to present a model for
specifying personalization strategies, which alows the
specification of several variables inherent to the
personalization process.

3.1 Functional Modeling of Web Sites

Before describing the persondization model, wearegoing
to present amodel that describes the structure of aWeb site.

45



Fabiana Ruas, Wagner Meira,
Paulo Araujo and Flavia Ribeiro

Modeling Web Site
Personalizartion Strategies

From thefunctiona perspective, Web sitesare aset of pages
containing linksthat allow usersto access other pagesinthe
site or even in other Web sites. These links comprise not
only the target page but also occasional parameters that
should be considered while generating the pages.

First we present two concepts that will help us to
describe this model: objects and functions. The various
pages that compose a site can be characterized by these
two concepts. Obj ects (denoted by @) represent real-world
entities such as information and products. Each object,
regardlessits nature, is characterized by a set of attributes.
A valueis assigned to each attribute and each object 0 € @
has a set of values assigned to attributes that uniquely
identify it. Considering avirtual store, aspecific book like
“The Shell Seekers’ represents an object.

Classes are sets of objectsthat are characterized by the
same set of attributes. Objects are grouped into
classes according to their nature or similarity for a
given criterion. We may define a class Book that
contains this and all other books that are sold in the
virtual store.

We also define a group of objects as a set of objects
from one or more classes. Groups of objects are defined
through a logical expression that selects a view from the
universe of objects. Examples of expressions are “the
Rosamunde Pilcher books” or the book “ The Shell
Seekers” . A group of object can be also organized
hierarchically, containing other groups of objects. For
example, the group of objects “the Rosamunde Pilcher
books” contains the book “ The Shell Seekers’.

Functions are actions that can be performed by a
customer inaWeb site. Each type of page (e.g., browse
books or search for books) isgenerated by afunction.
Functions (denoted by F) receive two kinds of
arguments: function parameter and state. A function
performs two actions: (1) generate a page based on
the function parameter, and (2) change the state of
the customer session.

Thefunction parameter isthe group of objects used for
generating a page. The state is the group of objects that
should persist during a customer interaction with the site.
In summary, each pagein our functional model isuniquely
defined by thetriple: function, parameter, and state. Consider
the action add the book “ The Shell Seekers’ tothecart. In
the model, we describe this action by the execution of the
function “ add to cart” on the parameter “ The Shell
Seekers’ . Thisfunction changesthe state of the site, which
is represented by all books that were added to the cart
during the current user visit.

Based on these definitions, a page is the result of a
function call fi € ¥ having two groups of objects as
arguments: Pi € 6 and S € 6. A page can be represented
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by atriple < fi, Pi, S > and contains a set of links.

A link is a page reference, i.e,, it is a reference to a
function call. Each link in the page defines not only the
function to be invoked when the link is chosen by a
customer, but also the parameter to the function. The state,
whichisalso used by thefunction to generate the requested
page, isimplicit and maintained by the server.

Pages may havetwo kinds of links: static and dynamic.
Static links are not based on the parameter objects. For
example, considering thevirtual store, every page hasalink
to view the books in the cart. Dynamic links are generated
based on the parameter objects. For example, consider the
function browse books applied to the group of objects
International books. The result is a page containing links
to selected international books. These links are generated
dynamicaly.

We can summarize the interaction of acustomer with a
site through the sequence of pages accessed by the
customer, which is usually called user session. From the
starting page, which is generated from empty parameter
and state, the user session is a path in the site determined
by the sequence of pagesfollowed by the customer. A user
session of n pages can be represented by aset of triples{ <
f1,P1,SL>,..<fn,Pn, Sn>}.

The generation of each page requested by a customer
can be described formally by the expression f(Pi, S) =
Pi+1; S+1. Wheref isthe page generation function, Pi is
the parameter group of object for generating the page, Si is
the state group of objects at the time of the page generation,
Pi+1 is the page generated, and S+1 is the state of the
session after executing the function. An abstract
implementation of fispresented in Figure 1, where we can
see the generic phases for generating a page within the
functional model presented. The new state is defined by
function new_state. This state is used for generating the
page links. Pages may have links that don’t depend on the
group of objects being passed as a parameter. The function
generates static linksisresponsible for them. Dynamic liks
are generated by generate links applied on P. Thus, the
result of function f is the set of links that are on the

respective page.

function f(P; S
begin
Shew = new_state(S)
links = generate_static_links(Shew)
foreach object 0 €P
links = generate_linkf(0,Snew)
end
end

Figure 1: Algorithm for generating non-personalized pages
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3.2 Personalization M odeling

Without loss of generality, we assume that customers
start their interaction with a given Web site by accessing
the home (or entry) page of the site. This page, asall other
pages provided by the sites, offers content and navigational
options. Content comprisesall kinds of information provided
as text, images, audio, and video. Navigation is supported
through hypertext links to other pages. Considering just
these two basic components of a page, we distinguish two
types of personalization: content and navigation. Content
personalization changes the information provided to the
customer interms of both quantity and nature (e.g., amount
of detail) aiming to provide abetter serviceto customers. It
also includes other types of information such as banner
ads inserted in the pages. Navigation personalization
changes the formatting (i.e., highlight or not a link), the
order (i.e., which linksare presented first), and the nature of
thelinksthemselves (e.g., pre-defined parameters).

Eva uating theimpact of content personalizati on without
aknowledge acquisition model isquite hard, mainly because
current technology does not allow extensive verication of
the attention and focusing mechanisms employed by
customers while verifying the content of a page. On the
other hand, verifying the effectiveness of navigation
personalization is simple in the sense that we know that a
personalized link is effective if the customer clicks on it,
requesting the associated page. The model presented in
this paper is targeted at supporting intra-site navigation
personalization, that is, weintend to personalize the access
to internal pages of a given Web site.

In this section, we discuss how the functional model
presented supports the modeling of the personalization
process. As mentioned, we modeled each page in the site
asalist of linksto other pagesin the site, where each link
embeds a function invocation and the objects that serve as
parameters for the page to be generated. In the context of
thefunctional model presented, the personalization of Web
sitesmay be performed through two mechanisms:

New functions: The definition of new functions (not
originally present in ¥) that personalize the resources
provided to the customer. A simple example of such
function is the creation of an auxiliary page that
presents the links of interest for agiven customer. In
this case, this pageisanew function in the sense that
there was no such page in the site before it was
personalized. This personalization mechanism can be
implemented by simply adding morefunctionsto .

Weight differentiation: A strategy to personalize
existing pagesisto assign link weights according to
the customer. The weight is a measure that quanties
the importance of alink to agiven customer. It might
be used for defining theformat and order of thelinks.
In this case, discarding specific links can be

accomplished by zeroing out their weights. Weight
differentiation is implemented within the model by
changing the functions so that they consider
characteristics of the customer that invoked them.

In both cases, the personalized functions take into
account the following three types of information when
generating a personalized page:

History: Thehistory isaset Hu €& that containsobjects
relevant to the customer in previous sessions, such
asitems purchased or information topics researched.

Session: A session Ss, as mentioned, is alist of triples
(function, parameters and state) and records the
interactionsof agiven customer in his’her current visit.

Rules: Personalization rules define when a page must
be personalized and how the personalization will
transform the page. A rule comprisesacondition and
an action. The condition specifies the requirements
for performing the action. Inthe model, the condition
of aruleisbased on the history Hu and on the current
user session Ss. The action is represented by a set of
triplesfunction, parameter, and weight. Thesetriples
arethelinksthat will appear in the personalized page.
Thus, for each distinct pair Hu, Ss there isa single
rulethat may beapplied. The set of al rulesapplicable
to the site is represented by R.

The generation of personalized pages may be rewritten
asf (Pi, S, Hu, SsR) = pi+1, S+1. Where f is the page
generation function, Pi is the parameter object base for
generating the page, S isthe current state, Hu isthe history,
Ssisthesession, Risthe set of rules, pi+1 isthe new page,
and S+1 is the state of the session after applying the
function. The personalized page generation algorithm is
presented in Figure 2.

Staticlinksand dynamic links, which arebased on P, are
generated asin the previous agorithm. The only difference
is that we assign a weight equal to one to dl links. This
weight means these links will appear in the page as if no
personalization was employed (same order and sameformat).
Besides, weadded anew procedure, verify-rules, that verifies
al rulesr € g and returnsthe set of rulesthat can be applied
to the new page. For eachrule, alink iscreated. Eachlink is
associated with the weight suggested by the rule!.

4 e-Per sonal

In this section we present the e-Personal framework,
which comprises a methodology and a set of tools and
libraries that allow easy specification and estimation of
effectiveness of personalization strategies. Theframework
is built based on the model proposed in the prior section.

1 Weights are used for ordering and formatting links, but our model doesn’t
provide amechanism for performing these tasks.
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functionf(P, S H, Ss,R)
begin
Shew = new state(P, S
links = generate static links(Shew)
foreach objetoo > P
links = generate linkfo(o, Shew)
end
foreach link | > links
give unitary weight(l, S
end
rules = verify rules(H, Ss)
foreachruler > rules
links = generate link(r)
give weight(l, S r)
end
end

Figure 2: Algorithm for generating personalized pages

4.1 Per sonalization Process

The personalization process using the e-Personal
framework isdivided into five phases:

Goal definition: Describes the motivation for the
personalization in terms of its operational and
commercia impact.

Observation: Describesthe nature and the acquisition
strategy of the datathat isused in the personalization
process.

Transfor mation: Determinesthe set of rulesto be used
during the personalization. Thisset of rulesisderived
from the data collected and should be in accordance
to the goal of the personalization.

Simulation: The simulation of the personalization
strategy isperformed using the e-Personal framework,
which is described in the sections that follow.

Application: Oncethe personaizationiscalibrated within
e-Personal, weimplement itinthereal site, evaluating
its actual performance against the estimated
performance and adjusting the simulation model.

All phases but the simulation are common to most
personalization processes [11]. In this section we will
describe aspects related to the transformation and
simulation, which are specially important to the e-Personal
implementation.

The simulation of apersonalization strategy isperformed
asareplay of anactual log of aweb sitethat startsemploying
personalization strategies. The goal is simulating the
behavior of those customersthat visited the site asiif there
is a personalization strategy implemented on it. In the
transformation phase, the original log isparsed in search of
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patterns to describe the navigation and the behavior of the
customers, which are inputs for the simulation phase. This
phase is discussed in the next section.

4.2 Rulesand Per sonalization

In this section we discuss the starting point of the
personalization, the rules. Rules comprise a condition and
an action. The condition, as the name says, specifies the
requirementsfor performing the action. In the context of the
e-Personal framework, both condition and action are
requests. The signicance of each ruleis quantified through
two measures inspired on data mining techniques [1]:
support and confidence. Support is the percentage of
sessions where both condition and action appear.
Confidenceisthe probability that the actionis present in a
session, given that the condition is. For sake of simulating
personalization strategies, we define three types of rules:
personalization rules, 2-request observed rules, and n-
request observed rules.

The personalization rules comprise the rules used when
we generate a personalized page. Each rule defines the
probability that an action is suggested, given that the
customer submitted the requests that define the rule
condition. It isanalog to confidence, but applied to future
actions. For each action suggested, a link is added to the
personalized page. The personalization rulesarestoredina
separatefile, loaded during s mulation initialization, and kept
inmemory during the simulation.

Then-request observed rules provideinformation about
which requests usually occur in the same session, even if
they are not consecutive. These rules are used for
determining the probability of asuggestion of apagebeing
accepted by the customer, changing his or her observed
behavior. It is aso analog to confidence. The selection of
theserulesisdone based on their support, i.e, just therules
with a minimum number of ocurrences are considered
relevant.

Finally, the 2-request observed ruleﬁ2 are used for
identifying all possible links that may be followed from a
given page in a non-personalized site. In this case, the
algorithm determines the links existing in the pages of the
origina site. These observed rules are generated by the
algorithm presented in Figure 3.

Theframework allowsthe simulation of personalization
strategies based on groups of customers. We can assign
each rule to groups of customers whose sessions may be
personalized using the rule. This feature is useful for

2 We used just 2-request rules because of the signicant increase in the cost of
the simulation process when higher order rules are used, but there are no
problems in employing them, since the observed rules may comprise more
requests by definition.
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tayloring the personalization strategy for different user
profiles. Both customersand their groupsareaso smulation
inputs, which are kept in memory during the simul ation.

4.3 Personalization Operators

As mentioned, the simulation of a personalization
strategy is performed as a replay of an actual log. The
simulation is performed in a per-request basis, that is, for
each request submitted by a customer, we verify whether it
is possible to personalize the response, perform the
personalization, and then estimate the customer behavior
given that he or she gets a personalized response. This
algorithmispresentedin Figure 4.

1 begin

2 foreach session

3 foreach request in the session
4

if thereisa2-request rule with request
ascondition and request! next asan action

5 update the rule

6 else

7 create such arule

8 end

9 foreach next-request after request in

the session

10 if thereisan-request rulewith request
as condition and next-request
as an action

n update the rule

©r else

13 create such arule

14 end

15 end

16 end

17 end

18 Print the 2-request rules
19 foreach n-request rule
20  if support>minimum

2 print therule
2 end

23 end

24 end

Figure 3: Observed rules generation algorithm

Notethat the resulting session may differ fromtheorigi-
nal one, as aconsequence of the estimator, but the customer
behavior is based on rules observed previously in the site.
Thus, the personalization specification comprisestherules
and three operators: verifier, transformer, and estimator.

Verifier: Theverifier checkswhether thereareany rules
that are applicable to the request being personalized.
Thus, the e-Personal library contains functions that
handle sets of rules and determine whether there are
rules that match the history and session, which are
given as parameters. The verifier input is awaysthe
current page and the set of personalization rules. All
rulesin this set are checked by matching the request
that generated the current page against the rule
condition. The verifier returns the set of rules that
matched. Whenever aruleisreturned by the verifier,
the transformer is invoked. Otherwise, the tool
estimatesthat the customer will choose the samelink
of the original session.

Transformer: Thetransformer determineswhich links
will be included in the page from the personalized
links found by the verifier. The transformer input is
the page being personalized (in fact the request that
generated it), the list of rules found by the verifier,
and the maximum number of personalized links that
may be inserted in the personalized page. This last
parameter is inherent to the personalization strategy
and is also an e-Personal input parameter.

Therulesarechosen using aroulette strategy. Theinterval
between 0 and 1 is divided proportionally among the rules
according to their weights (in the experiments presented in
the next section, we used their confidence). The pre-defined
number of personalized links are then chosen by selecting
randomly one of these sub-intervals. The transformer then
returns the actions of the selected rules.

Whenever apersonalized link isinserted, the estimator
is executed. If no personalized links are inserted, the tool
estimates that the customer will follow his or her path
observed in the original log.

Estimator: The estimator determines the path that is
followed by the customer after the personalized links
areinserted in the page. This determination is based
on the observed probability of transitions and is
determined asfollows.

Thefirst task performed by the estimator isto check if
the user session should end. The probability of acustomer
exiting asession isaheavy-tail function [3] of the number
of requests already submitted and the original size of the
session.

If the customer does not exit, he or she may follow one
link from three distinct sets of links:
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Original: The links that compose the page before
personalization. They are called the original links.
These links are determined from the 2-request
observed rules.

Personalized: The personalized links inserted by the
transformer. The probability that a customer follows a
persondized link comesfromthen-request observed link.

Session: The session links are those from the original
session that is being personalized. The session links
indicate those links that are either in the original or
personalized sets and then have a higher probability
of being chosen by the customer, since he or she did
it before. In practice, we multiply the probability of
the personalized links by a factor, the predictability,
which isan e-Persona parameter. The predictability
represents the probability of predicting in advance a
request that will be submitted by the customer. Besides,
if any linksintheoriginal set of linksalso occur inthe
session links, we multiply them by another factor, the
navigation inertia, which is also an e-Personal
parameter. The navigation inertia represents the
probability that the customer does not follow a
personalized path, or, even after following it, he or
she behaves as in his or her original session,
mai ntaining the same path.

After determining thesethree sets of links, weassignto
each link aprobability based on the support of the rule that
generated it and on the factors. We employ the roulette
mechanism again, assigning each link to auniqueinterval
between 0 and 1, which is proportional to its probability
occurrence and draw arandom number inthe sameinterval,
which indicatesthe link that isfollowed by the customer.

Once the operators are defined, we should also define
how our strategies are evaluated, as discussed next.

4.4 Evaluating Per sonalization Strategies

Each personalization strategy iseval uated through most
of the process described in Section 4.1. We distinguish
three types of metrics: observation, strategy, and operator.

Observation metrics quantify the observation and
personalization capacity of asite. The observation capacity
measures the level of predictability of the behavior of
customers based on their previous interactions. The
personalization capacity measures the volatility of
persondization rulesintermsof the number of new rulesthat
are determined over time. Both metrics may be quntified by
using the number of new rulesasafunction of the number of
sessions considered. The capacities are proportional to the

3 Note that there may be links in the actual page that are not considered, but
since no customer ever clicked on them (otherwise they are in the 2-request
observed rule set), we discard them.
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asymptotic values of the respective functions. There are
basicaly two problems that may be easily detected using
thisapproach and arise aslack of knowledgein the context of
the personalization process: absence of information or volatile
behavior. The absence of information patternis characterized
by a monotonically decreasing function that has a non-zero
slope. The volatile behavior function is characterized by an
asymptotic value which is above the expected, thet is, the
number of new rules per session does not decrease, meaning
that the customer profile keeps changing.

Strategy metrics are based on the personalization goal
and quantify the goodness of the strategies. Regarding the
personalization goal, we further divide the strategies into
two groups: functional and commercial. Functional
strategies try to change the user session profile, by either
increasing or reducing his or her session length. For
instance, a personalization strategy that aims to increase
the session length would increase the banner revenues or
promote novel services provided by the site. On the other
hand, a session reduction strategy tries to increase the
customer satisfaction. Commercial strategies are designed
toincreasethe siterevenue, whichisachieved by increasing
the visit-to-buy ratio. Common commercial strategies are
cross-selling and up-selling. The metricsfor both casesare
quite straightforward. Functional strategies are measured
by the changes on the session length, while commercial
strategies by revenue increases.

Each operator hasits set of metrics. For the verifier we
measure two metrics: the verifier hit ratio and the rule
popularity. Theverifier hit ratio isthe percentage of requests
for which the verifier found any applicablerules. Therule
popularity isthe ratio between the number of verifications
that selected agiven rule by thetotal number of successfull
verifications. Thetransformer isalso evaluated through two
metrics. transformer hit ratio and personalized link popul arity.
The transformer hit ratio is the percentage of pages
augmented with personalized links. The personalized link
popularity istheratio, for each link, between the number of
inclusions in personalized pages and the total number of
pages personalized. The estimator is evaluated by the
personalized link hit ratio. This metric quanties how
frequently customers follow the personalized path.

5 Case Study

In this section we describe the utilization of e-Personal
for evaluating personalization strategiesfor avery popular
type of Web site: a portal. Our case study considered a
Brazilian Web portal, which provides services such as free
e-mail, free web hosting, search, chat, news and online
greeting cards. There are also some thematic channelssuch
as shopping, music, weather, and astrology, among others.

After an extensive analysis of the logs, we concluded
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that one of the best opportunities for personalization was to
increase the number of channels visited per user session.
The same analysis has aso shown that most of customers
do not visit more than two channels per session, athough
theportal hasfifteen channels. Thefrequency distribution of
the number of channels visited per session (Figure 5 - left
graphic) shows clearly this problem, since most of visits
access very few channels (less than 3). By checking the
popularity of the various channelsin Figure 5 - right graph,
we can see that about half of the channels concentrate most
of the requests, showing the potential for a personalization
strategy that promotes those popular channels.

Considering that a significant source of revenue of
portalsis advertisement, a personalization strategy should
alsotry to increase the number of pages (and thus channels)
visited, not only providing personalized accessto channels,
but also increasing the revenue from advertisement. For
sake of personalization, we considered each channel as a
different function, since the sole purpose of the portal isto
provide content.

Asdescribed in Section 4.1, the personalization process
startsby definingitsgoal. Inthiscase, thegod istoincrease
the diversity of channelsvisited by each customer, whichis
anavigational personalization. We may describethe strategy
as follows: while the customer browses pages from one
channel, we suggest linksto related pagesin other channels.
By analyzing the accesslogs from the non-personalized site,
we found that requeststo the various channelsmay beeasily
identified, sincethe URL associated to each request identies
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the channel and also contain customer identification, allowing
the determination of user sessionsbased oninterval sbetween
requests from the same session [8].

During the transformation phase, we analyzed the
sessions to determine which channels are visited in the
same session, as discussed above. We then determine other
channels of interest by using an association rule algorithm
[1], which populated our observed rule base. The application
of the personalization strategy to the site wasimplemented
by adding two personalized links per page.

We then simulated the strategy using the e-Personal
framework, which estimated the user sessions in a
personalized site. Theinputsto theframework were defined
asfollows:

Functionsand Objects: Extracted fromthelog.

Customer sand groupsof customer s: Wedid not deter-
mine any groups of customers, taking all of themasa
single group.

Per sonalization rules: Derived from the association
rules, as mentioned.

2-request observation rules: Extracted from the logs
using the algorithm described in Figure 4.2. These
rules identify the links that compose the pages prior
to personalization.

n-request observation rules: These rules are also
extracted using the algorithm presented in Figure 4.2
and are used to estimate the links chosen by the
customers after personalization.
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Figure 5: Number of channels accessed per visit and channel popularity
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Figure 6 shows the cumulative frequency distribution
of rules as a function of its confidence. Notice that more
than 90% of the observed rules present a confidence below
60%, affecting the performance of the estimator in
determining which link a customer would follow, since
estimation is based on rule confidence.

The simulation al so takes some parameters:

Predictability: Weused 30%, i.e., 30% of the customers
will stay in their original session despite the
personalization. This parameter should be defined
based on the population of site customers, since it
reflects the customer’s acceptance of novel
personalized suggestions.

Navigation Inertia: We used 40%, i.e., 40% of the
customerswill not click onapersondizedlink. Similarly
to the predictability, this parameter should be also
calibrated according to the expectations about the

After defining the tool input, we performed several
experiments. Theverifier found rulesfor 36% of therequests
(verifier hit ratio) and never matched 4% of therulesto any
request. Theremaining ruleswere verified from 62 to 23,452
times, showing a high variance in the rule popularity. The
transformer suggested at least onelink per verified request,
and the transformer hit ratio is also 36%. The personalized
link popularity has also shown a high variance, since the
per-link popularity varied from 0.04%to 14%. Finally, 41%
of the suggestions were taken by customers.

In order to measure the effectivenes of the strategy, we
verified the number of channels accessed before and after
personalization. The numbers show that our strategy isquite
sucesful, since the estimated average number of channels
visited per session increases from 1.32 to 1.56 (18%). The
left graph in Figure 7 compares the frequency distribution
of the numbers of channel visited per session before and
after the personalization, where we can clearly seethat the

Site customers.
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Figure 7: Number of channels accessed per visit and channel popularity
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number of visitsthat accessed just one channel reduced by
about onethird. In Figure 7 - right graph, we can a so verify
how the popularity of the various channels changed. In
this case, dmost al channels got more visits, except those
for which almost no personalization rules were generated.

6 Conclusions

Inthis paper we proposed amodel for personalizingWeb
sitesand presented e-Personal, aframework for estimating
the effectiveness of personalization strategies. e-Personal
helpsin designing, implementing, and eval uating strategies
based on past behavior of Web site customers. It supports
most of the personalization strategies commonly employed
and is based on a concise and robust functional model,
which makesit applicableto large variety of Web sites, from
portalsto e-commerce sites. -

We demonstrated the use of e-Personal by discussing
personalization strategiesfor one popular type of Web site,
portals. Our personalization strategy isdesigned to increase
the number of channels visited per session, which
effectively happened, sincethat number increased from 1.32
to 1.56 channels per session.

Our next stepisto validate our framework implementing
the strategies presented and comparing the results with
those provided by e-Personal. There are several extensions
tothework presented here. For instance, we did not exploit
the possibility of generating personalized content per
groups of customers, athough the framework provides
support. Investigating strategiesthat consider the evolution
of the profiles of customers is also planned. Finaly, we
intend to eval uate other types of personalization techniques,
demonstrating the generality,of our model.
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begin

object_loader(objects);

function_loader(functions);

group_loader(groups);

customer_loader(customers);

rule_loader(person rules);

rule_loader(obs 2 rules);

rule_loader(obs n rules);

while!feof(log file)

old_session = request_loader(log le);

new_session first_request = old_session
first_request;

current_request = new_session  first_request;

whilecurrent_request <>NULL

list_rules=verier(current_request, person_rules);
if list_rules<>NULL

person_links = transformer
(current_request, list_rules, num_links);

if personlinks<>NULL

new_session next_request = estimator
(current_request, person_links,
old_session, navigation_inertia,
predictability, obs 2 _rules,
obs_n_rules);

else

new_session next_request = old
session  next_request;

end
else

new_session  next_request =
old session  next_request;

end

current_request = next_session
next_request;

Figure 4: e-Personal algorithm





