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Preface

In building effective interfaces or computer human intématdevices, a main lim-
itation of traditional presentation design is the inapitid meet individual user expec-
tation at run-time. On-line design of individualised pretsgions that surpass the limits
of the "one size fits all” approaches can be made possibledrymsdeling techniques.
Building models of users can be done through Machine Legribint this requires tech-
nigues that are specific to the task.One particular issugaisthe user models cannot
remain static, in the sense that during the use of the inteimderaction more knowl-
edge can be gathered which should in turn be used to imprevagér models. The
knowledge from which the construction of the models can bdema many-fold: web
logs, speech, images...

Machine learning is needed in order to construct the inttiatiel, to allow reactivity
and adaptivity, to build clusters of users, to allow theiifgtee to find out more about
the users, even if this does not pay off in the short term.

The workshop is organised by the PASCAL Special Interesu@iao User Mod-
eling for Computer Human Interaction. PASCAL (http://wvpascal-network.org/) is
a Network of Excellence launched in January 2004 in the stethe 6th European
Framework. 56 research teams participate in this networtselprimary objective is
to build novel tools for interfaces, in which it is expectdwt machine learning and
pattern analysis have a role to play.
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Motion-Based Adaptation of Information Services for
Mobile Users

Mathias Bauer? and Matthieu Der#

! DFKI, Stuhlsatzenhausweg 3, 66123 Saarbriicken, Germany
2 mineway GmbH, Im Stadtwald, Geb. 34, 66123 Saarbriickerm&mey

Abstract. Adaptive information systems typically exploit knowledgkout the
user’s interests, preferences, goals etc. to determinéshbald be presented to
the user and how this presentation should take place. Whaimdevith mobile
users, however, information about their motions—the @adsited, the duration
of stays, average velocity etc.—can be additionally exgtbto enrich the user
model and better adapt the system behavior to the user'sn&éais paper dis-
cusses what type of positioning data and background knaeléslrequired to
achieve such a motion-based adaptation of informationigimvand how it can
be implemented using a variety of mostly standard machéaening techniques.

1 Introduction

“Conventional” adaptive systems tend to characterize thssirs in terms of their prefer-
ences, interests, goals, etc. Location-aware systemsadiy use the user’s position
to provide information or support that is somehow assodiatith a geographical point.
When dealing withmobilepersons, an additional, rich source of information aboet th
user becomes available (at least in principle): the useotan itself that lead her to
her current positiod.A motion profilederived from observations about the user moving
in the physical space can reflect both the sequence of plésiehby the user before
reaching the current position—at various levels of abitae—and additional features
of the movement itself. The latter can be used to infer usarattteristics such as her
degree of commitment to a certain goal, her cognitive loadl smforth. Combining
both aspects of the motion profile, a mobile application ceternine both what infor-
mation (or service) is most appropriate to the user in themggituation and how it can
(or should) be presented to her.

This paper presents a machine-learning approach to the wtatign of a two-
part motion profile from low-level position data as provided. by the increasingly
widespread GPS receivers or any other positioning methsddan WLAN, infrared
beacons or similar [8]. The first part of such a motion profers to the various places
visited by the user. Here a new method is introduced thatvallp motion sequence to
be quickly classified according to a number of dynamicallguiied stereotypes. The
second part characterizes the user’s movement itself leyried to features such as
speed, length of stays etc.

8 Throughout this paper, users will be referred to in the fenfiatm.



The rest of this paper is organized as follows. Section 2disstusses related work
before Section 3 describes a learning approach that tnansfe.g. GPS data to abstract
characterizations of the user in terms of her movementsitfiréhe physical space—
the motion profile Section 4 then describes how this information can be usedein
adaptation of a mobile information service before Secti@nicludes with a summary
and an outlook on future work.

2 Related Work

[5] describes an approach based on hierarchical Markov mdldigt allows a person’s
daily movements to be learned from sample data, includiragngls of transportation
means. To this end, the low-level position data are relatgdp segmentslescribing
partial motion sequences which in turn are associated with levelgoalsrepresenting
a potential target location. The result is a probabilistmdel that allows to determine
the probability of the user’s future presence at some lonadind to detect deviations
from her standard behavior. This approach only works in ipresty known environ-
ments that are completely represented as a graph with nedessenting locations and
edges standing for the streets connecting them.

This multi-level approach overcomes limitations of [2] wlaeonventional second-
order Markov models are used. Using GPS logs, significamteglare determined by
taking into account the time spent at a certain location. fidy goal is then predicted
on the basis of the current and the previous location. Withatbstraction level missing,
the goal prediction cannot be refined as more informationimes available and devi-
ations from standard routines cannot be detected. Witrectsp the prediction mech-
anism, this approach can be compared to the one taken in [djendynamic Bayesian
networks are used to predict a user’s next locations (andregtwithin a multi-user
dungeon, given her current state and information aboutrherddiate past.

In the HIPS system [4] information about the user's movemémtough physical
space is exploited to adapt the presentation of variouspietart to the user’s pref-
erences. Similar to our approach described below, two &spéthe user's motions
are taken into account: the set of artworks visited befockthe user’svisitor style
The latter is one of a set of four different stereotypicaldegbrs of museum visitors
as described in [7]. These stereotypes capture typicadingsstrategies within a mu-
seum and can be distinguished on the basis of speed, geoofigtry paths followed
etc. While knowledge about artwork seen before is used trhéne which references
and comparisons to include in the presentation at the usexsstop, the visitor style
influences the style of the presentation (e.g. shorter, fioatesed presentations for less
patient visitors and detailed explanations for thoseinigiat a slower pace). These pro-
totypical visitor styles are specific to museum visitorgeneraland are not adapted to
varying locations—a significant difference to the approdescribed in this paper.

Other approaches to determine a mobile user’s attentisaeson input data de-
rived e.g. from her speech input (such as articulation disfluencies etc.) [6]. While
this provides additional relevant information about therusve will concentrate on
location- and motion-related aspects here.



3 Computing a Motion Profile

This section discusses how an abstract characterizatithe efser and an estimation of
what information might be relevant to her can be derived fadrservations about her
movements between various locations.

Let S = (p1,...,pn) be the sequence of positions passed by the user whete
(x4, i, 2i, ti). In the case of GPS data; andy; correspond to latitude and longitude
values, respectively; measures the current elevationis a time stamp.

A motion profile M Ps = (mod,(S), mod,(S)) based onS consists of two
componentsmod,(S) encodes properties of the various positions contained.in
As will become clear, the abstraction level ofod, is affected by the availability
of relevant background knowledgewod,,,(S), on the other hand, characterizes the
motion itself—without referring to the positions actualligited—in terms of abstract
features and mainly serves the purpose to form the basisifgatieng the information
presentation.

3.1 Identifying Relevant Information

The ultimate objective of modeling the user’s motion is toideerecommendations of
what information might become useful or relevant to her enftireseeable future. In the
context of location-based information systems considiréus paper, the relevance of
some piece of information is naturally connected to thegdag user is likely to visit.
In order to arrive at a reliable estimation of this relevartbere basically exist two
different approaches. We can either

— compare the user’s behavior to that of other users, thusidgra kind of collabo-
rative recommendation; or
— produce a prediction model from structural properties efubker’s motion itself.

Collaborative Recommendation Rules Assume we are given some background
knowledge in the form of annotations to the locations a usenfisitec® This knowl-
edge comes in the form of unique identifiers for the variouS @dordinates (e.g. “Kul-
turcafe”) or additionally contains classification infortize about the type of this place
(e.g. restaurant, department store).

In either case, the user’s motion hista$ycan be reduced to the set of (named)
locations or location types visited. Collecting such imf@ation across all users allows
the derivation of association rules using standard teclasignown from market basket
analysis (e.g. the well-knowa-priori algorithm or theCAPRIalgorithm in case the
temporal order of visits is additionally taken into accqunt

Depending on the background knowledge available, theses thén have the form

— “If the user has visited 'Kulturcafe’ and (then) 'Sport Sckg then she will also
visit'H&M'. " ( confidence= 40%,support=85) or

4 Due to lack of space, preprocessing steps required to capeimprecise or incorrect mea-
surements will not be discussed here.

5 In particular, places where she spent some time insteadaklgypassing them are considered
important.



— “If the user has visited a shoe shop and a department stene stie will also visit
a restaurant."donfidence= 27%,support= 145).

Confidenceandsupportare measures for the quality of such rules that represeint the
accuracy and the number of occurrences in the past, resgplgcti

Given these rules, information items connected with thegdaor types of places
occurring in the conclusions can be considered relevaatdlability of these estima-
tions being determined by the rule quality measuresd, (S) in this case corresponds
to the set of rules applicable.

Abstraction of the Position History Another way of predicting the relevance of some
piece of information is trying to extrapolate the user’steoobserved so far and select
the information associated with the locations to be pogsildited in the near future.
In Section 2 we already discussed HMM-based approachesddiqbing a user’s pres-
ence at a particular place. Here we present a simple algofahquickly assigning an
observed motion sequence to one of a number of prototypéttdnms which forms the
basis for relevance assessment of information.

The basic idea is to collect a number of motion sequenceséntain area and then
determine clusters of similar motions. Each cluster thgmeagents a particular type
of navigation behavior that differs significantly from théhers. To determine these
clusters, we need a distance measure between motion seguenc

Lets; = (", ... pty andS, = (2, ..., p{?) be motion sequences. Then the
distance betweefi; andS; can be defined as

dists(S1,S2) = we - min(dist.(S1, S2), diste(Se2,S1)) + w, - disorder(Sy, S2).

Heredist.(S1, S2) corresponds to thedit distancébetween both sequencéssorder
measures the number of positions tisatvisits in a “wrong” order as compared to
Ss, andw, andw, are weights controling the influence of both factors on theralv
distance measure. In particular, = 0 means the directions of motion sequences can
be ignored.

Remarks:

— The edit distance is a concept known e.g. from string corapas. It measures
the minimum number of insert, delete, and replacement tipasarequired to
transform its first argument into its second argument whah esuch operation
contributes a certain “penalty” to the overall distance soee. In our case, this
amounts to replacing one positipﬁ) from S; by the nearest corresponding posi-

tion p§2) from s, thus yielding a penalty with the value of the Euclideanatise
between both positions. The penalties for replacement atelidn correspond to
50% of the maximum Euclidean distance that is possible iratka under consid-
eration.dist, can be efficiently computed using dynamic programnfing.

— Thedisorder measure adds a penalty for each pair of positjﬁﬁ\)sandpg_lg1 that
are mapped onto positionéf) andpl(2), resp. wheretl@) < t,(f), i.e. where the
temporal order irb, differs from that inS;.

6 See e.g. www.csse.monash.edu.au/ lloyd/tildeAlgDS#byi/Edit.



Fig. 1. Typical motion patterns in a city (left) and the medoids a&thclusters (right).

With a distance measure defined this way, it is possible teragene clusters of
similar motion sequences using a standard algorithm suktasans. Each cluster can
be compactly represented by iteedoid the element with the smallest average distance
to all cluster members. Figure 1 depicts a number of motigueseces observed (left
part) and the medoids of 3 clusters found in these data (piaft}.

Given this compact representation of all the training seqas, a newly observed
sequence), can be efficiently classified by computing its distance toretoids avail-
able and associating it with the nearest one. The medoidifthisa way then serves as
the prototypical representation of the class of similariom#.S; belongs to. Note that
the cluster membership &, can change over time and thus has to be re-confirmed
regularly. This classification—including the set of visitelaces predicted—then con-
stitutesm,,(.S), the location-dependent part of the motion profile. Presiele of rel-
evant information can either take place by searching fasrin&tion associated with
the locations predicted by the cluster membership or by @oimipthis prediction with
the recommendation rules as discussed above, thus applyiagditional filter to the
candidate information items.

Remark: First experiments showed that this type of classificatiothefuser’'s motion
works best when only the last minutes of the user’s motion are taken into account.
With increasing size of this time window (in particular iretiorder of magnitude of
several hours), relevance predictions tend to be beconsdiaivle.

3.2 Abstract Motion Features

As mentioned above, the HIPS project [4] distinguished betwonly 4 prototypical
motion patterns specific to the museum visit domain. In ganbowever, it is desir-
able to be able to identify a greater variety of persons nwiira certain space. Outside
a more or less single-purpose area like a museum, peopleavanall sorts of goals,
temporal constraints, or completely idiosyncratic nati@gabehaviors, depending on
their knowledge of the location, preferences for quiet anlplaces, shopping or recre-
ational areas etc. In order to be able to appropriately addravide spectrum ranging

" The Python-based data mining environmemange for example, provides a free implemen-
tation available at http://magix.fri.uni-lj.si/orange.



Fig. 2. Computing abstract features in an unfiltered motion seqienc

from people strolling leisurely through a downtown pedastzone to people desper-
ately looking for a certain place under great time presstisenecessary for the system
to reliably identify these different types of behavior.

The criteria for this distinction can be directly derivedrfr a motion sequencg.
They characterize motion sequences in termes@ps(including average duration and
velocity, frequency per km etc3taysat certain positions (average duration, prevalent
type of places visited etc.), ardkviationsfrom the previous direction, measured at
various time scales (see Figure 2).

Additionally, we also consider the usewslocity (both average and maximum). If
available, the quotient of velocity observedSrand the user’s normal average speed is
taken into account.

The final class of features we consider deals with the use&$-grientation. We
measure the user’'s deviation from her previous directioa ahort-term, mid-term,
and long-term scale. Figure 2 depicts the computation ofcat4arm and mid-term
deviation. The mid-term deviation, for example, is definetde the angle between the
motion during the last 5 time units (usually seconds) andrtb@on of the 5 time units
before that. In general, we compute the angles

al(.J) = angle(pi—2jpi—j, Pi—jPi)

wherej € {1s,5s,20s} andp,py is the vector connecting, andpy.
Remarks:

— Depending on the quality of the maps available, the numb&tadiberate” changes
in direction—i.e. those not enforced by a building or a dtreean be determined.

— Whatever features are actually chosen to characterize immdtis important for
them to be incrementally computable.

— Additional information such as the local weather can helpawectly interpret the
values so determined. A heavy shower tends to speed up eeandkt relaxed
ambler.

— If alimited time window is being considered foftod, (S), then the same temporal
limits have to be observed here.

Once a sufficient number of such feature vectors resultiog fobserved motion
sequences is available, there exist two ways to create andaterize classes of mobile



users. In assupervisednode, an expert (or the user herself) labels each featutervec
with a certain class (e.g. ambling, walking). Using theséntng data, a decision tree
can be learned (using an algorithm such as C4.5) that clesizes each of these classes
using the set of features available. Inarsupervisechode, a clustering method such as
k-means (see above) is applied to the unlabeled data in aréemb clusters of similar
feature vectors which will then be labeled with some underdable class name.

Classifying the user w.r.t. the categories so identifiedameto computing the cur-
rent values for the features as described above and detagiire class membership of
the resulting feature vectatod,, (S) using the decision tree (in the supervised learning
case) or its cluster membership (in the unsupervised déeejvledge about the user’s
class membership can be used to adapt the presentationiofdh@ation determined
on the basis ofnod,(S) to her estimated cognitive load, attentiveness, estinitesl
pressure etc. (see also [6]). Additionally, informatioatthppears inappropriate in the
current situation can be filtered out. For example, even tbst melevant product offer
is little helpful when the user is obviously speeding up yoetnd catch her bus.

In first experiments, GPS data were collected by severabpsmnoving in down-
town Saarbriicken (Figure 1 depicts part of these sequenstdle the training data
available so far were insufficient to cover all kinds of masa@onceivable, at least some
of the features discussed above appear to be highly relevediscriminate between am-
bling persons, persons moving in a goal-directed way frora B,tand persons without
sufficient knowledge of the location.

4 An Application Scenario

The techniques introduced above are currently being ilgaged in the context ddaar-
land Unwired a project dealing with the installation of numerous WLANt$mmts
throughout the city center of Saarbriicken. The basic isléa provide the mobile user
with up-to-date information about the closer neighborhobthe hotspot she’s cur-
rently using. As these hotspots do not cover the entire ttigre are regions in which
the user is disconnected and no high-level information abeuinterests can be gath-
ered (while at the hotspot, her browsing behavior is a richh@®of information). While
walking in those parts not covered with WLAN, it is still pdse to collect informa-
tion about the usérin the form of motion sequences from which motion profiles as
discussed above can be derived. These profiles are thenaugeal/ide a personalized
collection of information items such as news regarding thex's current environment,
navigation aids, or marketing messages from stores in tigthberhood. Herenod,, is
used to identify what information might be relevant to therys/hilemod,,, adapts the
presentation to her perceived state and attentiveness.

5 Conclusions and Future Work

We presented an approach to the personalization of lochised information services
for mobile users based on the observation and classificafitmeir motions in space.

8 Provided she is carrying a GPS receiver and agrees to bettack



The motion profiles determined using a variety of machirsring techniques serve
the purpose to both identifyhatinformation might be relevant to the user in the current
situation and find outowthis information can be best presented to her.

As mentioned above, first experiments with real data inditlaat the motion pro-
files so computed actually allow prototypical patterns talbgected in the motion se-
quences (see e.g. Figure 1) and various types of mobile tesbesdistinguished.

While the WLAN-based information service mentioned abavan obvious can-
didate for the application of such techniques, the ovei@dll s the integration of the
motion-profile approach intePECTER[3], a context- and affect-aware mobile personal
assistant in particular for instrumented environmentsntis at observing and recording
as much as possible about its user—including actions, emstand movements—in
order to create a kind of episodic memory calfetsonal journal The latter serves the
purpose to support the user in information access and dadaisaking. The experience
from the WLAN project will help limit the number of featurdsdt have to be recorded
in order to arrive at a reliable classification.

To this end, more GPS training data have to be collected amkpsed in the way
discussed above. Additionally, a reasonable set of clafsesbile users as expressed
in mod,, as well as optimal values for the various system parametsd bave to be
determined.
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Chronological Sampling for Email Filtering

Ching-Lung Fd, Daniel Silvet*, and James Blustein

L Acadia University, Wolfville, Nova Scotia, Canada
2 Dalhousie University, Halifax, Nova Scotia, Canada

Abstract. User models for email filtering should be developed from appropriate
training and test sets. A-fold cross-validation is commonly presented in the lit-
erature as a method of mixing old and new messages to produce these data sets.
We show that this results in overly optimistic estimates of the email filter's accu-
racy in classifying future messages because the test set has a higher probability
of containing messages that are similar to those in the training set. We propose
the k-fold chronological cross-validation method that preserves the chronology
of the email messages in the test set.

1 Introduction

Our research into spam email filtering began with an investigation of existing filtering
systems that are based on learned users models. Often, we found the reported accu-
racy of these systems to be overly optimistic [1]. We found it difficult to create models
with the same high level of accuracy as published when using the same or independent
datasets. Other authors have made similar observations [2]. Although much of the dif-
ference between the earlier evaluations and ours can be attributed to differences in the
mix of legitimate and spam emails in the datasets, we speculated that another important
factor is the method of testing that is employed.

Our work with machine learning models for spam filtering has shown that time is
an important factor for valid testing; i.e. the order of incoming email messages must
be preserved so as to properly test a model. Unfortunately, many results reported in the
literature are based onkafold cross-validation methodology that does not preserve the
temporal nature of email messages. It is common practice with cross-validation to mix
the available data prior to sampling training and test sets so as to ensure a fair distri-
bution of legitimate and spam messages [3]. However that practice, by mixing older
messages with more recent ones, generates training sets that unfairly contain future
messages. The mixing ignores an important dynamic feature of spam e-mail, namely
that the generator (spammer) is an adversary who incorporates information about filter-
ing techniques into their next generation spam [4].

If the temporal aspect is not considered, the performance of the model on future
predictions may be significantly less than that estimated. A fair test set should contain
only messages received after those used to develop the model. Commonly used data
sets available on the web, such as the Ling-Spam corpus [5], do not even contain a
time stamp in the data. We present a comparison of a spam filtering system tested using
cross-validation and a temporal preserving approach.

* Corresponding authodénny.silver@acadiau.ca)



2 Background

The k-fold cross-validation method is a standard method for comparing different mod-
els [3]. Ink-fold cross-validation the dataset is divided idtsubsets of approximately
equal size. Model generation and testing is repeéateéidnes. Each time a different
subset is selected as a test set and the remaining subsets are selected for training. In
some machine learning algorithms.d. inductive decision trees and artificial neural
networks) it is necessary to select a part of the training set as a validation set to reduce
the likelihood of over fitting. Each subset can be in the test set exactly once and in the
training set k — 1) times. Before splitting the dataset, it is common to randomly sort all
examples in the dataset, to ensure that they are evenly distributed, before creating the
subsets. The intention of cross-validation is that it will better estimate the true accuracy
of the resulting models, based on the mean accuracy calculated oveetadiations.

In the addition, the standard deviation around the mean can be used to produce confi-
dence intervals and to determine the statistical significance between different models,
or machine learning algorithms.

Consider the effect of randomly mixing the legitimate and spam messages prior to
undertaking &-fold standard cross-validation (SCV). When the datasets are mixed,
possible future examples are injected into the training set thereby providing the model
with an unfair look at future features. Figure 1 illustrates the problem of mixing old
and new examples under SCV: A, B, andC are three main types of examples in
the dataset, leA be the oldest an@ the newest. In SCV, all three types of examples
are evenly distributed in the training set, validation set, and test set. This distribution
provides the best opportunity for a model to perform well on the test set. However,
in reality, typeA andB have the highest probability of being available in the data set
during the time of model developmer@.may not have appeared until aftérandB.

Thus, the mixing of examples in SCV provides an unrealistic set of future examples in
the training set. We claim that this is one of the major reasons why many of the reported
results on spam filtering are overly optimistic.

3 Chronological Cross-Validation

We proposet:-fold Chronological Cross-Validation (CCV) as a more realistic evaluation
method of data for any temporally-sensitive model (including e-mail) that selects the
training and test sets while the data is in chronological order. The test set will then
simulate the classification of future messages based on a model produced from prior
messages and, therefore, the test set accuracy will better estimate the true accuracy of
the email filter. CCV maintains the chronology of the email messages as the evaluation
process moves along the chronological order of the data set. A ten-fold CCV is depicted
in Fig. 2. We propose that this new cross-validation approach will reduce the probability
of over-estimating the effectiveness of the model. CCV method is as follows:

1. The data set is sorted chronologically;

2. The data set is divided int2k — 1 blocks;
3. k folds (or repetitions) are undertaken as follows:

10



Three types of messages: A, B, C.
Assume A is the oldest type, and C is the most recent type.

In Cross-Validation, the examples are randomly mixed.
All 3 types of messages could be evenly distributed as following:

ABCCBBABBCBABBC BA....... | | BACBCACCA | |ABCCBA
Training Set Validation Set Test Set

In reality, the data is likely to have the following distribution:

IABABBBBAAABABABBBBBBAAAABABABBBBAA | | ABCCCACBCC
Data used for model development New Examples
Time g

Fig. 1. A problem with the random mix of examples in standard Cross-Validation.

(a) In the first repetition, blocks 1 tb are selected for evaluation;

(b) The firstk — (v + 1) blocks are selected as the training set, the following
blocks are selected as validation set, and the last block is reserved for the test
set;

(c) Each later fold advances one data block in chronological order and the oldest
data block is abandoned (for example in Fig. 2, in the second repetition, block
1 is abandoned and blocks 2#at 1 are selected for evaluation);

4. The procedure is repeatédimes, until data blocRk — 1 has been tested.

4 Empirical Studies

Two studies were undertaken using one email dataset called AcadiaSpam, collected

from a single individual from January to May 2003, working at Acadia University. The

set consisted of 1454 spam messages and 1431 legitimate messages. The initial study
was conducted with a subset of these emails using one experimental design and the
second was conducted with all of the data using a slightly different design.

4.1 Experiment 1

The initial study was undertaken during the development of a prototype intelligent email

client. A small subset of the data was chosen so as to quickly determine if the proposal
had merit for larger scale testing. The objective was to determine the severity of SCV
over-estimates the true accuracy of hypotheses as compared to CCV.
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10-Fold Chronological Cross-Validation

_ ’ I I‘rhe Tata slet islchror|1ologlically| sorteld anld divilded ii'lto 1|9 blotl:ks I I I I ‘

oLD Chronological Order NEW

e | | L[]

s | [ [ [

Data in training set, 7 blocks are included . .
in the training set in each run. Evaluation process keeps moving forward

Data in validation set, 2 blocks are included along the ch@nologlcal line until the last
in the validation set in each run. data block is included for test set.

Data in test set, the last one block is the test set.

Fig. 2. A 10-fold Chronological Cross-Validation.

Method. The first 500 legitimate messages and 500 spam messages were selected from
the AcadiaSpam dataset and stored in chronological ordee=A was chosen for this

initial experiment; therefore, 6 models were repeatedly developed and tested against
their respective test sets under each method.

A block of 500 messages was chosen for each repetition starting at the earliest
email message. On each repetition, the block was moved 100 messages forward in the
chronology. From each block of messages, 300 were selected for a training set, 100 for
a tuning set, and 100 for a test set. Two data sampling methods were used to create the
sets. For the SCV method, the message data for the three sets were randomly chosen.
For the CCV method, the most recent messages were selected for the test set and the
remaining messages randomly distributed to the training and tuning sets. The tuning set
was used to prevent over-fitting of the neural network to the training set.

Prior to model development, 200 features were extracted from each message using
traditional information retrieval methods (removing stop words, performing word stem-
ming, and collecting word statistics). A standard back-propagation neural network with
a momentum term was used to develop the spam filter models [3]. The network had
200 inputs, 20 hidden nodes and 1 output node. A learning ratd @ind a momentum
factor of 0.8 were used to train the networks to a maximuni@f000 iterations.

Since the output of the network ranges from 0 to 1, messages with output greater
than 0.5 were classified as legitimate, and all others were classified as spam. The models
were evaluated based on their accuracy of classification, precision and recall of spam
email messages. The calculations of accuracy, recall and precision follow [2].

12
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Fig. 3. Comparison of SCV and CCV on the 1000 AcadiaSpam datasetwwil6.

Results and Discussion.Figure 3 shows that the SCV method estimates the true ac-
curacy of the models to b&93. That figure is, on average,5% higher than the CCV
method’s estimatep(= 0.238, based on a pairetitest). Similarly, the SCV method
consistently produces the higher precision and recall models. The difference in the pre-
cision values is most significant 8% (p = 0.0249). Our conjecture is that the SCV
method unrealistically allows the modelling system to identify features of future spam
emails. The SCV method over-estimates its performance on the test messages because
the training set has a higher probability of containing messages that are similar to those
in the test set. The CCV method generates a less accurate but more realistic model
because the testing procedure simulates the classification of future incoming messages.

A potential flaw in this preliminary study is that it does not use a standard cross-
validation method, as not all data was used in every repetition of SCV. This was done to
keep the number of examples used by the two systems the same during each repetition.
Although we suspect that a more standard SCV would further increase the performance
gap between SCV and CCV we undertook a second study to investigate this potential
concern about the validity of our results.

4.2 Experiment 2

The second study used all of the available data in a more traditional SCV approach in
which all data is used in every repetition. As in the initial study, the objective was to
show that SCV over-estimates the true accuracy of hypotheses as compared to CCV.

Method All messages in the AcadiaSpam dataset were used in this experiment (1454
spam messages and 1431 legitimate messages). For SCV, the messages were randomly
ordered and divided intb = 10 blocks each consisting of 143 legitimate and 145 spam
messages. Each repetition used 7 blocks as the training set, two blocks for a validation
set, 1 block as a test set.

13
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Fig. 4. Comparison of SCV and CCV on the 2880 AcadiaSpam datasetwithl 0.

For CCV, the AcadiaSpam dataset was chronologically sorted. Legitimate messages
and spam messages were divided into2l9« 1, wherek = 10) blocks. Each block has
151 messages consisting of approximately 75 legitimate messages and 76 spam mes-
sages. Each repetition of the experiment used a window-6f10 blocks of messages
starting with the oldest block. From these 10 blocks, the 7 oldest blocks are used as
the training set, the next 2 blocks for the validation set, and the most recent block for
the test set. For each new repetition of the experiment, the oldest block was removed
from the window of 10 blocks and the next chronological block was added. Note that
every message was used by both methods, however fewer examples were used in each
repetition by CCV than by SCV. All other aspects of the method were the same as in
the first experiment.

Results and Discussion.The results of this larger experiment, shown in Fig. 4, sup-
port the findings of the initial experiment. The SCV method produces hypotheses with
superior performance in all 3 measurements (accuracy, recall, precision) as compared
with CCV. The difference in mean accuracy between the two methods was found to be
3.1% (p = 0.00057, based on a pairedtest) up from 2.5% in the initial study. As in

the initial study, the SCV method produces the highest precision and recall statistics.
In this case, no significant difference was detected in the precision statjstic8.¢8)

but the recall statistics differed substantialy=€ 0.000067).

Although the difference in the statistics for these methods could be attributed solely
to the smaller training sets used to develop the CCV models in this study, the results of
the initial study do not support that conclusion. When both methods used the same size
training sets, the SCV method was still found to over-estimate the model’s performance.
We conclude that the difference in the statistics is caused by unrealistic mix of old and
new examples in the training sets used to develop the SCV models.

14



5 Related Work

We have recently discovered work by Crawfatlal [6] that agrees that thg-fold

SCV method is unrealistic given the temporal nature of email. They describe a model
development approach that accumulates the older messages in the training set and se-
lects only the most recent data for the test set. This testing approach is in accord with
how a real email filter must perform; therefore, it should provide a fair evaluation of
the model’s effectiveness. Beyond this the research emphasis and approach differs from
our work. Crawfordet al focus on model development over time whereas we are in-
terested in a cross-validation method for estimating the true error of a model at any
one point in time. Our CCV method purposely abandons older blocks of examples as
it moves through its repetitions so as to better estimate model performance on a variety
of examples.

6 Summary and Conclusion

We have considered the importance of maintaining the temporal nature of incoming
email messages when developing a user model for email filtering. Althoughftiid

SCV is commonly presented in the literature as a method of randomly mixing examples
to produce training and test datasets, we have demonstrated that the method results
in overly optimistic estimates of an email spam filter's accuracy in classifying future
messages. Our conjecture is that the SCV method is inappropriate because it allows the
modelling system to unfairly identify features of the test set spam emails. The SCV
method over-estimates model performance on future messages because the training set
has a higher probability of containing messages that are similar to those in the test set.

We propose thé-fold Chronological Cross-Validation (CCV) method as a step to-
wards more realistic estimates of model performance. CCV generates less accurate but
more realistic models because the testing procedure more properly simulates the classi-
fication of future messages. The CCV method can be used to more properly evaluate any
complex user model that will change over time. Thus, it can better estimating a models
ability to deal withconcept drift the change in a user model over time due to subtle
changes in the user, their environment, or both [7]. More broadly, the CCV method can
be applied to any learning task where the order of examples must be preserved.

The CCV method highlights the fact that more examples are needed to properly
evaluate a user model when the preservation of example order is a requirement. The
size of the time window, which depends énmust be large enough to develop good
models but small enough to allow sufficient blocks for cross-validation. Window size
must also be sensitive to the mix of training examples and is likely to be different
for each individual. These are a couple of the open problems that we would like to
investigate in future research.

References
1. Clark, J., Koprinska, 1., Poon, J.: A Neural Network Based Approach to Automated E-Malil

Classification. In: Proceedings IEEE/WIC International Conference on Web Intelligence
(WI12003), Halifax, Canada (2003) 562 — 569

15



. Androutsopoulos, I., Paliouras, G., Karkaletsis, V., Sakkis, G., Spyropoulos, C., Stamatopou-
los, P.: Learning to Filter Spam E-Mail: A Comparison of aWaBayesian and a Memory-
Based Approach. In: Proc. of the Workshop on Machine Learning and Textual Information
Access, 4th European Conf. on Principles and Practice of Knowledge Discovery in Databases
(PKDD-2000), Lyon, France (2000) 1-13

. Mitchell, T.. Machine Learning. McGraw Hill, New York, USA (1997)

. Stern, H., Mason, J., Shepherd, M.: A linguistics-based attack on personalised statistical e-
mail classifiers. Technical Report CS-2004-06, Dalhousie Univ. (2004)

. Androutsopoulos, I.: Ling-spam corpus (2000}tp://www.aueb.gr/users/ion/
data/lingspam_public.tar.gz ).

. Crawford, E., Kay, J., McCreath, E.: Automatic induction of rules for e-mail classification.
In: The Sixth Australian Document Computing Symposium, Coffs Harbour, Australia (2001)

. Widmer, G.: Combining Robustness and Flexibility in Learning Drifting Concepts. In: Pro-
ceedings of the 11th European Conference on Artifcial Intelligence (ECAI-94), Wiley, Chich-
ester, UK (1994) 468-472

16



First Order Logicfor Learning User Modelsin the
Semantic Web: Why Do We Need 1t?*

Francgois Bry and Francois Jacqueget

L University of Munich, IFI,
Oettingenstrasse 67, D-80538 Miinchen,
Germany
francois.bry@fi.l nu.de
2 University of Saint-Etienne, EURISE,
23 rue Paul Michelon, F-42023 Saint-Etienne,
France
Francoi s. Jacquenet @ini v-st -etienne. fr

Abstract. In this paper we claim that learning in a first order logic feamork
is crucial for the future of user modeling applications ie tontext of the Se-
mantic Web (SW in the remaining of the paper). We first presemte works
that have currently been done for designing first order lbgied languages, for
reasoning in the SW. In the context of user modeling in the BWpuld then
be relevant to use such languages to model user’s behavidgraferences. We
show that discovering knowledge in the context of such laggs could be done
using multi-relational data mining that has already prediéfficient prototypes.
Nevertheless, some work remains to be done in order to useiththat context
and we give some directions for that purpose.

1 Introduction

The main goal of the Web at its early years was to be able tdajismme information
in Web pages, across a network, using the very basic HTMLuagg and the HTTP
protocol. Then, people tried to make it more extensiblegtésy the XML language
and opening the door to interoperability of heterogenegatems across the Web. To
do so, they introduced the concept of Web services and deigaw protocols and
languages such as UDD(Universal Description, Discovery and Integration), SOAP
(Simple Object Access Protocol) [33] or WSDL (Web Services&iption Language)
[17] for example. Nevertheless, the Web still remained agtit, and the need for a
more semantical view of it became urgent. Hence, T. Berheesproposed a new vision
of the Web he called th8emantic Wel®, 10]. He defined the SW as "an extension of
the current web in which information is given well-definedaning, better enabling
computers and people to work in cooperation” and proposedamous SW Layers
shown at Figure 1. The first layer is the one of pure XML, wheeeoan specify the

* This work was supported in part by the IST Programme of thefean Community, under the
PascaL Network of Excellence, IST-2002-506778. This publicatamty reflects the author’s
views.
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XML + NS + xmlschema

Fig. 1. The Semantic Web Layers

syntactic structure of files using XML Schema [23]. The naxgr is dedicated to RDF
(Resource Description Framework) [5] and RDF Schema [14)jrdvides a way to
specify labeled-graph data models on top of XML. The nexéfayg concerned with
the language used for specifying ontologies vocabulane@¢ propositions have been
made for that purpose such as DAML+OIL [25] and OWL[32]. Op @ this layer is
a logic layer. Berners-Lee vision of the SW was that "we neagtsnof writing logic
into documents to allow such things as, for example, rulesdégduction of one type
of document from a document of another type; the checking @d@ument against
a set of rules of self-consistency; and the resolution of ergby conversion from
terms unknown into terms known” [9]. This layer enable the 8Wdeal with rigorous
semantics and to use some proof engines. That leads to tlmatdtiayer that concerns
trust which is probably the core of a reliable, efficient SWifwe future.

At the moment, specifications have been proposed to the WB@dofirst three
layers and some standards or recommendations have bededdOper that, no stan-
dard or recommendation has currently been adopted and werdiois remains a large
process to being made before being able to specify somesstisd

The European Network of Excellence REWERSREasoning on the WEb with
Rules and SEmantics) is one of the Networks of Excellencéiwgiin the context of
the SW. As said in its objectives it aims at developing a ceheand complete, yet
minimal, collection of inter-operable reasoning languafy advanced Web systems
and applications. A huge bibliographic study has been dgneabious teams of the
Network and can be found on the REWERSE Web site. It is not thipgse of this
paper to give an exhaustive survey of the domains of use eémgsthat have been
designed today for reasoning on the Web. Rather we just wapoint out the fields
that are actually investigating the use of first order logicthe SW.

4 http://rewerse.net/

18



Next section rapidly presents how rule-based languagesiarently being de-
signed for the SW. Then we present some subdomains of the &&/ewser models
could be built using first order logic. Then section 4 talkeuattexisting techniques that
make it possible to learn in the context of first order logiafy, before concluding,
section 5 points out some topics that need to be addressadén i be able to use
machine learning techniques for user modeling in the SW.

2 How could we model thingsin the Semantic Web ?

Rules have been identified as a design issue by T. Bernergil[8¢ There is now a
large consensus on using rules to implement the logic laytedSW. Thus, the design
of rule-based languages for the SW has been the subject of mes@arches for several
years. The most advanced proposition nowadays is certdialiRuleML one [13, 39].
RuleML results from the Rule Markup Initiative that explemeile systems suitable for
the Web, their syntax, semantics, efficiency, and compitatRuleML comes from sev-
eral other rule languages and the reader may refer to thevRulgeb site® for more
details. We have no place here to present this language boawsay that RuleML
allows the definition of many sublanguages ranging from genyeral equational logic
to more specific datalog like sublanguages. Of course theuaspecifications of rule
languages tried to integrate the logic layer and the ontolager. That's for exam-
ple the purpose of SWRL [26] which aims at combining a re&yivsimple subset of
RuleML with OWL to express Horn-like rules that are tighthtégrated with OWL on-
tologies. These tools are emerging from the Web communidythey are going to be
used intensively in the near future.

3 What could be modeled in the Semantic Web?

Now that we know that rule-based languages exist, what cealdo with them? More
precisely, what could we model, in the SW, that is relatedstersr?

One of the things we could do in the SW is to specify policied][4n fact, being
able to do that is crucial in many fields, not only in the SW. #ynlbe notably related to
the notion of privacy. In the context of databases, Agraveal thefined the concept of
hypocratic databases [2]. In the context of SW we could déffieeoncept of hypocratic
Web.

Thus, being able to model policies, we could try to discow@icjes from user’s
data. In a closely related domain for example [34], we tr@discover protocols used
by a community of agents observing the way they were convgrdievertheless, we
used Grammatical Inference techniques and that did navalkto take into account
the context of agents and the content of messages exchaetyezbm them. In the field
of SW, that could be considered as a universe of agents, itddmicrucial to be able
to take into account the background knowledge of each ageithe relations between
them.

5 http://www.ruleml.org
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In a closely related domain, preference management is antatpic that can obvi-
ously be addressed in the context of user modeling in the $wWral workshops have
been dedicated to preferences nowadays, for example at '28@0 [28], at a Dagsthul
Seminar in 2008 and a workshop at IJCAI will be dedicated to this topic treay It is
not the place here to detail the large amount of papers pdalis this domain, but we
can say that many of them present some systems based ondestagic such as [41,
38]. In the field of SW, we can cite for example [19, 20] whicljpose to use Adaptive
Hypermedia techniques to the SW.

Many prototypes have been proposed in the domain of Web usagiag in
order to discover preferences of users while navigatinghenctassical Web. In the
context of Web content mining, many recommendation systeave been designed
for many years [1]. In the context of SW, new methods will héwébe designed in
order to take into account the richness of information ptediby rule-based languages.

User modeling could also be used in order to adapt Web Serwiceach client.
Indeed, a Web Service registry could observe the requeatsatie done to it and
try to adapt the services it proposes to its clients. At thenmat, when one want
to disseminate a Web Service, one can register it for exanngiteg some registries
such as UDDI. The problem is then for users. How can they kinawguch a service
exists and is just the one they need. We face here the sansicalgsroblem that was
pointed out in the domain of software engineering for reiliggbrrying to solve that
for example, [29] proposed a logical framework to deal wiie tiscovery of Web
services. In fact, some data mining techniques have alrbady used in order to
discover frequently reused software components by progrens We could imagine
here that a similar process could be used for Web services.

Trust on the Web has been identified as one of the major difgsudf the SW. Var-
ious strategies can be used in order to manage trust on thg3¥gHln fact we may
distinguish policy-based trust management and reputdiamed trust management. In
the first case we can try to use machine learning techniqu&e aaid previously in or-
der to learn some policies in some open environments. Ingbergl situation, machine
learning for user modeling could have a great impact by beinlg to learn models
of good/bad reputation Semantic Web services. The readgrrefar to [36] for an
exhaustive presentation of trust management systems.

4 Some Techniques are already alive but...

If we want to have the advantage of a first order logic represiem and reasoning we
should try learning models expressed with the first ordex-hased languages that are
currently designed for the SW.

Inductive Logic Programming [35] has emerged at the begimof the 90’s. Com-
bining Machine Learning and Logic Programming, it has fied to the design of
general purpose systems. Then, since the beginning of 20p8bple have worked

& http://www.dagstuhl.de/04271/Materials/
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on Multi-Relational Data Mining [22] (MRDM in the remainingf the paper). Thus,
many systems have been developed to shift classical datagrlgorithms to first or-
der logic. For example TILDE [11] extends the C4.5 algorifWARMR [18] extends
the apriori algorithm for mining association rules, [4] posed to extend Markov mod-
els to Relational Markov models, etc. A short review of sugstams may be found in
[24].

MRDM can better deal with Web Mining than actual systems #ratnot based
on first order logic. Indeed, [21] explains for example tha&IM is particularly well
suited to Web mining because of its ability to deal with itagr structure. We show
for instance in [27] that learning user preferences on thke Wieh an ILP system leads
to the discovery of knowledge that put some links forwardueetn interesting pages,
people, etc, thanks to first order logic.

Learning preferences with pure ILP techniques may nevieghde sometimes im-
possible. Indeed, there are cases where we have to learnlgrtbee express some
constraints between objects. For example, in [7] we wardadddel the way people
designed newspapers, to do so we had to design an inductiggraimt logic program-
ming system. Indeed we wanted to learn the way people laicbowd page, rectangles
of text, image or advertisement; that is we had to learn caimés between objects dis-
played on that page. Nevertheless constraint ILP systenes inat been widely used
until now due to the strong biases the users have to desigohugha tricky task.

There are many situations were some data are in a sequemntralifany sequence
mining algorithms have been proposed to discover knowléage that kind of data.
Nevertheless, to be able to deal with relationships betvadgects that occur in the
sequences, we have to shift to first order logic. Some prpestyrave been designed in
order to discover first order sequential patterns such g8{8however, in order to use
such techniques for user modeling we think some work rentaibg done in order to
better integrate background knowledge and constraimilegur

5 Topicsto be addressed

In [21] some directions were given for the future of MRDM inngeal. Moreover, we
would like to complete some of them and give some new onesearcdimtext of user
modeling in the Semantic Web.

Background Knowledge was one of the main advantages of frs¢mgl ILP sys-
tems that allowed the design of powerful applications (faraple in drug discovery).
Concerning more specialized MRDM tools, background kndgteis not always taken
into account and we think this is an important drawback to ddressed. Indeed, we
think that realistic models of users need to integrate kedgé about the context of
these one. Nevertheless, such knowledge may not alwayspsessed in a pure first
order form. For example, as we said previously, we may neptemes to work on
numerical constraints. We think this topic is essentialé@ble to deal with user pref-
erences in the SW in the future.

Mining the SW to discover user models should not be done aitsical techniques
while scanning the data if we want to take into account thengéss of information
available. In that sense, integrating tools such as Xc&ftdould be useful in order
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to query the SW using some techniques similar to XPATH bugredkéd to first order
logic.

The (Semantic) Web is a huge evolving area and MRDM techsigiieuld take this
into account. On the SW side, some techniques are being gedpo order to deal with
changes that can appear on the Web, we may for example cidééCGhange language
[6, 16] that can be use to program reactive behaviors on the Medels learnt should
be able to evolve dynamically while the SW is changing, thuchdechniques may me
very useful to provide this.

Privacy Preserving data mining [3] is an important field cfe@ch nowadays. In
the context of SW, and moreover for user modeling, it seeraab that new MRDM
systems will have to deal with this feature.

Of course scalability and efficiency of the techniques haveetpreserved and [12]
has shown that it is a great challenge.

6 Conclusion

In this paper we have shown that various researches arentyrbeing done in order
to design the SW in a framework based on first order logic. Bpeg preferences,
policies, Web services, ontologies, etc, will be done inrtbar future using rule-based
languages. If we want to use machine learning in the conferxder modeling in the SW,
it seems obvious that the new methods, algorithms or sydteahw/e will designed will
have to deal with such languages. ILP and then MRDM have gealvsome first steps
in that directions, nevertheless many work remains to be défficiently dealing with
background knowledge, evolving data, privacy, seems tobeof the most important
topics that have to be addressed in the near future to be @lbdartn user models in
the Semantic Web. We think that a cross fertilization cowdddbne between the two
European Networks of Excellence®RERSEand RRSCAL in order to design new tools
for user modeling in the Semantic Web.
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User models from implicit feedback for proactive
information retrieval
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Abstract. Our research consortium develops user modeling methods derc-
tive applications. In this project we use machine learnirgghads for predicting
users’ preferences from implicit relevance feedback. Quotgtype application
is information retrieval, where the feedback signal is mead from eye move-
ments or user’s behavior. Relevance of a read text is erttdodm the feedback
signal with models learned from a collected data set. Sirisénard to define rel-
evance in general, we have constructed an experimentaigsethere relevance
is known a priori.

1 Introduction

Successful proactivity, i.e. anticipation, in varying texts requires generalization from
past experience. Generalization, on its part, requiréstdeipowerful (stochastic) mod-
els and collection of data about relevant past history tmnléda models.

Information retrieval is an example of a task which would d&fi#rfrom proactivity:
the user has a goal—to find relevant pieces of informationdefwis not directly ob-
servable to the system and needs to be inferred from thenactioformation retrieval
applications appear in various contexts from traditioeakshing of text or multimedia
documents to computerized manuals and help systems. Anabg a user entering
a room, for instance a shop, in which multiple actions aresides, could be assisted
in choosing from a set of “relevant” actions. Some experitaeinformation retrieval
systems take the user’s goals into account, but they relyilgea explicit input. To the
extent that implicit information is used, it has been restd to heuristic estimation of
relevance from navigation data.

The overall interest profiles of user populations have beedated in collabora-
tive filtering systems recommending potentially intemggiitems for groups of similar
users. Information about the current interest of a user,henother hand, has been
mostly acquired as explicit relevance feedback, by disptathe user a set of retrieved
items and asking which are relevant. The problem with bofir@gches is that interac-
tive collection of relevance information is laborious, ahdecomes outdated quickly.
Moreover, only a small amount of information per item can biected. Hence, meth-
ods that would infer multi-faceted relevance from the ratactions of users would be
extremely valuable.
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Inferring the goals of users requires measuring signals(theontain a sufficient
amount of information about the intentions of the user, l{@ve a sufficiently high
“relevant-signal-to-noise ratio” that at least some atpe€the intentions can be ex-
tracted and modeled, and (iii)) can be measured feasiblyialpoactice. We useye
movement signals that exhibit both voluntary and involuntary sighghe interests and
intentions.

2 Status

We have developed the first versions of machine learning odstffor inferring rel-
evance from eye movements [1] and studied coupling of tertest to the task of
estimating relevance [2]. We are currently working on amiinfation retrieval appli-
cation, on incorporating other forms of implicit relevarfeedback, and on studying
implications of the work in perceptual psychology.

3 Eyemovement challenge

We have started a competition, with deadline in Septemb@6.206n predicting rele-
vance of sentences from eye movement data. The data hasdileeted in a controlled
experimental setting in which the relevance is known, whiedkes machine learning
methods directly applicable.

The challengeisdittp: //ww. ci s. hut. fi/eyechal | enge2005/ ;par-
ticipation is open to all.
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Abstract. We are interested in a low level part of user modeling, whicthe
change detection in the context of the user. We present sochétidetect on line
changes in the context of a user equipped with non invasinsags. Our point
is to provide, in real time, series of unlabeled contexts$ tha be classified and
analyzed on a higher level.

Introduction

For a system that aims at taking into account the user, we toeeohsider that there
are many different behaviors as well as many different uséesce we need adapta-
tive, unsupervised (or semi-supervised) learning methodsidea is to take advantage
of wearable computers and wearable sensors (indeed theeis usalistic at least for
certain categories of people, such as pilots) to retriegecthirent context of the user.
Wearable sensors can be physiological (EMG, ECG, bloodwelpressure...) or phys-
ical (accelerometers, microphone...). Contexts are déipgron the application using
the system and can be behaviors, affective states, contisadf these. Since this
problem of context retrieval is very complex, we choose tiectechanges at first place
instead of labeling directly. Indeed this way we can applsupervised and fast meth-
ods which saves time for labeling (the labeling task is thgpliad only when changes
are detected). Our interest lies in low level treatmentsveagresent a non parametric
change detection algorithm. This algorithm is meant to g®gequences of unlabeled
contexts to be analyzed to higher level applications. Dieteds made from signals
given by non invasive sensors the user is wearing. Notelleatiethods presented here
could as well be adapted to external sensors.

1 Change detection as Novelty detection

As a starting hypothesis we are assuming that the wearetitpand affective state

can be represented by a sequence of states. For a givertistatdserved time series
are the realization of a stationary (or weakly non statighprocess. We assume also
that the sequence of states changes slowly in comparisbrthgtmeasured data. Two

* This work was supported in part by the IST Programme of thefean Community, under the
PASCAL Network of Excellence, IST-2002-506778. This poation only reflects the authors’
views.
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times series at different time scales have to be consid#red:ontext time series (un-
observed) and the measurements. The cortieig a discrete random variable while
the data is a real multidimensional one. The problem ofeeitng C' given the mea-
surements is a problem of signal segmentation. Becauseiookmowledge is made
about the nature of the underlying probability distribnBpwe are looking for a non
parametric signal segmentation technigue,a method performing an automatic de-
composition of a given multidimensional time series intatishary (or weakly non
stationary) segments. A way to perform such a segmentaitinise change detection
framework from signal processing [1] together with a kelealning technique [2] to
deal with the non parametric requirement. To perform thggreentation on-line, our
detection system has to rely on local characteristics fe}iof the available signals.
The method described below implements this hypothesiaugsy one class support
vector machine to model the unknown density. We will use éntupture to refer to
a change of state. This covers a sudden high misclassificedie when we consider
the classification methods as well as a change of distribditam one point to the next
one when we consider the segmentation task.

Presentation of the stationary framework for novelty dibecis followed by a
quick description of one class SVM. Then we give the detecsilgorithm and some
results on real data.

1.1 Stationary framework: Novelty detection as an approximation of an optimal
test

Let X;,7 = 1,2t be a sequence of random variables distributed accordingre s
distributionP;. We are interested in finding whether or not a change has ztat
timet. To begin with a simple framework we will assume the sequémbe stationary
from 1 to¢ and from¢ + 1 to 2¢, i.e. there exists some distributioiiy andIP; such that

P, = Py,i € [1,t]andP; = P1,i € [t + 1,2t]. The question we are addressing can
be seen as determininglif, = IP; (no change has occurred) or elBg # IP; (some
change have occurred). This can be restated as the follestatigtical test:

Ho: Pg=1P,;
Hl . IP() 7é IPl

In this case the likelihood ratio is the following:

t 2t 2
Af(xyy ey Top) = [Tiz1 Po(i) [Ti=erq Pa(i) _ 1—1 Py (z;)
Hfi1 Po(;) =11 Po(z:)

since both densities are unknown the generalized liketivatio (GLR) has to be used:

)

2t P (22)

A(l‘l,...,l'Qt) = P (w )
0\Le

—

i=t+41

where]l30 andP; are the maximum likelihood estimates of the densities.
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Because we want our detection method to be universal, we ivémtwork for any
possible density. Thus some approximations have to be aoclarify our framework.
First we will assume both densitidé®, andIP; belong to the generalized exponential
family thus there exists a reproducing kernel Hilbert spiicembedded with the dot
product(., .); and with a reproducing kern&lsuch that [10]:

Po(2) = exp(bo(.), (2, ) — g(6o) and Pi(z) = exp(01(.), k(z,.))n — g(61)

whereg(0) is the so called log-partition function. Second hypothetsie functional
parameteid, and 6, of these densities will be estimated on the data of respeygtiv
first and second half of the sample by using the one class Sgbtighim. By doing so
we are following our initial assumption that before time/e know the distribution is
constant and equal to sorii®. The one class SVM algorithm provides us with a good
estimator of this density. The situation I (x) is more simple. It is clearly a robust
approximation of the maximum likelihood estimator. Usintealass SVM algorithm
and the exponential family model (see annexe 1) both estigsat be written as:

= exp (Za (z,x; —g(90)> Pi(z) = exp ( Z a k(x,x; —g(91)>

i=t41

Wherea )is determlned by solving the one class SVM problem on thetaHtof the

data (r; to x;). while ai Vis given by solving the one class SVM problem on the second
half of the data:«{;+1 to z2;). Using these three hypothesis, the generalized liketihoo
ratio test is approximated as follows:

T e o k(g m) — g(01)
0
it e Ty o) k(g mi) - <eo>

& Z <Zai0 k(xzj,x;) — Z aMk(x;, 2 ) <

j=t+1 \i=1 i=t+1

Ax1y ey o) > 5 &

wheres’ is a threshold to be fixed to have a given risk of the first kirslich that:

2t t
Py Z (Zago)k(zj, Z cu k(zj,z; ) <s|=a

j=t+1 \i=1 i=t+1

It turns out that the variation oF.>" 141 aMk(z;, z;) are very small in comparison to

the one oiziz1 a,fo)k(mj, x;). ThuslP; () can be assumed to be constant, simplifying
computations. In this case the test can be performed onlsidering:

Z (Zago)k‘(xj,wi)> <s

j=t+1 \i=1

This is exactly the novelty detection algorithm as propaedd1]. Thus we show how
to derive it as a statistical test approximating a genegdliikelihood ratio test, optimal
under some condition in the Neyman Pearson framework.
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1.2 Oneclasssupport vector machines: 1-class SVM

The 1-class SVM [2] is a method that aims at learning a sindgssc by deter-
mining it's contours. To explain 1-class SVM, we can beginding a kernel. A

kernel k(z,y) is a positive and symmetric function of two variables (forrmale-

tails see [12]) lying in a Reproducing Kernel Hilbert Spacéhvwthe scalar product:
(f,9)m =20, 2321 figik(xi, x5).

In this framework, the 1-class SVM problem with the samfite),i = 1,m is the

solution of the following optimisation problem under caasgtts forf € H :

D T -
iy 51/l +C Y6~ o
3Py i=1 (1)
s.t. fx)>p—¢& 1=1,m
and & >0, i1=1,m

where(' is a scalar that adjusts the smoothness of the decisionidunetis a scalar
called bias and; are slack variables.
The dual formulation is:
max —%aTKa
QaeR™
s.t. ale=1 ()
and 0<; <C i=1m

whereK is the kernel matrixs;; = k(x;i, x;) ande = [1,...,1]". The 1-class SVM
solution is then given by solving a quadratic optimizationlgem of dimensionn
under box constraints. The decision functioni$z) = sign(f(xz) — p). The input
points are considered as part of the current class as longeadetcision function is
positive.

1.3 Rupturedetection algorithm

Signals

18t class

: 2nd class
At Ao U a e A is fi i -
e g AR \{,\gy\%ﬂ% (i) This figure shows the relation be
Al A o tween rupture detection and 1class
‘ w w = SVM. On the first part we show
‘ the signals, drawn from two dif-

L
0 20 40 60 80 100 120 140
Rupture detection indice and detected ruptures

Hl s R ] ferent but close gaussian distribu-
5o ] tions. The second graph shows the
% oppayniiiyh LN EA R ruptures found by our algorithm on

— aupoortineo those data and the last part is the

— support line 1

5 cmeveces o loutput of a 1class SVM trained on
ure, after rupture

Fig. 1. Rupture Detection and OneClass SVM
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Based on the idea of novelty detection using 1-class SVM,method aims at
learning the current state and test how well it can recoghiseext points. The delay
expected in the detection is the length of the signal usedsitihe current model. In
other words, it depends on the numbeffuifire points we are considering to compute
the rupture detection indices (i.e. the misclassificatae): To relate this method to
the statistical test, let’s recall that the classificatiateris given the proportion of posi-
tive values obtained when computihg’_, ago)k(xj, x;) which is the quantity we are
interested ini(e. we want the probability thaEﬁ=1 ago)k(acj,xi) < s to be small to
decide there is no rupture, which is equivalent to decidep#ure when the proportion
of misclassification exceed a given threshold).

2 Experimentsand Results

Video games. In games, states are defined by objective facts (win, losgicpkar
events...). The chosen game is XBlast, a game that can bedoteser the network. The
main goal is to kill adversaries with bombs. One player isigged with the sensors
and filmed.

25
EMG
—— Blood Volume Pressure
w— Skin Conductivity
— Respirtion

20

15

Begining of the game The game is lost
a life is lost

sersors out

Inspiration

0 ‘ 1‘ 1:5 ; 2‘5 .:i .’;5

= T payng - i
Fig. 2. Example of collected signals. Here are represented theal@ed output of the 4 used
sensors (EMG, Blood Volume Pressure, Skin Conductivity Radpiration.)

Part of the datasets are labeled according to the videodplagses a life, player
kills another player, the game begins, the player wins, demgs events). In this case the
labels are not indicating the state of the user but mark wheupture should be found.
However those labels are not completely reliable. Firsy e not precise (1 second
error is quickly done when manually detecting events ansl¢hiresponds to several
hundreds of input points) and second they are not exhaustigedid this labeling to
have some indicators for the evaluation of our method. Hewere did expect to obtain
some differences between manual and automatic labels.

Results Biological data are sampled at 256Hz. We work on a slidingdein of 64
points (25ms) and take into account the following featum@gimum, maximum, mean,
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variance, Fourier transform on 32 frequencies. We thus worlpoints in dimension
36. Taking into account the relatively high frequency coregao our application, we
consider every eighth point. We apply the 1-class SVM todHeature points (with a
gaussian kernel of bandwidth 0.00008 - value given by crakgation). This algorithm
is learned on the previous seconds and we test its perfoemanthe next second.

Intable 1, we sum up the results of this experiment (ruptde¢scted with a thresh-
old of ten percent of misclassified points to decide a ruptditee two main conclusions
we draw from it are first, that manual labeling does not seelretenough and second
that automatic rupture detection is efficient enough (gambgnition rate, low false
detection rate). We see that automatic rupture detectitrable detects ruptures that
we can’t see on a video.

The problem we can point out is the non detection problenmeéddseveral events
are not detected with our method. Events lkking an other player do not appear in
biological signals. However, it turns out that those evelatsot really affect the user’s
state when we can’t notice them in the data. Let’s illustthig point : killing a player
who has no chance to win is not an important event during theegahile taking the last
life of the last adversary in game is relevant. This last eefide detected as it will be
combined to the emotion of winning the game. We observedsihatar events are not
meaning the same depending on when they appear. We alsovetbskat meaningful
events do appear in the data. Our conclusion from those \adig@ns is that it will be
hard to really have an objective criteria on the efficiencthefrupture detection.

Game Natura
Number of meaningful ruptures (a posteriorip1l 24

Manual Ruptures 26/31)83.9%|| 17/24 |70.1%

Automatic Rupture 21/3167.7%|| 22/24 |91.7%

In both methods 16/31|51.6 %4 | 15/24 [62.5 %

Only in manual 10/31)32.3%|| 2/24 | 8.3%

Only in automatic 5/31|16.1%|| 7/24 |29.1%

False automatic detection 6/33|18.8%|| 12/36 | 33.3%

Non detected (automatic) 10/31)32.2%|| 2/24 | 8.3%

Table 1. This table shows a comparison between manual and autorngtiere for both experi-
ments. The number of meaningful ruptures is determined & pos.

Natural behavior In this experiment we try to retrieve information from serssehen
the user is doing nothing particularly (with no target apgtion). The idea is then to
equip the user with various sensors and let him freely mowerat with no instruction.
This experiment is done with biological and motion sensard fimed in order to
facilitate the interpretation of the signals and labeling.

Results We work on a sliding window of 50 points (50ms) and take intocamt the
following features: minimum, maximum, mean, variance, fi@uransform on 32 fre-
quencies. The gaussian kernel's bandwidth is 0.0003.

Intable 1, we sum up the results of this experiment. As iniprevexperiment with
video games, we observe that the automatic rupture detefttn the signals enable
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Rupture Detection — based on all the features of all signals
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Fig. 3. Here are the ruptures detected with a threshold of ten peofenisclassified points to

decide a rupture on the dataset. Red crosses shows the &atdipdound ruptures and green

crosses are the manual labels. For the sake of visibilieys#tond part of the figure shows one

biological signal and one accelerometer signal althoughrththod is applied to all the sensors.

us to find some ruptures that are not observable on the vidmodeFor instance the
change of breathing that occurs when running or going upttiesss pretty obvious in
the data whereas we can'’t see it.

Compared to video games, the automatic rupture detectemsé be more noisy.
We face here the problem of false detection. We need heretp @at some more ex-
periments to check whether this problem might be solved bgttebcontrol on the
different parameters of the method (mainly the kernel badthwand the sliding win-
dow on the data).

This experiment, coupled to the previous one, let us thiakwe can rely on such
a rupture detection method to separate different statesn€ht step will be to be able
to add some semantic on these sections of signals or to therespghemselves. The
important point is to keep in mind that we can’t apply supsedi learning in these
problems so our goal is to design an almost unsupervisedryst

Per spectives

We presented here a method to separate different conteitseorThis method is fast
and robust, can be applied in a unsupervised framework topargon in many sit-

uations. It can be improved, using more powerful signal essing methods on raw
data. Nevertheless we provide an efficient non parametpitire detection algorithm
base on kernel methods and statistical tests. We are knokirvgoon improvement

for detection delay based on CUSUM approaches. We expesttiigence of contexts
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extracted this way to be convenient for semi-supervisessiiaation applications and
more generally context-driven applications.
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Abstract. Infoville XXl is a citizen web portal of Valencia (Spain). Ehpaper

presents several approaches based on Machine Learninigetpan improving

the site. Three ways of improvement are taken into accoi)nisér clickstream
forecasting, (ii) user profiling by clustering and (iii) ®omendation of services
to users, being the last two techniques part of a methodmbfiamework with

general applicability that tries to be useful for a range ebvsites as wide as
possible. Results obtained with data sets from this welapsinow that the most
appropriate techniques for user clickstream forecastewpime Support Vector
Machines and Multilayer Perceptrons, whilst Adaptive Resee Theory and
Self-Organizing Maps appear to be the most suitable tedesidor clustering.
Final recommendation and adaptation of the recommendtamays currently be-
ing developed by using Learning Vector Quantization andhfeetement Learn-

ing.

1 Introduction

Citizen web portals have become an interactive gatewayd®iwitizens and adminis-
tration. The success and acceptance of these portals digvgaly on their capability
to be attractive for most of the citizens as well as the pudatid private entities in the
area. An easy way to make the site attractive for the majofithe people is to know
the characteristics of users, hence being able to carry cugtamization of the site.
We focus on Infoville XXI (I-XXI), http://www.infoville.es/, a region web portal
for citizens of Valencia, in Spain, which is an official welbessupported by Regional
Government. The portal provides citizens with more thai®@ Services grouped into
21 descriptors. These descriptors gather similar servioder a unified label. Some
descriptors include services related to administratigkdavhereas other descriptors
are more focused on leisure services. We propose threegiatin order to improve

* This work has been partially supported by the research 0@ TIAUT2/A/03/112 and FIT-
350100-2004-427. The authors want to express their thanksindacio OVSI (Oficina Va-
lenciana per a la Societat de la Informacio—Valencian @ffior Information Societyjor
providing the data used in this work.
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I-XXI by means of better knowing its users: 1) prediction loé next links that will be
clicked on by users; 2) profiling of web users using clusggrB) recommendation of
attractive items to users.

The first strategy is related to the development and evalnati Machine Learn-
ing (ML) methods to predict users’ web browsing in I-XXI, asill be described in
Section 2. Our approach is focused on next session predigtiaccessing a certain de-
scriptor. The used models are the following: Associativeriddes (AMs), Multilayer
Perceptrons (MLPs), Classification and Regression Tre&R{S), and Support Vector
Machines (SVMs).

Atificial Clustering

oo} ae Y oot Cook 1200 The two other strategies (user pro-
filing and recommendation) are

Comparsc) — part of a methodology that al-
lows to provide useful recommen-

dations to users of a generic citi-

Real data set

Real

Gusiered zen web portal from the very be-
ginning (See Fig. 1). The method-

Trivial r

ology is based on the generation of
simulated web accesses (by a user
model) in order to produce artifi-
cia data sets. These artificial data
sets are then used to benchmark

L different clustering algorithmsthus
deciding the best algorithm for
el each kind of data set, i.e., the best
algorithm for each kind of web
portal.

C ve
recommender

Prediction
analysis

Fig. 1. Genera methodology.

Section 3 deals with clustering of web users. Real data sets are clustered using the
algorithm that turns out to be the best one with the most similar artificial data set. The
similarity between artificial and real data setsis measured by analyzing the characteris-
tics of both data sets, basically in terms of the number of descriptors and the number of
users. Thismethodology has been tested with datafrom I-X X1, and it appearsto be quite
accurate and useful; infact, it has beenincluded in the softwareiSUM ®4. The clustering
algorithms used to profile web users are the following: C-Means (CM), Fuzzy C-Means
(FCM), Expectation-Maximization (E-M), Hierarchical Clustering Algorithms (HCA),
Kohonen's Self-Organizing Maps (SOM) and the Adaptive Resonance Theory (ART).

Finally, a recommender system is developed using the information extracted from
clustering, as it is detailed in Section 4. The recommendation procedure is based on
collaborative filtering. At present, we are working in making the recommender system
adaptive. Methods based on Learning Vector Quantization (LVQ) and Reinforcement
Learning (RL) appear to be promising tools.

4iSUM is a software product developed by the company Tissat, Inc. iSUM is the tool used to
develop I-XXI; iISUM is developed using XML technology on a Java platform.
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2 Prediction of accessing descriptors

2.1 Data

We used access records in I-XXI from June 2002 to Februarg.2A(reprocessing
stage removed those users who presented an atypical belBagaally, they presented
a great number of accesses in a short time, as they wereofigtitisers generated by
the administrators of the portal for test purposes. Usetls st one session were also
removed since it was not possible to validate their preaiti Finally, the processed
data set was formed by 5,129 users who logged between 4 andiffidr@nt sessions,
accessing to 447 different services. We used a selectiomeof8 most representative
descriptors.

2.2 Methods

Four different models were used for this prediction task: ABART, MLP and SVM.
The function of an AM is to recognize previously learned eest AMs are imple-
mented with a single layer of computing units arebbian learnings used [1].

CART is a binary decision tree algorithm [1], which has twarches in each in-
ternal node. Methodology is characterized by a prunindgegsa a binary-split search
approach, automatic self-validation procedures, anditisglcriterion.

The MLP is the most widely used neural network. It is compasfed layered ar-
rangement of artificial neurons in which each neuron of arglager feeds all the neu-
rons of the next layer [1]. The model is usually trained with backpropagation (BP)
learning algorithm. However, we used the Expanded Rangeoxppation (ERA) al-
gorithm in order to alleviate the problem of falling into Edaninima [2].

An SVM is an approximate implementation of the method ofdtrcal risk mini-
mization [1]. Itis trained to construct a hyperplane for elhthe margin of separation is
maximized. SVMs can handle large input spaces efficienyr@bust to noisy samples,
and can automatically identify a small subset made up ofinédive training samples,
namelysupport vectorgSVs).

2.3 Prediction Setup

We developed models by using data from the current sessard the two previous
sessions{ — 2 ands — 1) to carry out a one step ahead prediction (sessionl). We
did not take into account the clickstream sequence but dxyfrequency of access to
each category. This was because people in charge of I-XXtéseésted in knowing the
different services accessed by users rather than knowengxfict sequence of accesses
within a certain session. Nevertheless, further work witliude clickstream prediction,
as well. Data were transformed into patterns in order to leel dar training and vali-
dating the models. Every pattern was formed by a matrix wkzsewasl8 x 4. Each
column corresponded to sessions 2, s — 1, s ands + 1, respectively. Each row stood
for the frequency of accesses to the different descriptotlseé corresponding session.
The total number of patterns was 11,617. The data were gfilitlhree sets: a training
set formed by 1,743 patterns; a validation set formed byrdtl¥#13 patterns; and a test
set formed by 8,131 patterns.
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2.4 Resaults

In order to carry out a model comparison, we transformed tbguency-based pre-
diction in a measure of Success Rate (SR) by consideringraatgerediction when
the Absolute Average Error was lower than 0.1 (values werenatized between-1
and+1). This SR was an intuitive and straightforward way to camy @ preliminary
comparison of different algorithms. This criterion migle bveroptimistic in terms of
the percentages achieved because of the high number ofacessed categories which
were easily learned by the models. High SRs in the test set wlgtained for all the
models, the highest values corresponding to SVMs.

o . 00,0
,0‘0_2“0 "’o_o,'r‘
N

<+t 1  The SRs using AMs were neaR%.
Ly In Fig. 2, CART, MLP, and SVM are
benchmarked. SRs are slightly higher
for SVM than for MLP, which are, in
turn, much better than those obtained
by CART. There are some categories
whose prediction become considerably

A
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,

SR 4
o

8- CART

Su more difficult for all the algorithms.

The latter is particularly dramatic in
the case of CART, since they show low
SRs (aroun@0%) for some categories.
MLP and SVM also show this draw-
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Category

Fig. 2. Success Rates (SRs) [%)]
obtained by CART (solid line),

MLP (dotted) and SVM (dashed). back but to a lesser extent.

This prediction of accessing descriptors is still in a prétiary stage. The goal is to
know the services that will be rated by users in advance, ltleirgy able to customize
the appearance of the portal. Since the achieved resulenamiraging, its actual ap-
plicability will be studied for I-XXI. Further work will inwlve (1) a more appropriate
criterion for model comparison, (2) developing models tdpdo predict with less
information than accesses from three sessions, and (3ettigbbeyond one-session
ahead.

3 Clustering web users

3.1 Data

Two kind of data sets were taken into account: artificial data and real data sets. Ar-
tificial data sets were produced by the user model simulat#tyuser accesses (Fig. 1),
and were used to benchmark the clustering algorithms in a veidge of scenarios.
Real data sets came from [-XXI. Since dealing with a real datathe groups of
users were not known, and therefore, the evaluation couldeso straightforward as
with artificial data sets. Due to this fact, a previous experit with only five descriptors
was used to determine the interpretability of the clustednhieved. The selected de-
scriptors were representative-enough to carry out angreability test, namely, public
administration, town councils, channels, shopping andréaihment. This reduced data
set was formed by 1,676 users who interact with the site fravelhber 2002 through
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January 2003. The complete data set consisted of 31,483sasxcérom June 2002 to
February 2003. The 17,404 accesses corresponding to thledif®f this period were
used to cluster of web portal users. The other 14,079 accesse kept to evaluate
a prediction analysis, detailed later, which is used as tse dtep of a recommender
system. A preprocessing stage eliminated some descrijiirsy 16 the final number
of descriptors taken into account.

3.2 Methods

We considered different methods for clustering web tsémsluding classical cluster-
ing algorithms, such as, CM or FCM, and also the E-M for a Ganssixture model
and HCA [3]. We also took into account two clustering methadhéch are based on
neural networks, namely, SOM [1] and a network based on thE g¥RT2) [4].

ART2 is particularly interesting in the clustering of realtd because it is not neces-
sary to asume a given number of clusters in advance, bututasreatically produced by
the algorithm once chosen the vigilance parameter. Théawvige parameter measures
the desired degree of similarity between a cluster pro®tmd a pattern in order to
consider that the prototype is a proper representatioregbéttern. This parameter can
show a range of values between 0 and 1, being typical valoss ttanging between 0,8
and 0,99. The choice of a logical vigilance parameter shtwald to a natural number
of clusters. Moreover, it is especially interesting to gmalhow the number of clusters
changes when the vigilance parameter is changed; this&ibe@brupt changes should
help in finding the “natural” number of clusters underlyinggi certain data set.

The other algorithms do not show this advantage, and the aupficlusters has
to be chosen by analyzing the goodness and robustness dtiftering as well as by
using some cluster validity parameters, such as, DaviegelBoand Dunn indices [5].

3.3 Resaults

With regard to the artificial data sets, evaluation of thestdting algorithms was done
by two kind of measures: we considered whether the numbdusfers found by the
algorithm was correct, and, also, the accuracy of thesderkisThese measures were
assessed by the Bhattacharyya distance between the slizgted by the algorithm and
the actual ones. The two measures should be assessed togkthieest overall behav-
ior was shown by SOM and ART2 while CM performance was quitesedhan any
other. In fact, CM only presented an acceptable behaviouite gimple data sets (low
dimensionality and slight or non-existent overlap amongtdrs). Besides this, FCM
showed a slightly better behavior, and, E-M and HCA, in tirad a better behavior.
As a general conclusion, when the data set to be clusteregssed to be difficult, or
the dimensionality is high or the characteristics are nowkm“a priori”, then SOM or
ART2 become the most suitable choice.

Results obtained with artificial data sets may be consides@yeroptimistic, except
in the case of ART2. This is because all other algorithms heenimber of clusters,

5 Clustering was carried out in descriptors’ space due to itje dimensionality of the space
defined by services.
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which is known in advance, as an input parameter. Therefbeecomparison is not
completely fair, and ART2 should be considered as the dlgorproviding the best
performance.

With regard to real data sets, as quoted above, a prelimoiasgering with a re-
duced data set was carried out in order to analyze the fégsitifi extracting useful
information from clustering. The aim was to study the obgdiclustering in terms of
its interpretability. Clusterings provided by HCA, SOM aART were quite straight-
forward to interpret, thus showing logical behaviors thatevexpected to find in this
web portal. On the contrary, CM, FCM and E-M produced clissterder to interpret,
what suggested that these three algorithms should not lietasduster data of this
kind. The analysis of intepretability about the clusteraahieved was carried out by
analyzing users’ behavior in collaboration with people fra@e of I-XXI. According
to the results obtained with artificial data sets and withgheliminary clustering of
I-XXI, the conclusion is that the most suitable algorithmgluster users of this portal
are SOM and ART2. Despite HCA does show an acceptable behavtie preliminary
clustering of I-XXI, its use is not recommended for clugtgrihe complete real data set
because the dimensionality is considerably high (16 detses are taken into account)
and the analysis with artificial data sets showed that HCAnveaan appropriate choice
for clustering of high dimensional data sets. Numericalitssabout clustering can be
found in [6].

4 Recommendation procedure

4.1 Methodsand Data

Recommendation procedure consists of two main parts: sifithe feasibility of rec-
ommendations and the provided recommendation itself. hsilbility of recommen-
dations is studied by means of a prediction analysis. The isléo check whether the
services that would be recommended by the system are acacakssed by users. This
approach presents two main advantages. (1) The first onatist thllows an evalua-
tion of the recommender system before its actual implentienta(2) An additional
advantage is that this prediction analysis does not takedntount the interface of
the recommendation; therefore, the success in the prediotily depends on the user
profiling carried out by the clustering analysis, and thecesgs of acceptance of recom-
mendations can be interpreted as a lower threshold of thectsqh success when the
recommendations are offered to users; this is becausedbenation of attractive items
should affect users’ behavior positively. The successarfmenenders was measured by
comparing the percentage of accepted recommendationsadifva recommender that
recommended the most likely service of the portal with dmliative recommenders
based on the different clustering algorithms used in thislyst(both kind of recom-
menders accomplishing the premise that the recommendeideshad not yet been
accessed). The 14,079 accesses of the data set descritsdionS3.1 were used.

In order to take advantage of new users when they interabttivt recommender
engine, two approaches are proposed (currently, they ilria gtn early development
stage, and therefore, the performance of both methods hggtimeen compared). The
first approach is based on LVQ. Itis a methodology for rapidating of recommender
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systems by re-estimating the underlying clusters in resptmuser behavior. The LVQ
learning algorithm involves two steps. In the first step, asupervised learning data
clustering method is used to locate several cluster centi#heut using the class in-
formation. In the second step, the class information is ugdxbtter locate the cluster
centers in order to minimize the number of misclassified £§&k In our case study,
this second step enables a proper fine-tuning of clusteergrand in turn, it can im-
prove the recommendations by using new users’ behaviormlsi modification is
introduced to the standard LVQ's update algorithm: the tgp&aeps with no change if
users are correctly classified, i.e., if they do click on taeommendation, but there is
no update otherwise. In other words, we do take into accosersuvho accept recom-
mendations, but we ignore users who have not accessed thesgdrecommendations;
this is because we feel that users who accept a recommendatidikely belonging to
the class in which they have been classified; neverthelssss who do not accept the
recommendation may have been well-classified, but pertegysdo not have enough
time to consult the recommendation, or maybe they know éxafttat they want from
the web site; if we consider missclassified these kind ofyysee will move the cluster
centers away from these users, and thus, we may lose pas offtirmation obtained
from users who did accept the recommendation.

The other approach is based on RL. RL is based on learning ifteraction to
achieve a goal. The learner and decision-maker is calledggleat What it interacts
with is called theenvironmentHere, our agent’'s environment consists of the set of
web users. In RL, the objective of every agent is to maximineimerical sum of re-
wards in time. This reward is a non-obstrusive way of getfegpback from interac-
tions between users and the recommender system [7]. Evasynreendation receives
a negative reinforcement because; this way, the recomrtiendaent learns that every
useless recommendation has a cost. However, each time folld&s a recommended
link, the agent receives a positive reinforcement. Rewargtver assigned to a concrete
recommendation, but to a whole policy of recommendatioesid®s, it is important to
point out that recommendation agent’s adaptation doegemtfsom updating a model,
which is a restriction of the LVQ approach.

4.2 Reaults

With regard to the prediction analysis, a collaborativefitig based on clustering yields
a much higher Success Rate (SR) than that obtained by a reieexmender [6]. It
should be noted that services based on clustering cannetbenmended for the very
first accesses, since there is not enough information tgrassiers to a certain cluster;
instead, the naive recommender is used for these firstseseBhe SR is measured as
the percentage of times that users actually click on themeeended object.

Results achieved with artificial data sets and with the redueal data set showed
that SOM and ART2 should be the chosen techniques. Nevesthehe classical CM
was also taken into account in order to have a more appregtiaeshold than just a
naive recommender and also to check out that neural dlugtezchniques are indeed
much more accurate than classical CM when dealing with adiatal set. SRs obtained
by collaborative recommenders based on neural clusterarg much higher than that
obtained by the naive recommender, and also by that obtdipehe classical CM
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clustering. Moreover, the SRs obtained by SOM and ART2 wimnest identical. Typ-
ically, the percentages achieved by SOM and ART2 were dabhbie those obtained
by the other recommenders (typically, SRs were raised fr@#oaising a naive rec-
ommender to 15% using a recommender based on neural chggteks more accesses
were used to cluster, better results were obtained; thisswascted, since the informa-
tion gathered by the clustering algorithms was more extengit present, we are still
developing the recommender system update, but result;edtevith LVQ and RL in
other applications make us be optimistic.

5 Conclusions

We have presented three ML approaches in order to improv¥ll-Kirst, we have
presented a preliminary study of web access predictionclwhas yielded promising
results. Future work will be focused on extending the curreadel into a fully per-
sonalized recommender system improving the clickstreadigtion. A methodology
for web user profiling and recommendation has also been pegpdhe methodology
starts with a user model which simulates accesses to arcitied portal. These ac-
cesses are used to benchmark different clustering algusitithis comparison is then
used to determine the most appropriate clustering teckraneach kind of web portal.
Collaborative filtering techniques based on clusteringiaesl to take advantage of user
profiling in a final recommendation stage. A preliminary stoflrecommendations by
means of a prediction analysis has shown excellent resdiis.ongoing research is
dedicated to test real recommendations, thus improvingebemmender system by
either updating the collaborative recommender or using RL.
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Abstract. In this paper, we propose a &% USAGE MINING pre-processing
method to retrieve missing data from the server log files.ddwer, we propose
two levels of evaluation: directly on reconstructed dat#,diso after a machine
learning step by evaluating inferred grammatical models. ddhducted some
experiments and we showed that our algorithm improves thétgwf user data.
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1 Introduction

WEB USAGE MINING is a complex process used in order to extract knowledge about
users of a web site. It is composed of many steps as describieig.il, from select-
ing relevant data to knowing how users browse on a web sites WSAGE MINING
was first introduced 1997 [1] as the “discovery of user access patterns from Web
servers”. To select, to clean and to format available daaeal challenges. The kind
of information which is the most used in this context is theboWerver log files. Already
in 1995, Catledge and Pitkow used logs for the characterizatiorBoéwsing Strate-
gies” [2]. Other types of data can be used in this topic ofaed® such as client data
(mouse gestures, keyboard events,...) or user physicaltmet{eye movements, arm
gestures,...), but they are really hard to obtain. As a apresce, most work in this re-
search field depends on server log files. Due to some netwonkectures and features
(cacheandproxy), log data are often irrelevant and noisy. Pre-processitiggarefore a
crucial issue for learning. Machine learning methods faBAJSAGE MINING include
frequent sequences learning [3, 4] and more structural lmadeh as Hidden Markov
Models (HuMS) [5, 6]. More recently, researchers have worked on gramaiahod-
els:n-grams [7], and stochastic automata with classical grancalanference methods
[8].

In this paper, we propose a method for handling the problenoisfy and irrelevant
data in log files. We present an algorithm to reconstruct ttia end we evaluate it. We
use stochastic inference to learn users behaviors and we thlab reconstructed data
leads to better models.

We will first present the problem we want to deal with. The diggion of an al-
gorithm to reconstruct the log data in order to obtain rééiames follows: the method
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Fig. 1. Web Usage Mining process

depends on some heuristics which try to detect improbalitespan navigation. Two
sets of experiments show that we can retrieve some piecesoofriation which were
lost due to caches. Finally, we conclude and propose atteenarotocols in order to
test log processing methods.

2 Our Problem

In order to mine user behavior, we have to extract from log fdach visit of users to
the web site: a visit is considered as a set of pages requestesingle semantic goal
(without any embedded objects such as pictures and so onyvil&ee that they are
missing and erroneous data in server log files. Before statti explain our problem,
we have to say more about logs.

The World Wide Web Consortium (W3C) recommends to usectiramon log file
format to record required fields [9].

Table 1.a common log record

F1 F2 F3 F4 F5 F6 F7
161.3.6.51 - - [30/Qct/2001: 20: 13: 27 +0100] "GET / HTTP/ 1. 1" 403 293

Generally, a log record is composed of (see Table 1):

— renot ehost field (F1): the address of the machine which makes the request

— rf c931 field (F2): the remote login name of the user. Actually, foviolis secu-
rity reasons, this field is almost always blank.

— aut huser field (F3): the username as which the user has authenticatesgi.
This field is only filled when an authentication process iguse

— dat e field (F4): data and time when the server receives the request
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— request field (F5): the request line exactly as it came from the client

— st at us field (F6): a return code informing the client of the requestgessing
status.

— byt es field (F7): the content-length of the answer transferred.

Servers record chronologically each hit into the log filekitecan be a real page
request, but also an error or an embedded document requiest iwimot related to the
navigation of the user. First of all, we have to filter the |[dmgsdeleting all useless items
such as error reporting, non-supported requests (for ebeampur preliminary version
we did not process any page with parametersradex. php?i d=12&i t =l a). The
result of filtering raw data is a sequence of logs, which regmés only a part of user
navigation: actually, many requests never reach the server

In order to reduce network traffic and to speed up the tra$fdata on the Internet,
the almost totality of browsers (mozilla-firefox, opera,.lE) implement a local cache.
In [10], caching is defined as “a mechanism that attemptsdcedse the time it takes to
retrieve a resource by storing a copy of the resource at adiosation”. Consequently,
when a user requests a page:

1. the cache checks if it has already been viewed by the ygecétly when user has
hit back butto;
2. (a) if not, the client sends the request to the server;
(b) else, the cache produces the answer but the server remaves the request
and so can'trecord it.

This is the first problem due to the network features: it impthat some data is missing
in server log files.

Another place where a cache can be, and it is cajlebal cache in this context,
is on aproxyserver: a proxy is a machine somewhere in-between cliensaner; its
goal is to increase the security and to make easier the asinaition of a machines set
(a domain) by allowing only connection to external web ses\feom the proxy. Thus,
a machine from the protected domain can request a page ottig foxy:

1. the proxy checks in its own cache, if it has already beeneteby one of the users
using the proxy;
2. (a) if not, the proxy forwards the request to the servethis case, théom field
recorded into the logs is the proxy address and not the cidairtess;
(b) else, the cache produces the answer but the server remaves the request
and so can'trecord it.

In this configuration, external servers receive requedisfomm the proxy, so in the log
files, we can't distinguish where the request comes from.

So, to retrieve the exact visits of each user, we have to digaldifferent kinds of
noise: erroneous data, when the from address is a proxy drldeneal user's machine
and missing data, when the cache instead of the server sappé answer.

3 Reconstructing data: algorithm whichSession

In order to retrieve the missing data and correct the wrortg,dee suppose that the
web site corresponding to the server is known: we model thesite by a graph where
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nodes represent pages and links represent hypertext titck¢hie page. The heuristics
we use detect inconsistent sequences of pages in the usgati@v. the algorithm
WhichSessioris described below.

Algorithm 1: WhichSession
Data: h(0) //page we want to class

foreach k € opened_sessions do
if hx(1) — h(0) then
| Store(k, h(0)) /*addh(0) in sessiork and exits */

min_back_length = oo;
/lthe number of backward steps, we have to follow to find adéhgage
foreach k € opened_sessions do
for 2 < i < |hg| do
if hi(7) — h(0) then
if min_back_length > i then
min_back_length =4 ;
min_session = k; break;

if min_back_length < co then

[*we found an inconsistency into log records, we have toudela part of the history
in order to have a linked path into the web site */

Add_M ssi ng_Val ues( min_session, min_back_length) ;

St or e( min_session,k(0)) ;

else

[*there’s no available page in histories: add a new session */

[ =New_Session();

St ore(1,h(0));

The symbol— is used to indicate that there is a hypertext link from the fiegge
to second one. Some notations are to be defined: for theisituat the current time,
there are some sessions opened and we want to store thetdagreacordh (0) into
the right session, the one corresponding to the unique usergquests the page. We
have to select the best session, by scrolling through therkiisf opened sessions(
is the history of the sessiodf h(7) is theith page ofi;), and choosing the one which
has the minimum backward steps required to find a link to tmeeatipage.

4 Artificial data experiments

4.1 Artificial Data presentation

In order to have reliable data to test our reconstructindhogitwe generated artificial
logs according to possible paths in a web site. We select @ @ag we compute a path
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with some “navigation errors” that could typically have hgeoduced by hitting the
back buttoror no taking the shortest path. The site is composeddiifferent pages,

the average length of generated pathH)i9 pages. At this step, we obtain a reference
complete set of log without erroneous data. Then we simulated some caches from
which we obtained; and finally rebuilt the dat& from [; using algorithmwhichSes-

sion

4.2 Data evaluation

We first carried out a set of experiments on these data by ctingpwwo ratings be-
tweenly andl; on one hand, and betweénandi, on the other hand: one measures
the difference between the number of detected vigiis (the other the Levenshtein’s
distance {1 ) [11] for each visit. In order to do that, we have to re-assigs into their
reference visit because of the lack of detected visits.

As an example, if we have a set of three visitg (vith two pages 4 and B) into
the reference artificial data such as:

reference visitg, cached oneg reconstructed onds
’UOZ[A,B,A] ’UOZ[A,B,B,A] UOZ[A,B]
Ulz[BvaA] UIZ[B] vlz[BaBaA]

vy = [A, B] vy = [A, B)

One can computéy (lo, 1) = 1, dx(lo,l2) = 0. By comparing date of logs (it is
possible because we have generated the data), we can rieerganto v, = [A, B],
v; = [B, A] andvs = [A, B] and then computéy, (lo, 1) = 3, dr.(lp,l2) = 1.

Results of the experiment are shown in Fig. 2.

180 T T T T T T T 5000 T T T T T T T T T
Cached data Cached data —+—
160 |- Reconstructed data -->¢-- 4500 Reconstructed data ---x---
10 | 4 4000 - .
120 b ] 3500 =
T 3000 7 =
100 X g -
= < 2500 F X b
80 1 2000 | .
60 |- 7 . ol
o 1500 - ¥ -
; e
40 ,x’x B 1000 | XAX‘ -
X 4
20 F E 500 % -
‘ =
0 1 1 1 1 1 1 1 1 1 O 1 1 1 1 1 1 1 1 1
0 200 400 600 800 10001200 1400 160018002000 0 200 400 600 800 100012001400160018002000
number of reference visits number of reference visits
(@) dy (b)dr

Fig. 2. dx anddr behaviors
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We can see that the two ratings are better when the data aresteacted by our
method. Actually, reconstruction permits to retrieve eotmmissing data: that helps to
detect the end of a visit, and gives better knowledge abeudvigation.

This protocol allows testing the method only if we know ekathe initial visits
without any kind of noise. With real data, we can’t have tnjriori knowledge, so we
decided to learn grammatical models and to test them.

4.3 Models evaluation

Data for this set of experiments are the same as for the pregede: we generated
them. Here, instead of computing ratings on cached and stétmted visits, we used
them to learn grammatical models. We learn stochastic nsogleich can predict the
next most probable symbol of a sequence: here sequenceseepvisits and symbols
are pages. We use theoW[12] algorithm to learn such a model for the cached data and
such a model for the reconstructed ones.

We generated also a sample set of ideal visits: for eachstegit, we compared the
real next page in the visit with the most probable one progpbgehe model. We count
a success if the pages represent the same one, and a failareise.

Results are shown in Fig. 3.

0.5 T T T

T T T
Cached data —+—
Reconstructed data ---x---

04 % e

03 ‘\\ 4

success rate

02 ]

0.1 F 4
e
) ; A e,

2 3 4 5 6 7 8 9 10
page’s rank in the visit

Fig. 3. Success rate in learning task on cached and reconstrudied da

As presented in [4], it is a hard problem to predict a page #ffie few first ones,
so usually authors do not try to check after thlk page and their success rate really
depends on the number of site pages. In our case, on diffdegai we can see that
without any reconstruction, after tfi¢h page, we can not predict anything. But, with
our method we learn better models and we can predict withteehigrobability the next
page. At each fixed position in the visit, we do better préaiictand for a fixed success
rate, we can predict at a further position.

5 Real data problem

Experiments on artificial data can help us to test the recactidn of data, but the main
problem is to mine user behavior, so we have to experimeataiseal data.
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For that, we took data from a real server log fite {37000 logs, 100 pages, mean
of 11.4 links per page) [13]. Then, we extracted visits from thesa éad also from
reconstructed ones by our method. Here the protocol is theteame as for artificial
data: we learned one model for each kind of data (raw and staorted), and we
evaluated models.

The main problem in this context is that we do not have perdeth to use as a
sample set. We decided here to test with two different seis:vehich is composed of
a part of the log file (not used in learning step) for testing itihodel on raw data, and
the other is the reconstruction of this same part by our nikfbotesting model on
reconstructed data.

We describe in Fig. 4 the results.

0.5 T T T

Calched dlata LN
Reconstructed data ---x---

success rate

page’s rank in the visit

Fig. 4. Success rate in learning task on raw and reconstructed data

When we use reconstruction, results are better. Actuaiycan view the two types
of data as two different kinds of answers for the problemrrizey model on raw data
comes to predict the next page requested for the servemsgtaito account not only
the user behavior but also the disruptive caching featdihesmodel on reconstructed
data can be viewed as a true user behavior model without &ey kind of perturbation.

6 Conclusion

In this paper, we showed on artificial data that reconstngdtig files data can avoid
some perturbations due to caching features. With both tgpesaluation, ratings on
data and prediction evaluation, results are better witbnsttuction.

On the real data, there remains a problem: which data candeeto®valuate mod-
els? We do not have perfect data to test the quality of thenstnaction: testing on
reconstructing sample set introduces a small bias. In amaptontext, we have to
have complete data and cached ones in order to test exaethyeldictions model.

Results given by grammatical inference are really intérgsthey are as good as
other types of models shown in state of the art for the usagasmiWe want to continue
in this field by showing that these models which permit longitdependence are really
good for this task.

49



References

10.

11.

12.

13.

50

. Cooley, R., Srivastava, J., Mobasher, B.: WEB Miningommfiation and Pattern Discovery

on the World Wide Web. In: Proceedings of ICTAI'97. (1997)

. Catledge, L.D., Pitkow, J.E.: Characterizing Browsintatgies in the World-Wide Web.

Computer Networks and ISDN Syste2i8(1995) 1065-1073

. Frias-Martinez, E., Karamcheti, V.: A Prediction Model User Access Sequences. In:

WEBKDD Workshop: Web Mining for Usage Patterns and User Rr®f(2002)

. Géry, M., Haddad, H.: Evaluation of Web Usage Mining Aqgthes for User’s Next Re-

quest Prediction. In: Proc. of WIDM'03, New Orleans (2003)-81

. Pitkow, J., Pirolli, P.: Mining Longest Repeating Suhseages to Predict World Wide Web

Surfing. In: Proceedings of USITS’99. (1999)

. Bidel, S., Lemoine, L., Piat, F., Artieres, T., Gallind®.: Statistical Machine Learning for

Tracking Hypermedia User Behaviour. In: MLIRUM - UM WorkghdPittsburgh (2003)

. Borges, J., Levene, M.: Data Mining of User Navigationt&at. In: WEBKDD. (1999)

92-111

. Karampatziakis, N., Paliouras, G., Pierrakos, D., Stapwulos, P.: Navigation Pattern Dis-

covery Using Grammatical Inference. (In: Proc. of ICG10%}-36

. Luotonen, A.: The Common Log File Format (1995)

http://www.w3.org/Daemon/User/Config/Logging.html.

Pitkow, J.: In Search of Reliable Usage Data on the WWW Phoceedings of the Sixth
International WWW Conference, Santa-Clara, CA (1997) 46B-

Levenshtein, V.I.: Binary Codes Capable of Correctirgjefions, Insertions, and Rever-
sals. Soviet Physics - Doklady) (1966) 707—710 Translated from Doklady Akademii Nauk
SSSR, Vol. 163 No. 4 pp. 845-848, August 1965.

Thollard, F., Dupont, P.: Entropie relative et algarits d’'inference grammaticale proba-
biliste. In: Conférence sur I'apprentissage automati@AP’99, Paris (1999) 115 - 121
Eurise: Web site. http://eurise.univ-st-etienn002)



Automatically building domain model in hyper media
applications

Hermine Njike, Thierry Artiéres, Patrick Gallinari, Julien Blanchard, Guillaume
Letellier

LIP6, Université Paris 6
8 rue du capitaine Scott, 75015, Paris, France
{Firstname.Lastname } @lip6.fr

Abstract. This paper deals with the automatic building of personalized hy-
permedia. We build upon ideas developed for educational hypermedia. A stan-
dard way to build adaptive educational hypermedia relies on the definition of a
domain model and the use of overlay user models. Since much work has been
done on learning user models and adapting hypermedia based on such user
models, the core problem lies in the automatic definition of a domain model for
a static hypermedia. We describe an approach to automatically learn from the
hypermedia content such a domain model. This model is a concept hierarchy
where concepts are identified by sets of keywords learned from the collection.
We propose the use of visualization techniques such as treemaps in order to
monitor and analyze efficiently user and domain models.

1. Introduction

Adaptive hypermedia aim at offering personalized hypermedia and websites to a user.
It relies on user models that consist in static and dynamic information such as goals,
preferences... A domain model may be used that characterizes the whole knowledge
accessible in the hypermedia it is used to infer information in the user model [2, 6].
Many works have been done in adaptive hypermedia that one can distinguish accord-
ing to the nature of the task. Maybe the most well defined problem concerns educa-
tional hypermedia and tutorial systems [5, 6, 7]. Although building such systems is
still difficult, the task is indeed well identified; in such systems domain models are of-
ten manually designed and defined as a set or a graph of the concepts being discussed
in the hypermedia. Overlay user models share the same representation as domain
models and are used to represent a user knowledge and/or interest in the concept
space [5, 6, 9]. These user models are vectors of attributes (e.g. interest) one for each
concept in the domain model. These are updated from user navigation logs according
to the domain model, a popular way to make inference in these models is to use

! This work was supported in part by the IST Programme of the European Community, under the PASCAL
Network of Excellence, IST-2002-506778. This publication only reflects the authors’views.
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Bayesian Nets [5, 8, 18] since these models allow taking into account relationship
between concepts, inferring and propagating information in nodes. A more difficult
task that has been less studied up to now, concerns adaptive systems for any single
website or hypermedia [1, 13, 18]; the domain model, that is the set of topics or con-
cepts, is often wider and much less explicit, so that the task is much harder. In [18] a
very simple approach has been proposed where domain model is derived straightfully
from the website structure, the UM 2001 conference website. Concepts of the domain
model correspond to pages in the site (with nodes corresponding to Paper Submission,
Call For Papers, etc) and are organized as a hierarchy derived from the website
structure. Unfortunately, viewing the domain model as a clone of the site structure
may fail when the structure is weak or not so much related with the underlying
concepts discussed in the pages of the hypermedia.

We are interested in this paper in developing techniques allowing the automatic build-
ing of personalized hypermedia. To do this, we believe that one can take advantage of
works done in the educational hypermedia field concerning the learning of overlay
user models and the personalization of hypermedia based on overlay user models. In
this context, the core problem for the automatic conception of a personalized hyper-
media lies in the automatic learning of a relevant domain model. This is not however
an easy task. This model involves high level concepts that cannot be easily inferred
automatically. We present an approach that allows learning automatically a concept
hierarchy from a corpus of documents (e.g. pages of a website). Concepts in this hier-
archy are organized according to a generalization / specialization relation and docu-
ment subsets may be associated to each concept. Such a representation of the hyper-
media thematic content allows defining relevant overlay user models. Also,
visualization of this representation using treemaps provides an alternative view of the
hypermedia by reorganizing its content according to the learned hierarchy. This may
be used for easy monitoring of user models or for users to browse this new interface.
We first describe our approach, then we discuss how this approach may be used in the
context of user modeling for learning automatically domain models.

2. Discovering concepts from a collection of pages

We study now how to learn automatically concept hierarchies from collections of
documents (e.g. the pages of a website) according to a generalization/specialization
relation. Our aim is to build generic tools to extract simple semantic relations between
corpus elements, which can be used to build domain and user models. Our method
starts by automatically learning concepts from a corpus, and then learns generaliza-
tion/specialization relations between these concepts.

Several approaches were developed in information retrieval for the generation of hier-
archies. Clustering techniques have often been used to create document hierarchies.
However, there is no semantic relation between the nodes at different levels in these
hierarchies. As a consequence, these works are practically useless regarding our goal.
Recently new types of hierarchies which are automatically built from corpora have
been proposed [10, 11, 16]. These are term hierarchies built from generaliza-
tion/specialization relations automatically discovered between terms in a corpus.
Once this term hierarchy is built, it is possible "to project" documents on it, thus pro-
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ducing a document hierarchy. We propose to extend these approaches to the discovery
of a concept hierarchy where concepts, which are discovered from the corpus, are rep-
resented as sets of keywords and not by single terms. Such a representation allows for
a richer description than single terms, thus better reflects the different ideas which ap-
pear in documents. We detail in the following the main steps of the procedure. For
clarity of presentation, we consider in the following that a hypermedia is decomposed
in units (e.g. pages of a website), that we will call documents. The corpus, a set of
documents, is first preprocessed and segmented into homogeneous paragraphs. The
segmentation task consists in identifying, in each document, homogeneous text re-
gions or frontiers corresponding to topic shifts between such regions. Next, all these
paragraphs are clustered in order to determine groups of paragraphs related to a simi-
lar topic. Each discovered topic is considered then to be a concept of the collection. A
by-product of this step is that each cluster (i.e. a concept) is represented as a set of
words. Based on a set of concepts, a document may be classified according to the
concepts it addresses. Finally, specialization/generalization links are discovered be-
tween concepts using a subsumption measure between concepts.

2.1. Pre-processing and document representation

The system’s input is a set of documents. All documents are preprocessed as usual in
information retrieval tasks; non informative words are removed, all remaining words
are lemmatized. Let V = {W};<1, .., my be the vocabulary of M lemmatized words, D =
{d}ic1, ., ny be the set of documents in the collection (after preprocessing), and
P={pkefa, .., 13 the set of paragraphs of documents in D. Representations of docu-
ments and paragraphs are M dimensional vectors. A document d; is represented as a
vector of  weighted frequencies (tfidf) for terms in Vv,

o = (tf; (w; )il (w; )....,tF; (wiy )i (wy ) where tf;(; ) is the frequency of term j in
D; and idf (Wj )= log(N / df (Wj )), where df(w;) is the number of documents in D con-

taining term W,. Similarly, a paragraph pc is represented as a vector:

P = (i (W )ipf (W ),....tFy (Wy )ipf (W ) where tfi (W) is the frequency of term j in
px and ipf(w) = log(L/dp(w;)), with pf(w;) the number of paragraphs containing w;.
The similarity measure between two entities (documents or paragraphs) is the classi-
cal cosine between their vector representations used in information retrieval.

2.2. Segmentation step

The segmentation task consists in identifying in a document (i.e. a page), homogene-
ous text regions or frontiers corresponding to topic shifts between such regions. We
used the technique proposed in [15]. This method proceeds by decomposing texts into
segments and topics, a segment being a bloc of contiguous text about one subject and
a topic being a set of such segments. Here is the sketch of the algorithm, which starts
at the paragraph level (Paragraphs are the basic text unit) since authors generally ex-
pose one point of view per paragraph. For each document, repeat until convergence:

53



e Compute similarities between all paragraphs in a document and keep those higher
than a given threshold.

e Build a similarity graph and extract triangles. A triangle is a set of three para-
graphs with strong similarities, i.e. susceptible to represent a coherent topic.

e For each triangle, build its vector representation which is the average of the three
vectors representing the paragraphs of the triangle.

e Merge the triangles whose similarity is higher than a given threshold.

This procedure is used for any document in D.

2.3. Clustering topics

Once each document is decomposed into a set of topics, we cluster these topics in or-
der to identify a representative set of concepts for the corpus:

e Build a graph based on similarities between topics identified above using the
method by Salton (1996) (i.e. there is an edge between two topics if the similarity
is higher than a given threshold).

e Compute the connected components of this graph. For each component, keep only
nodes which are connected to at least 75% of the other nodes of the component.

e A component with at least f% of its documents (B has been fixed around 90% in
our experiments) in a second component will be merged with the latter.

At last, each remaining component is considered as a concept of the corpus. The con-
cept representation is a set of most significant keywords (e.g. with highest tfidf meas-
ures). From now on we will identify “concepts” and their sets of keywords.

2.4. Inferring « gener alization/specialization » r elations between concepts

One main idea of our method is to infer generalization/specialization relations be-
tween concepts that are identified by sets of keywords. Quite generally, there exists a
“generalization/specialization” relation between entities C1 and C2 if C2 evokes a
specificity of C1, or is about specifics themes of C1. For example C1 = sport and C2
= football. Most document hierarchies make use of simple concept representations
where a concept is identified with a single keyword. For such a representation, San-
derson (1999) proposed a method for automatically inferring term hierarchies by
learning a generalization/ specialization relation between terms; it is based on term
subsumption. The idea is that some terms which occur frequently in a collection give
significant information about the concepts discussed in the corpus. These terms may
define a subject in a general way, whereas others which co-occur with these general
terms and are less frequent explain some aspects of the subject. The subsumption
measure characterizes a relation of generality/specificity between two terms and is
based on asymmetrical terms co-occurrences. It is defined as follows: Term X sub-
sumes (i.e. is more general than) term y if P(x]y) > th and P(y|X)< P(X]y), where th is
a threshold.This means X subsumes Y if documents in which y occurs are a subset or
nearly a subset of the documents in which X occurs. The second rule (P(y|X)< P(xX]y))
ensures that if both terms occur together more than t% of the time, the most frequent
term will be chosen as the more general. Probabilities P(X/y) may be approximated
through counting P(x]y) = n(xy) / n(y) where n(x,y) is the number of documents that
contain terms X and Y, and n(y) is the number of documents that contain term Y.
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Now recall that a result of the previous step is that each concept is identified by a set
of keywords. We extended the term subsumption measure described above to concept
subsumption, where each concept is represented by a set of keywords. The method
consists in computing conditional probabilities P(Ci|Cj), the probability that a docu-
ment discussing of concept C; discusses also of concept Cj. Estimating such probabili-
ties for any pair of concepts allows applying the subsumption definition directly to the
concepts. Once the relations of “generalization / specialization” are detected on pairs
of concepts, we apply transitivity to build the concept hierarchy.

The main problem is to compute probabilities P(Ci|Cj). It could be estimated with
P(CIC) =n(Ci, G)In(C;)) where n(C;, C)) stands for the number of documents dealing
with concepts C; and C; and n(C;) stands for the number of documents dealing with
concept Cj. This estimation is rather poor. Another way is to approximate posterior
probabilities P(C|d), that a document d discusses concept C or not, which is not easy.
At this point, the result of the document segmentation step could be used to assign
concepts to the documents. If a paragraph in document d belongs to concept C then
P(C]d) is non zero. It could be set to a real value, by measuring e.g. the importance of
the paragraph in the document. However, this provides a crude estimation of P(C|d).
In our system, we propose to estimate P(C|d) via an Estimation / Maximization (EM)
algorithm. This algorithm iteratively computes probabilities P(t|C) for all concept C
and vocabulary term t, through maximizing the likelihood of the document collection.
Assuming a naive Bayes model for documents, it allows computing P(d|C) and there-
fore P(C|d) via Bayes rule. It aims at maximizing training data log likelihood:

Log(L) = Log(P(D|0)) = 24 2ica log( 2cP(tIC, ©) P(C|6))

where O stands for the model parameters. The EM algorithm alternates estimation of
hidden variables P(C|d) and reestimation of model parameter P(t|C). At each step,
documents are considered to discuss of concept C if P(C|d) is over a threshold.

Note that with this definition, a concept may have several parents: This corresponds
to different meanings of this concept and reflect its polysemia. Also, an important re-
mark concerning this subsumption measure between concepts is that it is suitable in
domains where terms are often repeated. If this was not the case, the co-occurrence
estimations would not be robust enough to be relevant. However, one could reduce
the sensitivity of the technique to corpus variability by using linguistic resources like
WordNet to take into account synonymy.

3. Discovering domain model in hypermedia

We applied our approach to the discovery of a domain model, i.e. a concept hierarchy,
of a collection of documents, which is a part of the www.looksmart.com site hierar-
chies. One interest of this corpus is that we can compare, after learning, the discov-
ered hierarchy and the manually designed one. Quantitative evaluation criteria may be
defined for estimating generalization / specialization expressiveness of a hierarchy
[12], we will mainly show visually our results here since it is more related to our goal.
The corpus consists in about 100 documents and 7000 terms about artificial intelli-
gence and is a homogeneous set of documents. This collection has been manually or-
ganized in hierarchies of themes. We extracted a heterogeneous sub-hierarchy from
this site with documents about different topics. We ran the method on the flat corpus,
without any use of the hierarchical information. Compared to the initial Looksmart
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hierarchy with five categories, the hierarchy derived by our algorithm is much larger
and deeper. Most of the original categories are refined by our algorithm. For example,
many sub-categories emerge from the original “Knowledge Representation” category
(see Figure 1): ontologies, building ontologies, KDD... and most of the emerging
categories are themselves specialized. In the same way, “Philosophy-Morality” is
subdivided in many categories like Al definition, Method and stakes, risks ... It is
clear that such a result could not have been obtained using single keyword concepts.

Computer Science — Al

\ ’
\ ’
\ ’,

. 4 »
Philosophy- .
Approaches Morality Knowledge Representation
Agent Knowledge representa- KDD

Ontologies

tion

Fig. 1. Sub-hierarchy of the LookSmart corpus used in our experiments (left) and
part of the deeper hierarchy discovered using our approach (right).

An interesting feature of this hierarchical organization is that it allows using visuali-
zation tools. We considered the use of Treemaps that have been introduced by [17].
The idea of treemaps is to display a tree-like structure in a 2D space where each node
is represented by a rectangle whose size or color is determined by a value, it could be
the user interest in a concept in our case. Fig. 2 shows a Treemap representing the
Looksmart domain model. Each concept is shown as a rectangle with different colour,
the hierarchy is shown through inclusion of rectangles. Set of keywords associated to
intermediate concepts are also shown.
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Fig. 2. Part of the Treemap for the Looksmart corpus. Each colored rectangle stands
for a concept. Sets of words associated to intermediate concepts only are shown.

4. Using discovered domain model for user modeling

Our method may be applied to build domain models for a hypermedia or website.
Once a domain model is learned, user models may be defined as overlay models,
sharing the same representation as the domain model. Standard techniques may then
be used to learn and update these user models, including Bayesian Nets as proposed in
[5, 7].We realized an experiment by running the method on the collection of the pages
of the website of a French museum. Fig. 3 shows the resulting domain model as a
treemap, with french keywords (paleonthology, sea, press, biodiversity etc).

Fig. 3. Part of the Treemap for the website of a French museum where a navigation
path has been drawn. The color of rectangles is a function of the similarity between
the concepts of the 3 last visited pages and the concepts in the domain model.

To show how such a user model may be used, we have shown a navigation path of a
particular user on this treemap, and have defined the colour of a concept (a rectangle)
to be a function of the thematic similarity of concepts with the three last pages visited
by the user (computed through cosine measure). As may be seen, concepts that are
close to the pages recently visited by the user stand close to the current concept. Other
information could be visualized. Indeed, treemaps allows redefining easily the rectan-
gles colour and size. Hence, one can browse and investigate a user model by assign-
ing a knowledge or interest information to the size or colour of the rectangles. This
kind of visualization allows having global and synthetic information about a user.
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5. Conclusion

We described an approach to automatically learn a domain model from a corpus of
hypermedia documents. This approach may be used for instance on the collection of
pages of a web site in order to automatically learn a adequate domain model. Based
on such a domain model, one can define user models as overlay models. The interest
of this approach lies in existing works showing how to learn such user models from
logs, and how to perform hypermedia adaptation based on such user models. We also
show how efficient visualization techniques such as treemaps may be used to visual-
ize and analyze synthetically both the domain and the user models.

Acknowledgment: The authors would like to thank J.D. Fekete from LRI (Université
Paris Sud, France) for helpful discussion about visualization tools and treemaps.
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Abstract. This work explores the modelling of a user’s current activity using a
single document and a very small collection of classified documents. We
describe the WeMAC approach for combining evidence from heterogeneous
sources to give a prdict the user's activity. We report evaluation of the
WeMAC model using two different document types. emails and web pages;
assess its performance on both tiny document sets and larger sets; and assess its
performance against a “one bag” approach. We report promising results, with
average F1 value of 0.5-0.7.

1 Introduction

A byproduct of the continued growth in the use of computing technologies is that
organisations and individuals are generating, gathering and storing data at a rate
which is doubling every year [1]. This growth is rapidly outpacing our abilities to
handle it. Clearly however, depending on ones' current activities, only parts of one's
information set may be relevant at given times. We aim to predict a user’s activity
based on their currently viewed document, so that applications can deliver relevant
information from the user’s store of documents. We call our approach WeMAC, and
a potential application, the WeMAC Assistant (WeMACA) is illustrated in the
scenario below, adapted from [2].

Carla is attending the CHI Conference with presentations related to her research.
She and her colleagues have decided to visit different presentations and share their
findings at the end of the day. On the first morning, her associate James sends a
reminder email detailing the presentations each of them will attend that morning.
Carla opens the email using her WeMACA, and on the basis of this, it determines that
she is currently “ attending the CHI conference”. Using this information it displays
other documents related to the activity, such as web pages relating to the speakers of
the presentations and emails about the conference.

The motivation behind the WeMAC model is to use knowledge from a range of
different sources of evidence to a user’s activity, from both implicit (eg. currently
viewed document, location) and explicit (eg. user input) sources. Combining both
knowledge types, the system reasons about the evidence given to form a conclusion
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about the user's current activity, e.g. if the user is currently in her office then from
previous monitoring it may conclude that she is engaged in “research”.

There has been no work on very tiny data sets of the sizes that we want to study.
The most similar work has been in email classification. For example, in predicting the
category of a mail item, SwiftFile [3] achieved 50-75% accuracy. It was suggested
50% is of borderline usefulness to users, but 75% is useful. lems [4] automatically
congtructed rules to classify mail. Accuracy between 30-67% were achieved on small
datasets on one user. On approximately 500 mail items, iems achieved between 41-
70% on 2 users data. Using a bag-of-words and word frequency approach ifile [5]
achieves an accuracy score of 86-91% across 4 users. A preliminary study with a
small data set for one user ignoring not yet created categories, had an accuracy of
88% on the first 26 items. Some other examples of relevant work involve classifying
web pages into pre-defined categories include [6] and [7]. These systems were
evaluated on very large datasets, ranging from approximately 4000 [6] to 8000 [7].

We wanted to combine evidence sources from two document types, emails and
web pages as shown in Figure 1. The two novel problems that we explore are training
on different combinations of document types, and training on tiny datasets. Ideally,
the system should be able to classify documents from a variety of different training
document types, so that the classification of a new document is possible regardless of
the types of documents in the training set. This mirrors the fact that users typically
use several different types of documents to support a single activity. This means that
it would be valuable to be able to predict relevant documents of different types, based
upon classified documents of different types.

Emails and Web
Pages
Emails

Fig. 1. The combinations of training and testing documents to be explored. The tail of the
arrow represents the training document type, and the head refers to the testing document type.

Web pages

We also wanted to explore the possibility of training on a tiny number of
documents. This is a difficult task, as most machine learning requires large numbers
of examples before it performs well [8]. However, it is an important direction for
exploration as it would be valuable to accurately predict a new activity based on just a
small number of preclassified documents, so there is quick startup. In the case of
supporting user activities, this is particularly important since the relevant document
sets may be quite small.

2 WeMAC Modd Overview

WeMAC (Web page and eMail Accretion for Context model) deals with two
document types: web pages and email. Accretion refers to the method we use to
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predict the user’'s activity. The model is ‘for context’ as a user’s activity is part of
their context [9].

The accretion approach to classification involves resolving a value from evidence
from a number of different sources. The term resolve here has a broader meaning than
simply the resolution of conflicts between evidence. Rather, to resolve means to
make a decision based on all available evidence — which may not necessarily be in
conflict [10]. An example of the accretion approach is shown in Fig. 2. The values
above the lines refer to the confidence of the source's prediction, which is the
probability that the example belongs to its assigned class. The bold lines are
examples of evidence sources considered in the current implementation.

0.73
To Ay 079
As : Location
0.65
From Az Resolver 0.86
As - Calendar
Subject 0.90 As
\ 4

Aﬂ

Fig. 2. An example of the accretion based approach to document classification.

We consider three different resolvers:

*  Confidence resolver uses the evidence source which predicts with the
highest confidence to make itsfinal decision.

* Weighted resolver is inspired by Multi Attribute Utility Theory [11], and
weights the importance of each component’s evidence based on its
previous performance (we use the average F1 value).

« Majority resolver chooses the activity predicted by the most components.

There are 4 main components to the WeMAC architecture: the email and web page
preparation, natural language processing, machine learning and accretion components.
The first extracts textual information from each email and web page. The
components are outlined in Tables 1 and 2. In the situations where emails and web
pages are considered in the same classification task, components are collapsed in
order to have comparable components which are common to both document types. In
initial experiments, we also used feature reduction techniques, specifically stop lists
[12] and stemming (the Porter stemmer in the NLTK library). We found, however,
that the model performed best on tiny data sets with no feature reduction, which is
unsurprising given the small training sets used. Thus our experiments do not use
feature reduction.

Table 1. Components of an email

Component Description Collapsed
Component
To The information about the sender of the mail item Heading
From The information about the receiver of the mail item Heading
Subj ect The subject line of the mail item Heading
Addr ess Any URL’swithin the email. These are identified by those strings which Address
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start with “ht t p: /’, and are terminated by an end of line or space
Payl oad The main contents of the mail item, after removing any addresses. Body
All A combination of the featuresin all components. This mirrors atraditional All
bag-of-words approach, which considers all words together. We also use
the results from this component as our ‘one bag' comparison.

TF.IDF scores are then calculated for each word in the training corpus. ARFF [13]
files are then created for the training document and each testing document for a suite.
Each component of each testing document is then classified using the machine
learner, the Naive Bayes classifier in the Weka Toolkit. We use Naive Bayes, also
used successfully for user-defined email classification (e.g. [5]). The classifications
for each component are used as evidence sources for the user’s current activity.

Table 2. Components of aweb page

Component Description Collapsed
Component
HL Theinformation between ‘h1’ tagsin aweb page Heading
Title Theinformation between ‘title’ tagsin aweb page Heading
Addr ess The URL of the web page Address
Mai n Any information in aweb page that is not contained in the above Body

components. Note that the actual tag text isignored (i.e. the text
<body> and </ body> will not be considered), and text between
scri pt andstyl e tagsisignored.

All As abovein Table X. All

Evaluation

In order to test the accuracy of the WeMAC model on small datasets on each of the
combinations of document types shown in Fig. 1, we performed cross validation
experiments and used a diding window. With our tiny data sets, we ignored
temporality, although it may aid in the classification [14].

Each datic test suite (set of cross validation experiments) contained the same
number of documents from each activity, and if appropriate, each document type. To
ensure that equal numbers of documents from each activity were used in the training
set, we left out a testing document from each activity and if appropriate, each
document type for each experiment. This avoided bias from a larger number of
training examplesin one class.

A dliding window approach ensured the results were stable across the corpus and
not specific to the particular combination of documents chosen for atest suite. Each
window contained at least half the documents from the previous window.

To evauate the performance of the WeMAC model, we varied the resolver, the
combination of training and testing document types, and the training set size, and
compared the WeMAC accretion approach with a ‘one bag’ approach (which did not
split the document into separate components).

The private nature of email means there is no standard evaluation corpus. Nor has
there been work in predicting activities. Thus, we collected data specifically for this
classification task.
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We report the evaluation on 5 users' data. This small number is comparable to
other published work on a user-defined email classification (e.g. [3, 5, 15]). Each
user selected their activities from a predefined list: this was done to encourage users
to classify their documents according to activity rather than a traditional classification
scheme. The list was created based on interviews of research staff and students about
activities they do in association with emails and web pages. The activities were:
Teaching, Subject Work, Admin, Conference, Seminar, Research and Project.

Training and Testing on Emails Training and Testing on Web Pages

| eI O

1 2 3 4 5 1 2 3 4 5
User User

1

@ Confidence
B Majority

O Weighted
O One Bag

o o o o
oN B O ® K

Average F1 Value
o © ©o o

Average F1 Value

o N RO ® F

Fig. 3. Comparison of resolvers and the ‘one bag’ approach for emails and web pages.

All users collected at least 10 emails and 10 web pages for each activity that they
selected as applicable to them. Most users found it difficult to find more than 10 web
pages per activity and commented that for the activities given, they tended to view
only a small set of web pages. However, 2 of the 5 users were able to collect at least
50 emails per activity. This allowed us to compare the results obtained on small data
sets with results from training on a somewhat larger number of documents. Four of
the five users selected 5 activities, and 1 selected 6.

We performed a careful qualitative analysis of al results obtained to ensure that we
fully understood the patterns of performance. The performance value quoted is the
average F1 value. This also maps quite closely to the accuracy, asis often reported in
the literature. We achieved results comparable to those described above, with
accuracy 0.5t0 0.7 for small datasets.

The first evaluation task involved the small data sets, 10 emails and 10 web pages
per activity, with 4 documents per static test suite, 3 windows, a total of 12
experiments. For al users, best performance was with the same document type for
training and testing, as these documents shared the most textual information.

The pattern of resolver performance tended to differ across users for these
experiments, asillustrated in Fig. 3. The Confidence and Majority resolvers tended to
perform consistently well across all users. The performance of the Weighted resolver
when training and testing on web pages generally depended on the performance of the
Address component. If the address component performed consistently well across
most classes, as for User 2 and User 3 whose web pages for each activity generally
came from similar domains, the Weighted resolver could to use this to its advantage.
The Address component was weighted highly by the Weighted resolver due to its
good performance, and as it consistently performed well, the Weighted resolver also
performed consistently well for these users, and better than the other two resolvers.
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Fig. 4. Comparing the performance of the WeMAC resolvers and the one bag approach.
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However, if the Address component did not perform well, then the performance of
the Weighted resolver did not tend to perform well, as the performance of the
components on each activity tended to change over the corpus.

The effect of unstable component performance on the Weighted resolver was
particularly evident for User 1 when training and testing on emails. For this user, the
pattern of performance was so variable that weighting each component’s input to the
decision based on its previous performance caused the Weighted resolver to make
more incorrect predictions and perform particularly poorly.

Notably the one bag approach was quite similar for all users. This suggests that
both are both appropriate methods for email classification on small datasets.

WeMAC performed poorly when training on one document type and testing on the
other. The components performed poorly, as did the resolvers, as shown in Fig. 4.
Even so, all resolvers struggled to reach an average F1 value of more than 0.4.

We then explored training and testing on both document types. The performance
values were typically similar to the average of the results when training and testing on
the same document type. Thisis the case for both the components and resolvers, and
the resolver performance can be seen in Fig. 4. Generally, WeMAC and one bag
approach performed almost exactly equally in this case.

Confidence Resolver (E, E) Weighted Resolver

6 o4
4 m10

1 2 3 4 5 E,E W,W EW,EW EW W, E
User Document Combinations

Average F1 Value
o o o o
o N B O B
Average F Value
o o o o
oA o ok

Fig. 5. Performance change for Confidence resolver over al users and Weighted resolver for
User 1 (key: e.g. (E,E) = train on emails, test on emails).

To ensure that the WeMAC model’s performance on small datasets was not due to
features unique to small datasets, we considered 2 additional sets of results. The first
used 10 documents per activity and document type for each user over 1 window, a
total of 10 sets of experiments. We compare the results obtained on this set with the
above results. The second used the larger datasets provided by User 1 and User 4.
Overadl, as expected, all resolvers and components generally improved or remained
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the same as the number of documents increased, as illustrated in Fig. 5, which is a
representative example of the performance change.

For some users, the improvement in performance for a particular resolver was quite
marked, as was the case for the Weighted resolver for Users 1 and 4. User 1's results
are shown in Fig. 5. The substantial performance increase was due to the
improvement in performance for the Subject and Payload. Generaly, performance
increased by approximately 0.1 as the size of the training set increased from 4 to 10.
For the even larger data sets, we used the number of documents per activity and the
number of windows shownin Table 3.

Table 3. Details the documents used for each experiment

Number of Number of Windows Per Experiment
documents User 1 User 4
per activity Total # documents per activity: 100 Total # documents per activity: 50
4 30 20
10 15 8
25 5 3
50 3 1

The results for these evaluations are shown in Fig 6. All resolvers clearly improve
their performance as the number of training documents increases. The Magjority
resolver consistently outperformed the other resolvers for both users, followed by the
Confidence and then Weighted resolvers. The Weighted resolver performed least
well for User 1, and approximately equal to the Confidence resolver for User 4. For
the Weighted resolver to perform well, it required a consistent pattern in performance
for the components for the classes they predicted well. The components for User 1
did not exhibit this behaviour, as each component’s performance in predicting each
activity changed over the document set. However, the components for User 4 did
eventually tend to exhibit this behaviour.

The importance of resolver choice for different usersis especialy evident in Fig. 6.
For User 1, the Mgjority and Confidence resolvers performed almost 0.2 above the
Weighted resolver. However, al resolvers performed similarly for User 4's data.
This illustrates the fact that different methods of combining evidence may be more
appropriate for different users.

User 1

User 4

0.8

0.6 —

0.4

Average F1 Value

0.2
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—=— Confidence
—— Weighted

25 50

Average F Value
o O o o
o N b O ®©

25
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Fig. 6. Rate of learning for the different resolvers on Users' 1 and 4 data

The results on these larger data sets demonstrate that WeMAC can also perform
well not only on larger training sets. Thus, we have shown that the WeMAC model is
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afeasible general approach to heterogeneous document classification, here for emails
and web pages.

FutureWork and Conclusion

The development of the WeMAC model grew from the goal of predicting a user’s
activity from atiny number of training documents and heterogeneous document types.
We found that even training on just 12 to 15 documents, we were able to achieve
average F1 around 0.6. As expected, the performance improved steadily as the
training set size increased. As WeMAC was intended to resolve evidence from a
number of different sources, it would be interesting to determine whether contextual
evidence sources such as location or time improved the performance of the system.
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