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Abstract. A Bayesian hierarchical model is applied to the context-
aware collaborative recommendation problem. The proposed method treats
users, items, and contexts symmetrically, in contrast to ex isting context-
aware extensions of collaborative lters, which treat them asymmetri-
cally. Evaluation using internet questionnaire data demon strates that the
proposed method outperforms conventional collaborative | tering (CF)
models and is very stable, even when the number of ratings is very small.

1 Introduction

Incorporating context-awareness of users' preferences isnportant for recom-
mender systems[1]. In particular, recommender systems fanobile devices should
cope with changing contexts of users. We have constructed #ibute-based pref-
erence models using Bayesian networks and developed a coxt@ware movie
recommender system for cell phone users using the model[2h this paper, we
propose to apply a simple Bayesian hierarchical model for ggext-aware collab-
orative lItering (CF).

There have been several studies extending CF to handle di exnt contexts[1,
4]. Most of these reduce 3-way (user, item and context) ratiig tables into 2-way
tables and apply conventional CF methods. Here we treat 3-ws rating tables
directly by modeling the preferences/ratings with a simple Bayesian hierarchical
model.

2 Bayesian Hierarchical Preference Models

Bayesian hierarchical modeling is a very e ective tool for $multaneous estima-
tion of several parameters over similar units, and is used t@apture heterogeneity
of subjects in areas such as marketing and ecology[5]. In theontext of user mod-
eling, estimating personalized parameters; using observed responses; from



N users is a typical case for which the following model is e edve:
ri - p(ridpCiop( ), i=1; N;jj =17 K|

There have been several applications of hierarchical modielg to information
Itering problems[6]. Most of them are hierarchical extensons of content-based
models. We propose to apply the following simple linear Gausian hierarchical
model directly to the problem of collaborative prediction of ordinal ratings r:c:s
by useru for contents c in context s.

fues  Normal( yes; 1= ); gammag(; );
ws= ot ut ¢t s o normal(; );
u normal(0; 1= ); gamma(; );
¢ hormal(0;1= ); gamma(; );
s hormal(0; 1= ); gamma(; ):

3 Experimental Result

We applied the proposed model to our food preference datasebllected by means
of an internet questionnaire in December 2008[3]. In the datset, 212 subjects
rated 20 food menus in 3 di erent conditions (hungry, normal and full) using
a 5-point scale. Each subject rated 5 menus in 2 conditions. ehce, the total
number of ratings was 2120. We divided the dataset into trainng data and test
data as follows: First, we chose 50 test users randomly; therwe randomly left
some ratings out of the 10 ratings of each test user for testig. The rest of the
ratings are used as training data. We change the number of rangs left out per
test user from 1 to 9 as a control parameter in the experiment.

We repeated the data division 10 times and evaluated the meanf the mean
absolute error (MAE) and mean squared error (MSE) of the rating prediction
for the left out test data. For comparison, the performancesof conventional
correlation-based user-based collaborative Itering (CH, and the hierarchical
model without the ¢ term (context-unaware) (HB2) are also shown. In the CF,
we treat items in di erent contexts as di erent items. We use WinBUGS to make
Markov Chain Monte Carlo inferences. Figure 1 summarizes tb results. We set

=2:0, =10; =2; =1, however, the results are robust with respect to
these parameters.

The results demonstrate that the proposed simple hierarctial model out-
performs conventional CF. In particular, when the number of omitted ratings
is large, the improvements of the proposed model become laeg This implies
that the hierarchical model is very e ective at coping with t he "cold start prob-
lem". Improvements of the MSE when considering context werealso shown. We
applied paired t-test and con rmed that the MSE of the proposed method is
smaller than that of CF and HB2 at the 5% level even in the case hat the
number of the left out sample is 1.
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Fig. 1. MAE and MSE of the predicted ratings for test data

4  Conclusion and Future Work

We proposed to apply a simple Bayesian hierarchical model t@ context-aware
collaborative ltering problem and show the e ectiveness of the model using
internet questionnaire data regarding food preferences. Bhough this analysis is
preliminary, the results are promising.

Future work will include integrating collaborative and content-based lItering
within the proposed framework, seeking faster algorithms gplicable to large-
scale datasets and applying non-Gaussian models for ordihaategorical data.

Acknowledgments.  We thank Dr. Shigeyuki Akiba, President and CEO of
KDDI R&D Laboratories Inc., for his continuous support of th is study. This
work was supported in part by JISPS KAKANHI 20650030.
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WAI-WEB: Traveler assistance adapting user interfa@
and routes to people with cognitive disabilities
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Abstract. This paper presents an ongoing work named WAI-Welraveler
assistance adaptive system focused on users withitoe disabilities. Users
have different profiles that reflect their cognéiskills and route preferences. In
addition, user interface is adapted by varying #pplication content and
dialogue. Routes are also personalized accordimgQss profiles. Finally, a
caregiver configuration tool supports the user&figcreation.

Keywords: User modeling, Adaptive User Interfad@pgnitive impairments,
Public Transportation Service

1 Introduction

One of the most common issues for people with dogndisabilities is facing the
difficulty of traveling through the city. Publicansport networks are a very complex
large-scale system. For a person with cognitivaldigies, learning a new route in
those scenarios can take several months [1]. Bgsidaps and schedules are the main
tools for understanding those kind of networks, taty are not designed bearing in
mind the cognitive skills of this collective. Indbe standard maps and schedules, the
information is presented globally and using a highel of abstraction. However,
users with cognitive disability prefer sequentiapresentation and more concrete
indications. Additionally, there are extra consat@ns that are also important such as
the difficulty of taking decisions when somethingusual happens, i.e., the line that is
used for going to work is broken down and it isessary to calculate an alternative
route.

Thus, cognitive assistance during traveling is megi New tools have been
designed for facilitating this task such as Mobpiktgent [2], Opportunity Knocks [3],
Indoor Wayfinding [4], or WADER [B]. This paper presents a complementary
approach: WAI-Web. It is an ongoing work that foedson adapting both the
calculated route and the user interface. WAI-Webdsed onVAI-Routes [6]. The
main goal of WAI-Web is to calculate the best robetween two coordinates in
space using the public transport network. The systepports a variety of filters that



can be used for personalizing the output roBR@ssible examples are to eliminate a
certain stationl(want to go from P1 to P2 without going through ®bway station,
since it is a complex transjeor to avoid a certain lind (vant to go from P1 to P2
trying to avoid the L1 subway line since it is udparowed).

2 Adapting routes and user interface

WAI-Web is focused on people with cognitive disdlas. In particular, we are
working with students of the Universidad Aut—nom&ddrid in the first and second
course of an employability project for cognitivellypaired population. These are
young people with intellectual disability for diffnt reasons: Down's syndrome
(primary trisomy and mosaicism), Turner's syndromoerebral paralysis and
encefalophaties with not specified aetiology. Mmep the system can also benefit to
occasional travelers and elderly people.

It is assumed that each user has associated ongoi@ caregivers that are in
charge of creating and configuring the differenofies and groups the user can
belong to.

There are three different entities in the applmatimodel: users, groups and
favorite destinations. Each user has a particutafilp that defines constrains for
calculating the routes and the presentation optiédnsiser can belong to several
groups, and each userOs group shares a commde atficomplements the personal
one. Finally, each user can have several predefmettite destinations.

Regarding to the cognitive disability, users ar@ssified in three different levels:
low, moderate and high. These levels have beerif@dehby interviewing several
experts on disabilities. Each userOs level is a$sdcto particular cognitive needs,
and determines the user interface appearance alugjde.

WAI-Web allows configuring three different kinds pfofile for each user. Each
profile is associated to one of the aforementiosetities and it is composed by a set
of constraints where each constraint correspondsi¢oof WAI-Routes filters [6]. For
instance, a constraint can be OAvoid to take heos ODo not transfer in station A or
BO. Besides, constraints can be modified by terhporalitions such as ODo not use
tramduring the weekertl.

Thus, each user can have a particular profile, reévgroup profiles and one
different profile for any of her favorite destinais. Route calculation is adapted to
each user according to userOs profiles. The systerbines the constraints belonging
to different profiles according to the followingleu If the route destination coincides
with one of the favorite destinations, only theresponding constraints are applied.
Otherwise, the aggregation of personal and gromgtcaints is applied.

User interface is adapted to suit both the conpeaesentation and the application
dialogue according to the usersO cognitive skillsus, the final layout has different
degrees of verbalization varying from iconic to ttea representation. Start and
destination point selection is presented in aneeitiiobal (all the information in one
screen) or sequential mode (one-by-one selectimd, finally, routes are showed in
three different ways: linear, alone or real mape Tirst one presents the route stops in
a horizontal or vertical line (depending on the rupeeferences). The second one



shows an alone and simplified version of the rduté similar to the original map.
Lastly, the third one highlights the route in tle@alrmap.

At present, we have already developed a first pyp®composed by two modules:
Adaptation engine an@aregiverOs Configuration Tool. Firstly, the adaptaengine
contains the user model. It is responsible of: l@osing the right presentation and
dialogue settings for each user, b) receiving tteet sand destination points and,
tailoring the query depending on the userOs pro8kcondly, the CareglverOs
Configuration Tool allows the caregiver to defirfee tuser model including userOs
profiles (personal, group and favorite destinatioa)d cognitive level. The final
result can be accessed by standard web browsers.

4 Conclusions and future work

This paper presents a traveler assistance adaptesets with cognitive disabilities.
User interface is adapted according to the usexstive skills. The route calculation
is also tailored, presenting different output reutiepending on userOs profiles. As
future work, user activity on the system will be mitored, so if cognitive skill
improvements are detected, the cognitive levelbmopgraded.

Acknowledgments. This work has been partially funded by the follogiprojects:
HADA (Ministerio de Ciencia y Educaci—n de EspaH&2007-64718), Vesta
(Ministerio de Industria, Turismo y Comercio de Bsp, TSI-020100-2009-828) and
eMadrid (Comunidad de Madrid, S2009/TIC-1650).
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Using Wikipedia’'s Categories to Study the Coveragef
a User’s Interests for a Web Page Recommender
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Abstract. One major concern in the acquisition of user m@delits ability to
elicit user interests. A user’s interests may betiplal and diverse, or few and
focused within a domain. We suggest adding an réstecoverage” dimension
for semantic user modeling. The Diversity Indexpisposed to represent the
diversity of a user’s possible interest areas basedhe selected categories
from Wikipedia. This paper evaluates the indexragatrument to identify and
represent a user’s interest coverage.

Keywords: user modeling, personalization, diversity, Wikipgediecommender

1 Introduction and Related Work

In this paper, we are interested in using Wikipedéategorical structure to study the
coverage of a user’s interests to then allow welepacommendations across web-
sites. We define interest coverage as the semassiaciation among identified cate-
gories of interest to a user within a selected dom@ikipedia’s content is highly
accessible and constantly changing; therefore, xpea@ using its categories as a
shared knowledge source and protocol would be a& rdgnamic and flexible plat-
form for user modeling.

The importance of interest coverage is dual. On lvaned, the coverage of a user’s
interests may imply the user’'s expertise in a domRiage recommendations may
consider the expertise and avoid recommending &nductory page to an expert
user even if the page is semantically relevant. tli@nother hand, through a recom-
mender system that considers diversity, we inteniddrease the possibility of infor-

mation encountering and discovery [3]. Informatemcounter is broadly defined as
the chance or memorable experience to gain valuabigeresting information out of

a random exploration.

Related studies on promoting diversity in recomnagiois include Symth’s discus-
sion between the tradeoff of similarity and divergé] and Ziegler's effort in look-

ing into intra similarity among different recommextion lists [6]. Both studies are
concerned with the diversity given a selected topisich differs from our focus on



the diversity of a user’s interests in differenpits within a domain. The identifica-
tion of a user’s interests is as important as renendations based on content similar-
ity. Another similar attempt to elicit user intetess found in Szomszor et al's work
[5]. They adapt Wikipedia's categories to consdkdaser profiles, particularly tags,
from two social networking sites: del.icio.us arlatls. One major distinction is that
our work takes the content-based approach whilséolomy analysis is Szomszor et
al’'s primary effort. Content-based approach appiesany website, which does not
limit us to social websites that rely on collaboratfiltering or tagging. Furthermore,
our work emphasizes examining the coverage of dsusgerests while interest ac-
quisition is Szomszor et al’s focus.

2 Method Description and Preliminary Result Discussion

Using the categorical vector-based model we derik@d Wikipedia in the computer
science (CS) domain [2] we model a user’s intereist@ssociating web usage pages
from various websites with the selected categdrm® Wikipedia. We classify user
interests into Wikipedia's categories. The clasatibn captures the closest mapping
and identifies the most promising categories oériedt to the user. We further make
use of the topological relation of categories aodstruct a minimal spanning tree of
such promising categories. A varialesersity Index(Dl) is defined as the cumula-
tive weights of all edges in the tree. Edges arghesl differently according to the
relation (hierarchical, adjacent, or associativeween two categories. In addition to
the index, clusters of promising categories aratifled as well. DI is used to priorit-
ize recommended pages that are selected by theecsisnilarity measurement. This
measurement commonly applies to content based reeadhations. Our system al-
ternates recommendations from one promising cageigoanother or other adjacent
categories at a frequency rate proportional touger’s DI value. Thus, a user with a
higher DI value receives recommendations in motegeaies or topics.

Table 1. Diversity and Interest Clusters

# Topic(s) DI Interest Clusters

1 Databases(DB) 41 DBSCS organization3

2 HCI 35 HCI5 Graphics3SE3 Computer architecture(CA)3
3 Algorithm 35 Algorithm13Theoretical CS3

4 Software(SE) 77 SESDB3, HCI3, CA3

5 Data Mining(DM) 65 Algorithm8DB4, Artificial intelligence(Al)3

6 SE\HCI 70 SEBHCI4, DB3, CA3

7 SE\Algorithm 64 Algorithm9SE4 Theoretical CS3

8 SE\DM 67 SE4DB4, CA3, Al3, Algorithm3

9 Participant 1 65 DBBComputer security4zomputer programming3
10 Participant 2 84 DB6

Regarding evaluation, we examine DI's accuracy dytrolling the input values, i.e.
a user’s topical interests, and then validate titewd values. We anticipate a low DI



value for “focused” users and a high DI value fdiverse” users. We created 8 simu-
lated users by respectively selecting 10 pageso[t¢present each user's interests in
computer science (CS) related topics, as listeéthinle 1. Additionally, we had 2 CS
participants who provided 20 usage pages. Tablesdlays the DI values and the
clusters with cluster size underlined. Larger @usizes imply stronger concentration.

According to Table 1, not only does the DI apprcadiety quantify the coverage of a
user’s topical interests, but topical clusters thatuser focuses on are identified also.,
both of which help to comprehend the semanticssefsi Simulated users (#1-3) with
a focused topic have lower DI values than users mitltiple topics (#6-8). Note that
DI values depend on the nature of topics as weftw&re and data mining (#4-5) are
application dependent and diverse, which thus tegieer DI values. Both partici-
pants (#9-10) are interested in topics of thedistieister(s). Their DI values indicate
their interests in multiple topics, which were domed by them. Participant 2 has a
work-related concentration in the DB area in additio other interests.

Diversity Index is an indicator for the coverageaofiser’s interests within a domain
but not an absolute value. However, the interegéi@me dimension has implications
for web page recommendations. For users who hassesdi interests within a domain,
they could receive recommendations in more top@snversely, “focused users”
could receive recommendations in the advanced efemn identified topic. Both
cases increase the chance of discovering novetr@ndipitous information. Other
potential applications include formulating a pemoontology and facilitating exper-
tise discovery among users, among other things.
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Abstract. Most user models in adaptive hypermedia systems rely on server-side
data collection, such as pages visited or links selected. The worniteckpo

here seeks to expand the inferences that can be made dienbaide, by ob-
serving and analyzing patterns in the users’ intaradiehavior such as mouse
moves, clicks, text selection and scrolling. These patterns caseuoeto esti-
mate with high levels of accuracy what the user is readingpage. In an em-
pirical study involving gaze tracking of 13 participants we validateddtpat-
terns and analyzed different prediction models. We established that adtigh f
quency of mouse moves on a page, clicks on text and the rheumgin mo-

tion strongly contribute to the accuracy of predictions of what usaes tread.

Key words. interaction monitoring, gaze modeling, eye-tracking, empirical
study, mouse activity

1 Interaction Data in Adaptive Hypermedia

Traditionally adaptive hypermedia systems (AHS) use server-side data collection
for inferences about what the users have read, are interested Theetesers’ client
side behavior has long been identified as a potential additional source of indormat
towards the goal of increasing the accuracy of assumptions regaiaiighey really
read while at a page. Previous work exploited client-side data collection toydentif
general “level of activity” 1], the reading time [2], or learning types [3] based on
patterns in the mouse behavior. Rather than making inferencegyes as a whole, it
is possible to treat fragments of a page separately [4]. We decided he gtep fur-
ther, and examine whether it is possible to increase the accuracy of preditding
user was looking at while at a page, by identifying and interpreting &ppatferns in
the user’s interactive behavior.

We introduced a number of hypotheses on usage patterns usetsshughand,
based on their observation, what additional inferences could be made on eye gaze.
In order to test our hypotheses, we designed a study that would wléovcom-
pare users’ reading batior when encountering different types of text, with their in-
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teractive behavior while reading these texts through a browser. Rératiagior was
determined through eye-tracking, whereas interactive behavior wadedahrough
the purposely developed JavaScript library. Participants were given feasrtéager-
form, each based on a different type of text typically encountered omsteu€tions
and additional information for a board game, a set of search reshkg|th-related
article, and a set of news items). All material was presented through acfé&én,
running a 1280x1024 resolution. The preliminary results presented betobased
on 13 participants (6 male, 7 female) completing the first task.

The study itself was organized as follows: After answering a questionmade-o
mographic data and prior knowledge, participants completed a reading tegeed
Next, participants were instructed to read a series of four different tfped on the
screen. The first text, and the one addressed in this paper, intrquartieghants to
the Game of Go. The text was split into seven pages. It comprised text (6a. 701
words), graphics (11) and pictures (5).

While participants were reading, two types of data were recorded. Firgtlyath
vaScript library, embedded in each web page, recorded all mouse anarkklgbba-
vior, including the mouse position, mouse clicks, keys pressedaunliing events.
Secondly, using the eye-tracker, we recorded the actual gaze position.

2 Results

In total 112 page requests have been observed with a page being wvised 1096
seconds with a mean of 12P=116s). On average each user spent 17.5 minutes on
the information on the game of Gior this study we have defined a “mouse move”
to be any set of changes in theuse pointer’s position, preceded and followed by at
least one second of idle time (i.e., time during which the mouse poipEsiton
does not change).

Even without looking at particular interaction patterns, the current mowss#opo
can give a very rough indication of where the user is lookingism@and eye position
are correlated, both horizontally (r=.101, N=89739) and vertically (65.8589739).
The vertical correlatids beingmuch higher than the horizontal correlation might be
due to users not typically following their gaze with the mouse fedto right when
reading, but pointing” at the paragraph.

The first step towards improving upon this baseline correlation wasdigit that
some people use the mouse a lot, while others “padsg Ibng as they do not need it.
On pages where the mouse is moved frequently it should be &as&imate where
people are looking. For pages where users moved their mouse fregtrentiyouse
pointer’s position isstrongly correlated with the positicof the users’ gazé he fre-
quency ratio (FR) denoting the proportion of time moving the mausa page was
used as a filter for selecting pages. We applied filter settings between 25%fand 7

Is it possible to improve prediction of gaze by considering the freguaihrmouse
usage on a page? The higher the percentage of mouse movemenisgethbdodis-
tance between mouse and gaze positions (r=-.299; N=89739). Weets eve fil-
tered by the level of frequency of mouse movements, the correlatimages even
further (see Table 1). The more restrictive the filter, the higher the comelhtiac-
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cordance with the baseline, the correlations in the vertical direction are higher than in
the horizontal. The correlations get even higher when limiting the an&bysigents
when the mouse is actually in motion, both in horizontal (e.ge=.746, N= 36202
and k50=.777, N= 21270) as well as in vertical (e.@as9=.521, N= 36202 and
r.750=.580, N= 21270) direction. Further to the above, results also showaiesotine
events like clicks on non-link text and text selections are very well stoitetntify
whether the related paragraph has been read, although the improvepedictfon
they afford comes at the expense of limited coverage.

In summary, we found that certain patternsugers’ interactivebehavior can be
used to approximate their gaze position. Based on these results we are cdeently
veloping a prediction algorithm that is used by the client-side monitore@hamism
to deduce what parts of pages users have focused on. The algosiéisnweighted
interaction pattern-based indicators that combine several of the reported results. We
plan to implement it as a JavaScript library that can then be integrated ynAalap-
tive Hypermedia System to improve the granularity and accuracy omasials with
respect to what users have really looked at while on a page.

Table 1. Correlations of x and y positions of mouse cursor and eye gazendlag on the
frequency of mouse usage. Regression model: eye pos. = (weaighist pos.) + constant

Frequency of Correlation Regression model: mouse on ey
MOUSE MOVES oy ys mouse N constant  weight sig.
vertical baseline .250 89739  345.133 0.228 .000*

frequency > 25% .608 39134  211.082 0.567 .000*
frequency > 50% .658 21906 173.328 0.613 .000*
frequency > 75% .746 16360 165.461 0.666 .000*
horizontal  baseline 101 89739  577.499 0.075 .000*
frequency > 25% .393 39134  385.193 0.386 .000*
frequency > 50% 493 21906  241.912 0.604 .000*
frequency > 75% .560 16360 188.254 0.727 .000*
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Abstract. Web Dynamics has been recently considered in the context of the
analysis of how people search and re-search information on the web. fiéhere a
lots of challenges and opportunities when considering user behaviour. In this
paper we propose the way to tackle some of them by applying versioning
methodologies (as a backend solution) in the context of content changes, user
re-visitations and re-searches on the web, as well as Adaptiverrhiygia

(AH) techniques to overcome visualisation issues (as a frontend solution).
Essentially we bridge versioning and AH in the field of Web Dynamics
showing how versioning helps to make the adaptation scrutable.

Keywords: adaptive hypermedia, versioning, web dynamics, user modelling.

1 Introduction

In a dynamic information environment such as the Wb understanding of the
constantly evolving content is becoming an issue [l Main problem is that user
behaviour is influenced by the fact that changehéodontent are observed. These
changes may cause re-visitation and re-searches ftgaime” information.

In order to cope with the information overload issuehanges and evolving
structures on the web we may think of using versioaimgroaches and technologies.
Besides this, the rates of web re-visitations and re-sesfg¥hich are estimated to be
very high [1, 3], e.g. re-visitation rates are abb0t80%) incite us to investigate
versioning in the area of user visitation and seaettabiour.

We essentially consider a number of scenarios of bigdgirersioning
methodologies with AH. The first one is the backentutsm, which employs
conventional source control approaches. Secondycamsider the front-end solution
that uses AH methods and techniques, presenting vedsioformation to the user.
And as a result we think that these two can be meamgmdng towards an intelligent
versioning cache system or a proxy that would servena8daptive Hypermedia
System (AHS) and would function as a proxy betweercoaventional web
information system and a user (user profile) retrigyidispatching and presenting
adapted information (web content, user queries, sis#sd).
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2 Versioning to Support AH in a Dynamic Web Environment

Considering the basic concepts of versioning we canecomwith the following
classes of operations which will reflect typologicat astructural types of changes
and capture changes in the dynamic web environniém.following taxonomy of
changes was extended in the field of AH [4]. Hereewtend and elaborate it in terms
of Web Dynamics, describing properties and potentidls/ersioning operations
which could be used mostly as a backend solution te,dteep track of changes and
retrieve them for further analysigiransformation — is a set of actual changes;
Conceptual changesrefer to changes of the structure, relationshipsresgmtation
aspects Descriptive changes- dealing with metadata describing the intentions, user
or author credentials, and reasoning behind the @sa@gntext changes- describe
the environment in which the current update occuads the environment where it is
valid.

Much stress has been placed on the visualization pagtgearches and re-visitation
cases, presenting mostly ‘historical’ snippets in the cheaesult list or browser
extensions which highlighted the difference in thevereversions of the document
[3]. We take a look at the visualization issues througdddi research and use content
and presentation adaptation techniques introducerk tf in order to support
versioning visualisation. At the same time one mayswar different versions of
some content and apply the same techniques from théedHtaking into account
the fact that different versions just represent théewiht variants of the same
fragment as it is done in AHS.

3 Use-Case: User Web Activity in a Versioned Environment

Search
UM.ver.1 results 1
logging user bahaviour
UM ver 2 Search
user T Q results 2

Web page

\

cached

Old version of Web
page (ver.1)
Page content
changed
v

. New Web page
difference (ver.2.)

new Proxy: Retrieving and presenting
query versioned results:
I:> - history of queries with related
information
<:| - difference between search results [« gifference
. comparing to the current query
“ _Showll’ng - for the chosen result the difference
‘versioned” results A
to the user of web page is presented (between

cached and current version)

Fig. 1 User web activities in versioned environment

In Fig. 1 we present a use-case bridging versioningoagpes used to track user
activities in the dynamic web environment with the Akesentation of the versioned
content (e.g. user search results history, changesbrpages, etc.).
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We have a user, who searches and browses through th& nenitial state of UM
(UM.ver.1) starts accumulating search and visitati@iony. As the user continues
the interaction he posts a new query. An Adaptive Pretyeves the previous state
of UM and search queries and result lists with changddM. These changes are
processed and compared to be presented, providingpamtopity to see what other
related queries and results he has already donea Aesult actual changes of a
particular page can be retrieved and presented usihdeshniques. Search results
could also be presented using AH techniques and re-a&dlaagcording to a new
global or personalized ranking that may change tirre for various reasons.

4 Innovative Aspects and Prospective Solutions

Here we would like to conclude and outline the adlageous, innovative aspects and
prospective versioning solutions in web dynamics. Thes¢harfollowing:

System Design and Authoring- versioning helps to create, maintain, re-use,
reconcile concurrent versions of an application, rhadea particular property or
value, saving authoring and design effort.

Storing — versioning provides an efficient way to store chandgbel and annotate
them. It facilitates convenient, hierarchical struetypresentations and offers a
number of operations to handle it.

System Maintenance and Suppeo#tstructured changes and a number of operations
(e.g. merge, resolve, etc.) are sufficient to maintand reconcile application
conflicts, inherit functionality between system versions

Logging — logging changes provides flexible playback possigédiand can serve as a
basis for system analysis. Logging user updates will progidground for user
behaviour comparison.

Analysis— step-by-step system and user behaviour analysis isdtagilitVersioning
which provides hierarchical incremental logs expltits transparency of the system
functionality and evolution of the user web envir@amn
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Abstract. When inferring a user!s knowledge state from naturally occurring
interactions in adaptive learning systems, one kasmakes complex
assumptions that may be hard to understand forsus@éfe suggest
MyExperiences, an open learner model designed foeset specific
requirements. MyExperiences is based on some of the key design principles of
information visualization to help users understémel complex information in

the learner model. It further allows users to &ulir learner models in order to
improve the accuracy of the information represetitede.

Keywords: open learner model, information visualization

Introduction

Knowledge Indicating Events (KIEs) [1] have beemgested for diagnosing user
knowledge in an adaptive learning system. Similar approaches to assessing user
knowledge from different sources of evidence hasenbproposed (e.g., [2, 3]). KIEs
are naturally occurring actions from which evidence for a user!s knowledge legel for
concept is inferred. Because no additional intevactvith the users is needed to
diagnose knowledge levels, the KIE approach is @ajpe useful e.g., for work-
integrated learning. However, employing KIEs isdzth®n assumptions which may
not be valid in all cases (e.g., "a user who read&ext has learned about the
underlying concept#). Moreover, the diagnosis @rusiowledge based on KIEs is
not necessarily understandable for users.

Open learner model@OLMs) [4] enable users of adaptive learning systéo see
the details of the information held about them a# as the processes used to gather
this information. Thus, we regard OLMs as powerfoleans to enhance
understandability and accuracy of knowledge assessbased on KIEs. We present
MyExperiencesthe OLM of the adaptive learning systePOSDLE Because in
OLMs the way the information is displayed to theerusgs critical, the design of
MyExperiences is based on the principles of infdromavisualization condensed in
Shneiderman!s well-known mant@verview first, zoom and filter, then details-on-
demand5].
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MyExperiences: The Open Learner Model of APOSDLE

APOSDLE!s open learner model, MyExperiences (Fig. 1), allows usarséss their
learner model in order to understand how their Hedge level in certain concepts
was diagnosed, and to change its content, if napgs$ypically, ~100 concepts are
represented in the learner model. For each conoaptof three knowledge levels is
automatically diagnosed with KIEkarner (e.g., asking for a learning hintjorker
(e.g., performing a task related to the concept),sapporter(e.g., being contacted).

In terms of data structures, the APOSDLE learnedehis a forest of trees with
the knowledge levels being the roots of the tréHse children of each root
(knowledge level) are all concepts for which theresponding knowledge level was
diagnosed. The children of each concept again are the KIEs that occurred for the
respective concept. Due to the large amount of ¢faienber of knowledge levels,
concepts, and KIEs), we chose the tree map [Ghaaesfilling approach, as the core
technique. By combining the tree map (right parfigf. 1) with the familiar tree view
(left part of Fig. 1) as coordinated multiple viewlse user can get a quick overview
(tree map) and browse to details in a familiar whinteraction (tree view).

O search:  [<searchtext= M select Medit (1 wnizoom “You have been working with 30opis 50 far

7 [ vouare a L
+ & wissensmana gement (&
» (& Innovationsmanagement (3)
» (5 Marketing (5)
+ (& Wetibewerbsanalyss (3
& vietibewerbsanalyse (3 fizsensmanagemert(5) Innovationsmanagement/(3) Marketing|(3) ietthewerbsanalyse|3)
‘Worker
v (& You are a Worker in ERESI) Quantitative Bewe...
» (8 Soriale Netwerkanaiise () R - Creni 1—1]*“'""""'"'“ & Suchfeldbestimm-- Markta
> & Produbiat (SN (4) | Viertanalyse (1)
+ [ Benchmarking (21) IScan](2)!
> (& QFD- Quality Function Deploy umktionenanalyse (1) L
» (& Funktionenanal lyse (13

+ (i Trendanalyse @)

» (& screening (2)

» (& Open Innovation ¢3)

* & \deenfestival (3}
S

Supporter

Open Innovation .. | SVOT-Analysell3) Matkt- und Vrett... Systematiseh - a..
Trend (3)
Benchmating2ty L APOSD...
rendanalyse

deenfestival (3) |\ 4 iy — hreative Mot... KScan (2) Bowertungskiteri..

¥ (&5 ¥ou are a Suppoter in
> (B Kreativitat (7)
[ Kreathitatstechniken*® (30

Kreatintiti@) L i it stechniben* (30):

Fig. 1. The tree map-based open learner model of APOSDLE

This is how MyExperiences relates to the princigdésnformation visualization
overview, zoom and filter, and details-on-demand;BMperiences is divided into
three rows (with different colors), one for eachowtedge level. Each row in
MyExperiences consists of the tree view (left) and the tree map view (right).reéach t
map gives aroverviewof all the concepts for the specific knowledgeelevFor a
concept, the number in brackets indicates the nurobeelated evidences (KIES).
The lighter the color of such a sub-rectangle,higher is the relative occurrence of
this event for the concept. The aspect filtering is realized with the search
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functionality on the top left. The user has severaksibilities to interact with
MyExperiences. Common interaction techniques Ekéectionand zoomingenable
the user to investigate the OLM, either as an dearor in detail. Zooming one step
into the tree map allows the user to understand tiveyspecific knowledge level was
inferred for this concept. In this zoomed view, tlser is provided with the additional
information about which evidences (KIEs) occurreswhoften for this specific
concept {etails-on-demand The user also can alter the knowledge leveldioy
concept and resets its own changes to the systiuisions.

Discussion and Future Work

Outcomes of informal interviews with APOSDLE userdicate that MyExperiences
improves understandability and accuracy of the ABPUES learner model. Still, this
needs to be evaluated systematically in usabiiitsiiss. Concerning the visualization,
we see two main avenues for follow-up. First, wanplo provide users with visual
clues about uncertainty in automatically diagnokedwledge levels. Second, users
should be able to see the development of their ledye levels over time. One
possible disadvantage of the current realizatioMgExperiences is that concepts
without KIEs do not appear in the visualization ahds cannot be altered by the
users. This may be overcome in a future version.
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Abstract. When people explore Web pages they make extensive use of knowl-
edge about how and where the information tends to appear. This paper proposes a
probabilistic approach integrating both goal-directed and stimulus-driven mech-
anisms to predict users' visual attention deployments during informational tasks.
Our model incorporates Web users' expectations about information allocation
within Web pages into the model. An eye tracking experiment shows that our
model performs as well as or better than existing models.
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1 Introduction

Visual attention working as a °selective ®lter® constrains people to engage in detailed
inspection of a very limited spatial region [3]. People therefore have to view particular
regions in a serial manner. In this sense, an understanding of how users view Web pages
when they are seeking information has become an important research area in terms of
improving the ef®ciency of the interaction between the human and the Web.

Fundamental knowledge about viewing behaviors on Web pages has been pro-
vided by previous empirical studies [1,5,6]. Based on these, viewing behaviors on Web
pages have been explored by various computational modeling approaches[7,8]. How-
ever, none of these approaches can integrate both the top-down and bottom-up cognitive
factors which are crucial in terms of visual attention deployments [2].

2 Probabilistic Model

An ideal observer will ®xate on the points within a Web page that have the highest
probability of containing the information to meet the goal which we call a target, given
the available Web information. Whether the information conveyed in a location is se-
lected as the target depends in part owittty. This is a binary decision: either the user
®nds the information provided at the regigsefulenough to ®xate on it over and over
again or not. In this sense, we introduce the latent varidhdienotingutility. Thus, se-
mantic features and visual features are conditional independent giilign The joint
probability distribution factorizes as follows:

p(G;U;V;S;L) = p(GjU; L)p(UjS; V)p(S)p(V)p(L) 1)
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Given the observed Web page pointve can represent the evaluation process as
p(G =1;U = ujjV = vi;S = s;;L = I;), and propose that this evaluation process
as the user's Selection SensitiviBS. Following Equation 1 and Bayes' rule, we can
divide the Selection Sensitivity probability function into a set of components that can
be interpreted in terms of different mechanisms involved in the information-seeking
behavior:

ss; = p(G =1;uijvi;si; i) @)
_ p(ujc=1) . .
- Wp(uuv“s.)p(G =1jly) 3)

The probabilityp(u;jG = 1) is deterministic (and equal to 1) because once point
is considered to contain the target piece of informationytily is determined. Then
the ®rst termi=p(u; ) is the self-information of poirit The second termp(u;jv;i; s;) rep-
resents the constraint of users' utility evaluation. The third tef@jl;) is independent
of visual and semantic features and describes the user's expectation about the possible
location of the target information within the Web page.

3 Experiment

Ten college students were recruited. Eye tracking was performed with the Applied Sci-
ence Laboratories (ASL) 6000 remote eye tracking system. 50 Web pages were dis-
played in random order and the participants were asked to search a piece of information
in each page. The system calibration was checked after every 10 Web pages. A ®xation
was detected by the software after steadily gazing in an area with a radius of 50 pixels
for at least 100 ms.

4 Results and Discussion

We adopted the performance evaluation strategy in [4]. Thus, for the evaluation of each
model, we used 100 random permutations of the prediction maps to calculate the area
under the ROC curves for lItti's visual saliency model, LSA-SF model and our proba-
bilistic model, and the values are 0.58, 0.62 and 0.67 respectively. Figure 1 displays two
representative cases with ®xation data map and all the model predictions.

Our model predicts that participants tend to read the organizational text which is an
optimal behavior as what an ideal observer should do (see Figure 1) in terms of Web
page viewing. This suggests the importance of navigational cues such as header bars
and organizational texts that help facilitate users seeking target pieces of information
on Web pages. From the results, we can also see that participants' ®xation data are
often clustered in the center of Web pages, which was not accounted for by any of the
previous models.

5 Conclusion

We derived a probabilistic model in which the three critical cognitive processes were
combined to make better prediction on users' visual attention deployment. In future
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analysis, we will extend our model into a non-parametric analysis in order to investigate
the viewing behavior differences between individuals or types of Web pages.

—_— .
Lot ]

Er————————

(a) Web page (b) Fixation map (c) Bayesian (d) LSA-SF (e) Itti et al.

Fig. 1: Examples of predictions for qualitative comparison. From left to right, each row
contains: (a) An original Web page; (b) the ®xation map from observed data of 10
participants; (c) the Selection Sensitivity map generated by our probabilistic model; (d)
the semantic ®elds map produced by the LSA-SF model; (e) the saliency map from ltti
et al. work as a comparison.
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Abstract

We present a preliminary study of information filtering that is focusadthe
modeling of user profiles as collections of fragments that are tinde cantext
sensitive and updated independently. In each situation the appropagteefrt(s) of
a user profile is activated, used, and updated. Furthermore, editd fpragment can
be derived from a different source and by a different method, suetphsitly stated
individual preferences or collaborative behavioral groupings.

Case Study

Today, the vast amounts of information available to individuals increasesdtefor
automated ways to select and deliver what users may consider to be relevant.
Researchers have been developing models that capture individual preferedces, an
attention has been paid to the effect of time and context as well as thedaflofen
other individuals on information preferences and needs. With the explogion
advanced services available on smart mobile devices, information filtering and
personalization can now be offered to individuals on the go spititial emphasis on
relevancy based on location, time, and other contextual information[{£. §5]).

It has been recognized that more than one method for modelanrg oy be
needed in order to increase the accuracy of information recommendaaigitti [1],
for example, offers both collaborative and contextual filtering to mobilesuser
Contextual filtering is driven by sophisticated user modeling that cesbsarious
direct and inferred user preference data, calendar, activity and other gahtext
information. A hybrid model with, possibly, different weightvgn to the various
modeling methods showed to generate the most diverse and novel rewatiores,
and it was proposed that, perhaps, users can provide inputtiatomagight to give to
what modeling method. Additional works indicating the importance addntime
and context (e.g., [3] [4] [7]) also point to the mixed model appraeobre the
individual user information needs are not possess or determined bygla sin

22



monolithic model, but rather are constructed from fragments of maaalh, useful in
its own time, context and personal parameter range.

In this poster paper, we present the results of a preliminary statlput under the
microscope a group of 12 university students. The group metweaek for eight
weeks to discuss different aspects of mobile services, including location-based
services, context-aware services, mobile social networking, and automotive
telematics. The students were asked to bring to each meeting an article of interest
from a source of their choice and discuss it for a brief time. Tiehe following
meeting, they were given the complete list of articles selected bydhp,@nd after
a brief review, they were asked to rank the articles on a scale frdn Hated on
how interesting each article was to them. The intention of the stusljtomancover
the various forces at play when an individual, who is also partgrbap, selects
information of interest to her, and then ranks her level of interedieins¢lected
information in the context of information selected by the rest of thepgrou

Preliminary Results

In this section, we present our initial set of observations based onfonmation
collected during the 8 week study mentioned above. We were interestedwiooset
these individuals (if any) picked articles the rest of the group consistently Viked,
consistently ended up not liking the articles they selected, how diverse ther
information sources from which the articles were selected, and how diversehe
set of article subjects over time. In doing so, our objective waaitounderstanding
of the effects of time, context, group membership, and availabflitgformation on
individual preferences.

We were interested in the concept of fragmented user profile as mentioned abo
in the contribution of the collaborative, or cross user effects toowepthe quality of
the delivered information and in the evolution of user profile owee tiwe analyzed
the data collected over the study period and studied the views of thditiduals on
both their own selections and the selections of other group me(fgrd- left). We
furthermore correlated and trended the emerging profile informatiometiced the
cross user effects (Fig. 1 - right).

100.00% o R A T O L A R T R IR
2000 Top WA1]0.35]0.57]0.26]0.57, 0.33] 0.33( 0.46[ 0.31] 0.52[0.31]0.31]0.39
w2[0.71]0.74]042]0.67] 0.57] 0.57] 0.70] 0.42{ 0.72] 0.80] 0.84]0.83
so0o W3] 0.440.44] 0.63]0.52] 1.00] 1.00] 0.56[0.42[ 0.77] 0.51]0.50] 0.53
W] 0.28] 0.65] 1.00]0.58] 0.44] 0.44] 0.51] 0.51 0.35 0.52] 0.52] 0.63
3000 W[ 0.56] 0.57]0.59] 0.58] 0.51] 0.51[ 1.00[ 0.79[ 0.46] 0.78] 0.58] 0.5
1000% I 1 I I 11 I W[ 0.50] 0.56[ 1.00] 0.51] 1.00] 1.00] 0.64] 0.56] 0.58[ 0.56] 0.54] 0.53
000% W7[0.39] 0.47]1.00]0.54] 0.58] 0.58[ 1.00[0.33] 0.51] 0.53] 0.58] .51

HR e T L L e L e 043 0.71]0.67]0.37] 0.64] 0.64] 0.59] 0.47] 0.70] 0.81] 0.66] 0.45

Fig. 1. Left - percentage of times individuals ranked their selection at thertop
among the top 3. Right - influence of selected topic. Highlighted cetigain highest
normalized ranking for each topic (lower score corresponds to highieng).
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Conclusions

Being able to identify information that may be of interest to a user and mestdus

is a challenging information filtering problem that hinges on psgfile modeling. In
this work we presented a preliminary study involving 12 indiaiswver an 8 week
period, with each individual selecting a weekly news article in a specifiaiddnom
information sources of their choice. We studied their views on tleir selection as
well as selections of other group members and correlated the emergiilg p
information. We noticed “collaborative filtering” and other cross user effeals an
examined the shift in preferences over time and some of the pfsreonvergence
and grouping of the individual profiles.

Currently, we are expanding the study both in time and scop&eniporate our
observations in the CUSP context-aware prototype system we developedgast
two years for the purpose of providing personalized recommendaéiatsed to user
activities, such as appointments and to-do tasks [2][6]. In particularanee
incorporating fragmented and group profiles in CUSP by utilizing @untea-reality
techniques for the delivery of the filtered information.
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Towards Adapting Group Activities in Multitouch
Tabletops
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Abstract. Face-to-face collaborative learning has been agpin traditional
classrooms since the 70s. Nowadays, many teachkerslectronic devices such
as computers, digital backboards, tablet PCs, atceveryday tools in their
classrooms from kindergarten to University. In rdcegears, the use of
multitouch surfaces has increased in our societys Paper presents a proposal
to adapt group activities that will be performednaltitouch tabletops.

Keywords: Adaptation, Group Activities, Multitouch Tabletops.

1 Motivation

The origins of group activities are based on thal ngorld. In our life, we are
continuously interacting inside groups, e.g. in fduily life or with our friends. Our
personal identity stems from the way of perceivamgl interacting with other group
members. Within the group we learn how to behawethink, and to educate
ourselves from our interaction with the rest of thembers [1].

Face-to-face collaborative learning has been agplig¢raditional classrooms since
the 70s [2]. Different studies arose trying to gppbllaborative learning technologies
to pupils of diverse ages. These experiences pbiote that the learning process is
not only the knowledge acquisition, but also in@sdthe detection of missed
information and inconsistencies [3]. Students shiemewledge and acquire new
knowledge in collaborative learning [4]. Furthermocollaboration has great benefits
such as to promote the interaction and the farntifiamong students and teachers, to
facilitate the development of reasoning skills, éaméhcrease the studentOs motivation
and participation [5].

The inclusion of collaborative activities in theassrooms have a great variety of
possible configurations depending on many varialdesh as size of the collaborative
group, the different criteria for grouping studentise nature of the collaborative
activity, how long the students must stay at theesgroup, etc. These aspects could
be considered to adapt the group activities tcsthdents.

Nowadays, many teachers use computers, digitalboaecis, tablet PCs, etc. as
everyday tools in their classrooms from kindergati® University. Likewise, in the
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recent years, the use of multitouch surfaces hagased in our society. We believe
that multitouch surfaces, specifically multitouchbletops, will be inside the

classrooms in the next few years. Based on thimiges next section presents an
approach to adapt educational group games for towdh tables detailing the

adaptation features considered in the user mod®ll¥, conclusions and future work

are presented.

2 Proposal

When users are interacting with multitouch tablgsy stay around them. They
interact through natural gestures using their fiagEor example, they can press over
the object selected to click the object or drag dnab it. We use FLINGHKlash
Library for Interpreting Natural Gesturg@g6] to capture the usersO gestures while
they are interacting with the tabletop. The useér®ractions should be different
depending on the nature of the activity or its g@ther aspects that could influence
in the development of the activities are the nundfehe users, their physical location
around the table, their level of knowledge, theaitians, the number and the size of
the objects over the table, etc. In this way, ladise aspects build the user model and
they will be taken in mind for adaptation purposHse user model should be updated
according to the usersO interactions with thettgble

The next step is to create the group activities will perform using multitouch
tabletops. The teacher is the responsible to créagen, to decide their type
(competitive or collaborative), to provide theimtents and to specify the adaptation
features. In order to study the adaptation of graafivities to users when they are
interacting with the multitouch table, we proposeaad-based game. We choose card
games since they have three broad benefits: a)daheyyasy to understand; b) cards
can be directly manipulated; and c¢) many differgatnes can be generated changing
the contents but preserving the rules. In our cdsenumber of participants varies
from 2 to 4 students around the table. The goabisssociate cards with similar
meaning. For instance, a digit card with a photad dhat displays the number of
objects represented by the digit. At the beginniagsariable number of cards are
distributed in random positions and orientations tba tabletop. These cards are
calledfree cards All participants have a configurable number afj& cards in front
of themselves. They have to associate their tacgeds with the free cards on the
tabletop. Each target card has to have at leasfrerecard that matches it, and, it is
not possible that a free card does not match anlieofarget cards. When a free card
is correctly associated to a target card, it disappd from the tabletop. The game
ends when there are no free cards left on thettghl®ositive and negative points are
assigned according to the number of correct anchgvessociations.

The game has two modes: cooperative and competitiiiie collaborative mode,
participants share a common goal and they obtagnadique score. An association
can be completed by any of the participants evehneftarget card does not belong to
her. Cards are selected by finger pressing on eachof the pair. On the contrary, in
the competitive mode, each participant has her ageal. Points are obtained
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individually. In this case, the association is ifléfl when the free card is positioned
on top the correct target card, i.e., the free baslto be drag and dropped.

In both modes, participant's target cards can fierdnt or repeated. This affects to
difficulty level of the game, as when target card gepeated, the game is easier in the
collaborative mode, but harder in the competitivee.0Additionally, the rest of the
previous adaptation features considered at thenbewj of this section should be
included if the teacher desires. Specifically, dificulty level can be considered by
means of the card content. For instance, in a dayitl example, the digit target card
distribution affects to the activity complexity. @me hand, target cards having lower
numbers are easier than higher one (e.g. 1 and 8 asd 9). On the other hand,
having similar numbers are more difficult than eifint one (e.g. 5and 6 vs. 1 and 7).

3 Conclusions and Future Work

Multitouch tabletops provide an environment whexelents can interact performing
different group activities in an enjoyable way. Nadaptive applications to
multitouch tabletops have already been developed tested [7]. However, the
students® interactions, their personal featuresgdlal and the nature of the own
activities could be influence in the developmentt@m. So, it is necessary to bear in
mind these aspects to adapt the activities to seesu The proposal presented in this
paper defines some adaptation features that willctwesidered for collaborative
learning using a multitouch tabletop. Different ptilee games would be generated
depending on the adaptation features specifiechbytéacher. Similar games should
be designed with letter cards or with symbol cdods Furthermore, we want to study
what adaptation features will be more relevant whsers are performing this type of
game with these tabletops.

Acknowledgments. This work has been partially funded by the follogiprojects:
HADA (TIN2007-64718), VESTA (TSI-020100-2009-828) nda eMadrid
(S2009/TIC-1650).

References

1. Johnson, D.W., Johnson, F.P.: Joining togetgesup theory and group skills. Pearson
Allyn & Bacon (2002)

. Slavin, R.E.: Cooperative learning. Review ofiEational Research 50, 315--342 (1980)

. Vygotsky, L.S.: Mind in society: The developmeuit higher psychological processes.
Cambridge MA: Harvard University Press (1978)

4. Piaget, J.: Piaget's theory. In P. Mussen (éthhdbook of Child Psychology. 4th edition.
Vol. 1. New York: Wiley (1983)

5. Zurita, G., Baloian, N., Baytelman, F., Farids; Developing Motivating Collaborative
Learning Through Participatory Simulations. Comtiotzal Science B ICCS 2007. LNCS,
vol. 4488, pp. 799--807. Springer, Heidelberg (2007

6. Flash Library for Interpreting Natural Gestu(EEING): http://amilab.ii.uam.es/fling

7. SharelT Project: http://www.shareitproject.org/

w N

30



Enriching TV Experience: TV-viewing Support System
Considering Both Individual and Family Preferences

Chihiro Ond, Kazushi Ikedg Gen Hatto#f, Kazunori Matsumotoand Yasuhiro
Takishima,

1 KDDI R&D Laboratories, Inc. 2-1-15 Ohara Fujimirsaitama, 356-8502, JAPAN,
{ono, kz-ikeda, gen, matsu, takisima}@kddilabs.jp

Abstract. We propose a TV viewing support system which realia novel TV-
viewing style whereby family members interactivegjoy collectively preferred
TV programs and TV-related information comfortabiytee same time by extensive
cooperation between a set-top-box (STB) and celplt@nes of each member. Here,
1) a STB connected to the TV automatically detecmily members by
communicating with cellular phones via a Bluetoatkerface, 2) automatically
searches web pages synchronized with the progfese @V program by analyzing
TV closed captions by scenes, 3) recommends TV ranog and TV-related
information such as web pages and advertisementoisidering both individual
preferences for cellular phone screens and famifepences for TV screen using
both individual and family usage histories. We d@onfthe effectiveness of our
proposed recommendations thorough experiments oprdgram recommendation.

Keywords: recommender systems, group recommendation, statistiodeling.

1 TV-viewing Support System

Recently, the habit of users retrieving information interesting shops and
restaurants, etc. via cellular phone and PC whdeimg TV programs has increased,
and reports indicate 68% of Internet users do séapan, as opposed to 33% in the
United States. To make the user's TV viewing experience maoh comfortable, we
propose a TV viewing support system which realizesovel TV-viewing style
whereby family members enjoy collectively preferfBd programs and TV-related
information comfortably and at the same time. Higghows an overview of the TV-
viewing Support System. Here, we assume a sceneewfaenily members are
viewing TV via their own cellular phones in the living room. Each member uses a
cellular phone as a side-screen for viewing prélerdV-related information (Fig. 1.
bottom right) as well as an IrDA TV remote conteol(Fig. 1 bottom left). On the TV
screen, by automatically balancing the preferenmedamily members who are
currently viewing TV program, a list of TV-relategeb pages (right of the TV screen
in Fig. 1) and TV-related advertisements/moviedtfo left of TV screen in Fig. 1),
which may fit the balanced family preference, dspldyed.
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Fig. 1. Screenshots of TV-viewing Support System

The following are issues and solutions to realimeTV-viewing Support System:
(1)Detection of users viewing TV and history storagTo detect users watching TV,
we use a Bluetooth interface (serial Port Profile)that a STB could search nearby
cellular phones, because the number of cellular phones with Bluetooth irgedace
increasing in Japan. To understand family prefesentV viewing histories and web
pages played on the TV screen are stored by theofinhe members viewing TV,
rather than as individual units. Conversely, his®on cellular phones are treated as
individual histories and forwarded to a recommeiatieserver via the mobile internet.
(2)Automatic collection and feature extraction of andidate TV-related
information To search web pages synchronized with the progretse TV program,
we use a closed caption of TV program and analyi® @btain important keywords
that express the features of the scene by scenes. Candidate information is catlected
Web search engines using extracted important keysydollowing which the features
of web pages are extracted to be evaluated forctgmbe for recommendation.
(3)Recommendation method considering both personand family preferences
For modeling preferences of individual users, bylecting user attributes and
content-selection histories from many users, wddbhbbth positive and negative
preference models in the form of a Bayesian netwnddel. Here, the preference
model is formalized as modeling the conditionalgataility distributionP (C |U, S)to
predict the content value from userU and situatiorS At constant intervals, in order
to adapt to each individual user and each combination of families, newlgtedlle
personal histories are combined by weight with ¢iverall history data and the
conditional probability table of the Bayesian netkvoodel is renewed.

A family with more than two members has more thamw tgroups that are
combinations of family members, each of which hagaup-type which reveals the
characteristics of the groups. As a group-type, axelfollowing 4 types. Here, F(x,
') is a predicted evaluation of the contentvith a threshold !, ";is a weighting
parameter of predicted evaluation of each useris a predicted evaluation of user
and!; is a threshold of usemused in Mixed LOA with priority model.

(1) Simple additional model: Recommend items by making a list of predicted
evaluations with the summation of the predictedviiddial evaluations:
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F(x,&)v!1#x, d 1#x; $liax"
(2) Priority model: Recommend items by making a list of predicted eat&us by
summation of the predicted individual evaluation fayther prioritizing major
decision-making individuals. Here logistic regressis used based on preliminary
experiments.

F(x,& % 1

18 exp( (((a#Xxa)$((e#x5)! $C))

(3) Mixed LOA (Level of Aspiration) with priority model : Recommend items
based on the assumption that the more acceptabis, uke better. Here, we define
acceptable as a predicted evaluation exceedingtairc¢hreshold and determine the
threshold for each combination of family membermgshistory data of the target
combination.

F(X,&) %W (L #if (X, )% &ag ) %Xy, N0t %0)" $! (L #if (X )% &ypg ) %X5,NOL%0)"

| i 0 0 o) 1
(4) %'i{fce?grft(xcc /z;‘rﬁﬁ%gte)rm%bngél:@%bsitive and Negative preference models are
established using the attributes of groups sudghesiumber of members, with child
or not, etc., and situation attributes, and theitpesand negative histories of the
target combination.
When deciding a group-type for each combinatiofanfily members, we calculate

the correct rate using training data sets and debiel type to the highest one.

2 Evaluation of preference models

The proposed models are evaluated for the TV pmgecommendation task using
history storage. The correct answer rate was akedlfrom among seven programs
telecast to an isochronal belt considering a co@aswer to be when a program that
seemed interesting was predicted, and the program actually viewed caumieithan
2nd place. Here, the correct answer rate for ransklattion was 28.7% (=2/7*100).

Table 1.Average correct rates

before adaptation after adaptation
Individual model 49.0% 52.9%
Considering the case where all the group members 45.6% 53.2%
are allocated to the simple additional model
Group models Average of four models 55.3% 62.4%
Simple additional model 52.1% 57.2%
Priority model 59.0% 66.9%
Mixed LOA with priority model 60.9% 77.3%
Different character model 40.8% 49.5%

As shown in Tab. 1., the proposed method which idens the group-type (55.3%)
was far better than the simpler case where thepgtype was not considered but
regarding all the groups allocated to the simplditaahal model (45.6%). As for the
effectiveness of the adaptation, the correct rateepreference estimation improved
from 55.3 to 62.4% by adaptation using only 3 weiskohies of target users.

33



Patient Condition Modeling in Remote Patient
Management: Hospitalization Prediction

Mykola Pechenizkiy®, Aleksandra Tesanovié, Goran Manev*?,
Ekaterina Vasilyeval, Evgeny Knutov?, Sicco Verwet, and Paul De Bra!

! Department of Computer Science, Eindhoven University of Technology
P.O. Box 513, NL-5600 MB, Eindhoven, the Netherlands
{m.pechenizkiy,e.vasilyeva,e.knutov,s.verwer } @tue.nl, debra@win.tue.nl
2 Philips Research Laboratories
High Tech Campus 37, 5656 AE Eindhoven, the Netherlands
{goran.manev,aleksandra.tesanovic } @philips.com

Abstract.  In order to maintain and improve the quality of care with-
out exploding costs, healthcare systems are undergoing a paradigm shift
from patient care in the hospital to patient care at home. Remote pa tient
management (RPM) systems o er a great potential in reducing hospital-
ization costs and worsening of symptoms for patients with chronic di s-
eases, e.g., heart failure and diabetes. Dierent types of data collected
by RPM systems provide an opportunity for personalizing information
services, and alerting medical personnel about the changing conditions
of the patient. In this work we focus on a particular problem of patien t
modeling that is the hospitalization prediction. We consider the prob-
lem de nition, our approach to this problem, highlight the results of the
experimental study and re ect on their use in decision making.

1 Introduction

Chronic diseases are the leading cause of death and healthreacosts in the de-
veloped countries. Healthcare systems are undergoing a padigm shift from
patient care in the hospital to the patient care at home [3]. It is believed that
RPM systems, by providing adequate patient monitoring, ingruction, educa-
tion and motivation (all of which can be done outside of the hogpital) facilitate
normalization of the patients conditions and prevent re-hopitalization.

Recently, a possible architecture of the next generation of prsonalized RPM
systems was introduced, and a general process of knowledgiscbvery from RPM
data, leading to identi cation of potentially useful featur es and patterns for
patient modeling and construction of adaptation rules, wasconsidered [2].

In this paper we focus on the problem of timely patient hospitlization pre-
diction, particularly Heart Failure Hospitalization (HFH ). Currently, domain
experts are using manually designed triggers that should tigger an alarm in the
case of possible HFH. Our study shows that with the intelligent data analysis
approach for patient modeling, which utilizes information spread across di er-
ent data sources, it is possible to learn predictive models thaare more accurate
than the expert-authored triggering rules (with statistic al signi cance).
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2 Hospitalization prediction

The problem of HFH prediction can be de ned in the following way: based on the
available data about a patient at momentt; cast a prediction (and raise an alarm
if deemed necessary) on a daily basis whether the hospitabtion for this patient

is likely to occur within the next 14 day period, t; .. .tj+14 . Figure 1lillustrates the
timeline of data availability used by a domain expert or an automated classi er
for facilitating this decision making.

H features | S features P (YA/ N)‘,«\ A .
D feattﬁil Vi | N
| enram;'lt_ | h talizati . | | >
i cast prediction ospitalization window
tO Zl;r?t;c{_' MCJ now - ti ti+14 Nle*_‘1

Fig. 1. Hospitalization prediction for the following 14 day window.

At the time of enrolment (to) of a patient, complete medical history data
(corresponds toH features) is recorded. A record may contain dozens of elds
providing di erent information such as information relate d to previous hospital
admissions, existence of valve diseases, evidence of capndiseases, arrhyth-
mias, devices implanted, etc. During a monthly phone contat (MC;) patients
are asked to assess quality of life (QoL) symptomsq features), and report addi-
tional data such as disease and non-disease medication (oredication change),
number of visits/contacts (at home, by phone, at the o ce, at the clinic) in the
last month. The patients are monitored on a daily basis regaréhg their vital
signs such as weight or blood pressure (source for construay D features).

Figure 2 shows our approach of constructing positive trainirg instances, i.e.
the case when HFH took place. We nd a day on which HFH has occured (ty),
then take the 14 days window f,: 14,th) to compute features related to daily
measurements. It should be noticed that data for computing trese features may
include days outside this two week window.

H features | S features  window from which D
| features are formed

| ener;t_ | I l

to monthly_ MCJ ti-14 hospitalization —» th

contact

Fig. 2. Forming of a positive (hospitalization tool place) training insta nce.
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3 Experimental study

We performed a quantitative evaluation of our approach on anextract from the
TEN-HMS dataset [1] containing information about 426 patients with cardio-
vascular diseases, 43 of which had at least one HFH.

Our experiment setup consisted of two major steps. In the st pdace we ap-
plied di erent classi cation techniques, including e.g. support vector machines
(SVM), decision trees (J48), and rule-based learners (JRip). By means of cross-
validation on the training data, we searched for and xed the best parameters for
each classi cation technique and best feature set frong, H and D groups of fea-
tures. Then, the selected classi ers were compared againshdividual triggering
rules on the testing data. All the learnt classi ers were statistically signi cantly
more accurate (about 10% on average) than any of the individuktriggering
rules according to paired t-test with respect to Youden index(YI) that regards
true positive rate (TPR) and false positive rate (FPR) as equally important. J48
showed the lowest FPR, yet having slightly lower Y| than SVM and JRip.

4  Conclusions and further work

In this paper* we presented a general approach for modeling patient statedm
historical data of dierent kinds, including vital signs, s ystem usage, medical
history and regular interviews and questionaires. We illusrated the potential of
our approach on the example of the HFH prediction problem by poviding the
results of an experimental study with the data from a real clinical trial.

Our work laid the foundation for facilitating better person alization and alert-
ing services in RPM systems, and we plan to continue workingni this direction,
particularly improving HFH prediction. We plan to make use of the educational
data, motivational messages and other feedback provided téhe patient by an
RPM system or medical personnel, to obtain reliable and up-tedate information
about the symptoms, and to make our prediction approach cont&t-aware.

Acknowledgments.  This research is partly supported by EU HeartCycle and
KWR MIP (Medical Information Processing) projects.
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Abstract. User model is a corner stone of every user-adaptive system. Since the
emergence of the field of user modeling a great number of approaches to
modeling users were proposed. All of these approaches, in one way or the other,
capture various user traits, aspects of the target domain and task, etc. Several
researchers working on user modeling in interactive learning systems found
that, despite good predictive power of the models, they are often very optimistic
about the user characteristics. Nearly all user models lack a form of confidence
measure that would provide a conservative assurance that the modelOs view of
the user is accurate and the values are not inflated.

In this work we are discussing a candidate for such confidence measure that is
based on a Wald-Wolfowitz test for randomness (cf. [7]). We evaluate the
usefulness of the suggested confidence measure by incorporating it into two
different approaches to building user models and testing on a real-world student
activity data. Our estimates show that utilizing confidence helps reliably
improve the accuracy of both user modeling methods in question with respect to
a set of widely accepted user model accuracy measures.

Keywords: User Modeling, Confidence, Bayesian Knowledge Tracing,
Educational Data Mining.

1 Modeling StudentOs Knowledge And Confidence

Many overlay student modeling methods keep a paemnéor each of the modeled
skills. For example, in Bayesian Knowledge Tradj@pfour parameters are used to
estimate studentOs mastery of each skill: protyabfliknowing the skill, probability
of learning the skill next time it is practicedppability of making a careless mistake
(slip), and probability of correctly guessing (gsiesin a parameterized version of
CUMULATEOs asymptotic modeling algorithm [2] thege used: knowledge level of
the skill, speed of knowledge level growth, andajefactor for [over-]practicing the
skill when attempting the same problem where thil s involved. Estimations of
such parameters are computed based on the studiéstdg of practicing the skill
when interacting with an educational system.
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In statistics, the estimations are often accompmhbig confidence intervals. The
size of the confidence interval shows close isetftimate to the true parameter value
(the smaller the interval, the closer we are) [dJassociation rule mining, each found
relation has two values: support B the amount td tisat advocate the existence
relation, and confidence D is the certainty thatrédation found in fact exists [6].
While these two confidence measures have diffeapplication, assumptions, and are
computed differently, they both offer a second apin a reliability measure. In
overlay student modeling, until recently, there evéew to none approaches that
would capture both the estimates and the confideakee of the assessed parameters.

Recently, researchers realized that despite progh&iudent model accuracy levels
obtained on internal validity tests using systergsjothe external validity tests
accuracy (obtained using for example paper-based @nd post-tests) is visibly
lower. Student model is often found to be overlyirafstic about users skill mastery
levels [1]. Authors of [1] suggest a modificatiam a classical Bayesian Knowledge
Tracing (BKT) method in attempt to offset theseidefcies. They suggest using
additional contextual guess and sliparameters to compensate for unnecessary
inflation of the skill mastery estimate. While theposed BKT modification has been
shown to tangibly improve modelOs performance oerred validation tests it is
specific to BKT approach to user modeling only.aldition, the added contextual
parameters do not directly correspond one to elatth s

In this work we are proposing a way to extend dnitia@ry user modeling approach
with a confidence measure for each of the modetéid.sWe are basing our measure
of confidence on Wald-Wolfowitz test for randomng&s Integrating this confidence
measure with two user modeling approaches shownifisant improvements across
several model accuracy metrics.

2 Confidence Measure And Its Integration Into User Model

Wald-Wolfowitz test also known as runs test fordamness is used to tedte
hypothesis thata series of numbers (a run) are random. In theexbrtf user
modeling, we would like to know if a sequence offreot or incorrect applications of
a skill is random or not. Runs test here serveptirpose of a very conservative user
model that would keep our main user modeling apgraa check.

The two approaches that runs test-based confidemse incorporated with are
Bayesian Knowledge Tracing (BKT) [3] and parametdiversion of CUMULATE's
asymptotic algorithm (PCAA) [2]. Student logs ofetlintelligent tutoring system
SQL-Tutor (cf. [5]) from 2006-2007 were used toesssmodelsO performance. Logs
contained a total of about 10500 problem solutitb@napts of about 120 users from 3
classes that used SQL-Tutor. Both BKT and PCAA individual parameters for all
282 skills contained in the datasets. These pammetere optimized using curve-
fitting procedure minimizing the mean squared efM6E) of the modeling. MSE
was computed using actual and expected correctriessgdent problem solutions.

Confidence measure was computed the following wiayfor the studentOs
sequence of correct/incorrect skill application rafiés runs test reject the null
hypothesis and the number of correct attemptsrigetahan the number of incorrect,
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then the user is said to possess a reliable kngwled that skill, otherwise the
knowledge of the skill is said to be unreliable.

Confidence and user model are integrated in a dirfaghion. User model
prediction of student correct solutions and confitk2measure were the explanatory
variables, while the actual problem-solving outcomaes the binary response variable
of the binomial regression. Later the resultingdpted values were compared to the
user model predictions of correctness alone. Resshibw that across both user
modeling approaches, all three datasets, and deeeanized user model accuracy
metrics (mean actual-expected error, area under R@¢, correlation of actual and
expected accuracies, etc.), confidence-full modedse a significant edge over
confidence-less ones (refer to poster for details).

3 Future Work

Work on a general confidence measure for studemteting is only in its beginning
stage. We only evaluated the impact of proposedidemce metric internal validity
tests. External validation using student post-testsecessary to bring credibility to
the proposed approach. Wald-Wolfowitz test is hetanly test that could be used as
a back-end of the confidence metric. Wilcoxon raeét for randomness of sign as
well as Kolmogorov-Smirnov test can potentiallyused.

Behavior of confidence measure in general needbetsstudied in depth. For
example, occurrence of student errors before atet abnfidence reached positive
value. Additional to the two discussed in this wodther user modeling methods
could be investigated for the usefulness of comid@emeasure incorporation.
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Abstract.  In this paper, we demonstrate the application of the Intro-

spectiveViews interface for scrutinizing user interest models. We illus-
trate how with this interface the user can get an overview of wh at the
system \knows" about her interests, obtain details about an y interest,
and alter her user model.

1 Introduction

IntrospectiveViews [2] is an interactive visualization interface to user models.
Through this interface users can see what the system \knows'about them and
edit that information. These user models can then be used ashe basis for
adaptation, e.g., for sorting news stories in a news portalintrospectiveViews
follows Shneiderman's Visual Information Seeking Mantra B]: \overview rst,
zoom and lter, then details-on-demand". It o ers users an overview over all
terms present in their interest models, it allows for zoomirg into di erent parts
of the model, ltering terms according to di erent criteria , and it will provide
details on demand.

This demo will showcase the usage of IntrospectiveViews ashé user inter-
est model underlying an adaptive news portal. It will show hav the user can
interact with IntrospectiveViews and how changes made to theuser model via
IntrospectiveViews in uence the adaptation provided by th e news portal.

2 Brief Introduction to IntrospectiveViews

IntrospectiveViews, shown in Fig. 1, is implemented as a Jaa Applet. It displays
user interests on a circular surface consisting of three coted rings. Positioning
of interests (terms) on the surface, namely the distance frm the circle center, is
determined by the terms' exact degree of interest. Here it mans that the closer
a term appears to the center, the higher interest it represets. The interest
degree is also encoded in the term's font size. Each ring repsents a certain
interest group. The color scheme of rings is chosen accordjnto the hot-and-
cold metaphor, where hot, represented by red color, denotemiterest and cold,
represented by blue color, denotes no interest. The colorsdiween red and blue
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Interest Model for Klaus.
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[ country (15115
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Fig. 1. IntrospectiveViews Interface

Color screenshots and a screencast are available at http://www.minerva-
portals.de/research/introspective-views/

denote partial interest. The border areas of the rings are pmted in a gradient
color to denote the fuzziness between the groups, i.e., undainty of interest
degree. User interests are grouped into circular sectors bype, i.e., the semantic
class they belong to (e.g. person, company, country, etc.).

The entire collection of interests can be zoomed in and out. Tie user can
navigate through the collection (e.g. in zoomed in view) by dagging the surface
in a respective direction. The interface supports a number b ltering options.
Terms can be ltered by type and by interest group. For instance, the user can
display only companies, people, and countries that she is bhly interested in.
Also the user can obtain additional information about the terms. Left click on
a term will display the semantic relations to the related terms, whereas right
click will display the term's context menu through which the user can access
the term's description, get justi cation of her interest (e ither she has read many
documents about it, or her interest was propagated from othe terms, or she
speci ed her interest herself), obtain the list of related documents, and view and
edit the privacy settings for the selected term(s).

In addition to viewing, the interface enables the user to edi her interests.
In order to change interest degree in a certain term, the usercan simply drag
the term into the appropriate interest group (here represerted by one of the
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rings). In order to add new interest the user can double clickin any place on the
surface and select the term from the popped up menu. Terms cabe removed
by dragging on to the recycle bin or through the term's contex menu.

We are currently implementing a number of other features, sme of which
were suggested in the rst formative evaluation of this interface [2]. Among
others, we are implementing the features for obtaining the nodel's snapshots in
the past, exporting the model, searching terms, and the unddeature.

3 Description of the Demo

For the demo, visitors will be able to assume the role of one ahree news portal

users with di erent interest models, which we have created 6llowing the user

modeling approach as described in [1]. For example, one of ¢havailable interest

models is the model for Klaus, a German guy interested mostlyn news about

his home country, politics, and business. As those users, sitors will be able

to use IntrospectiveViews as described above and to obsenahanges to a news
portal resulting from their adaptations of the interest model.

4  Conclusion and Future Work

The demo will show the application of IntrospectiveViews fa scrutinizing user

interest models. The interface allows the user to get an ovetiew of the entire

model, provides possibilities to zoom in, to lter, to obtain details including

relationships among concepts, and to change the model. In @dfuture work, we

plan to introduce a number of features that increase the usés engagement and
motivation to scrutinize, such as, e.g., a feature for compeng a person's interest
to those of communities she is a member of.

Acknowledgements.This research is carried out in the framework of the Minerva
project and is supported by IBM Deutschland Research & Devebpment GmbH.
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Abstract. This demonstration will highlight the user modeling and adaptation
capabilities of Alelo’s language and culture training courses. Learneungeacq
intercultural competence through interactive exercises and conversattbns
animated conversational agents, which play roles in immersive intercultural
communication scenarios. The conversational agents adapt theiidvddemed
upon the learner's demonstrated skill in intercultural communication. Courses
of instruction are tailored automatically based on the learner's arietecdst

and learning objectives. The systems track the learner’'s achievement ofgearnin
objectives, to further tailor and focus the curricula.

Keywords: Pedagogical agents, language learning, curriculum adaptation

1 Introduction

This demonstration highlightearner modeling and adaptation capabilities in Alelo’s
interactive environments for learning intercultural communication skigs.1 shows
an example learning environment, Operational Indonesian. In this coursedezaner
learn the basic skills necessary to engage in overseas operatioras suamanitarian
assistance. They practice their skills in interactive game scenarios. lneh@is the
learner’s character (center left) is engaged in a conversation with the locatymilit
commander (center right) about providing aid. The learner communicatesavith
player characters by speaking in Indonesian into a microphone,saledting
appropriate nonverbal gestures. The goal is for learners to engagavirsadion
without hints or assistance, but until they get to that point theyefanto a list of
hints in English (top left), or in Indonesian.

Approximately 100,000 people around the world have used Alelo eotoslearn
about foreign languages and cultures [1]. The courses offer excelletratituss of
how user modeling, adaptation, and personalization can be put to practidal use
improve the effectiveness of computer-based learning.

Alelo courses make extensive use of pedagogical agents to support theglear
process. Our conversational agents fall into two main categories: catiweas
partners and virtual coaches. As shown in Fig. 1, learners engage @rsaiion with
conversational partners during practice scenariastnBrs respond to the learner’s
spoken utterances and nonverbal actions, in a manner that is appropridte for
culture, the partner's social role, and the social context ofctivesersation. The
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manner in which the agents respond provides learners with cues as tcehdhew
are performing. They may express approval when learners spea&ously, or may
express offence when the learner says something inappropriate.

Fig. 1. Operational Indonesian language and culture training system.

Agent reactions to faux pas may be subtle and easily overlooksdniigone who
is not familiar with the culture, and learners sometimes do not stader what
exactly they did wrong or why it is a mistake. We therefore scaffddtice dialogs
with hints and additional feedback and explanations. Virtual coaches pleparers
for practice scenarios and offer feedback, Auditory signals (egrcamd graphical
symbols (green plusses and red minuses) signal when the leasngorie something
particularly good or bad.

4 Adaptation

Adaptation is necessary to make the behavior of the conversationa@rpatijust to
the level of communicative skill of the learners. Each agent has a levappmdrt
with the learner, which responds dynamically to the learner’s usetertultural
skills, which in turn affects how the agent responds to the learner.

It is also useful to adapt the level of difficulty of a practice scenarihecskill
level of the learner. This is currently accomplished by adjusting the ranafu
additional scaffolding that is provided in the scenario. The symboleamdns that
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Abstract. The Grapple Derivation Rule (GDR) language isla tanguage that
is used to interlink, integrate, and enrich usetadaom multiple distributed
user data repositories as well as data publishedirded Data on the Web
(such as DBpedia and GeoNames). To demonstratentbibave applied GDR
in the Grapple User Modeling Framework (GUMF) b ramework that
facilitates the brokerage of user profile informati and user model
representations for adaptive systems b to levarsgedata for the purpose of
personalization in e-learning systems.

1 Introduction

Adaptation and personalization become importantufea offered by todayOs Web
applications and services. To be able to providehspersonalized and adapted
contents and services, these applications explicitl implicitly collect data about
their users and their behavior, and thus build sgr profiles. Furthermore, these Web
applications are becoming increasingly connectelis Tcreates the interesting
challenge of performing user modeling and persaatin across application
boundaries. It requires approaches allowing varidleb applications to exchange,
reuse, interlink, and integrate user data. We als®rve that there is a growing effort
to make data interlinked and freely available aockasible on the Web following the
principles of Linked Data This data is typically published as RDF (c.fphftvww.
w3.0rg/RDF) and accessible through a SPARQL (c.fp:Mvww.w3.org/TR/rdf-
spargl-query) endpoint. This effort opens oppotiasito unlock a huge potential of
background data, to complement and enhance the da&r. By reusing this
interlinked data (such as DBpetliand GeoNamég various relationships between
user data can now be derived and discovered, andg thake user data more
meaningful and richer. This opens opportunities Wéeb applications to provide

L http://www.w3.0rg/Designissues/LinkedData .html
2 http://dbpedia.org/
3 http://geonames.org/
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better adaptation and personalization to their uisexr they have more knowledge
about the users.

In this paper we demonstrate the Grapple Derivafale (GDR) language [1] that
allows for the integration of user data from muéipogically distributed user data
repositories and background data published as Hinkata on the Web. The
important features that GDR has are the followi(h): It provides the basis for
reasoning over distributed user data. (2) It offeréiew-based query mechanism to
the applications. (3) It allows the user data toekgended and enriched using other
user data repositories and Linked Data availablehenWeb. (4) It gives a flexible
way of integrating, interlinking, and enriching usdata. To this end, we have
integrated GDR into GUMF [2] in the context of tBRAPPLE projectto enable the
client applications to create flexible, rule-bagdg-ins for leveraging user data that
go beyond the features of RuleML [3] or SWRL [4].

2 GDR

In human-readable syntax, a GDR rule has the farth: ¢, wherea andc are the
antecedent and consequent of the rule, respectiaaly wherea is a conjunction of
premises written ap, ! ... ! p,. The premises of a GDR rule are classified into tw
types: dataspace premiseand external source premisesA dataspace premise
describes conditions over a Grapple dataspacee|[g],a user data repository, in the
form of a pattern-based Grapple Query [2]. Thid mibvide higher-level abstraction
of the condition definition in the premise. An extal source premise specifies
conditions in the form of basic graph patterns omar external data source, e.g.
background knowledge, accessible through its SPARQdpoint. As each Grapple
dataspace has its own SPARQL endpoint, it is alsssiple to define an external
source premise over a Grapple dataspace. The amerseglescribes knowledge
modeled as Grapple statements that will be deriivallthe premises hold.

Let us consider a simple example of using GDR tachruser data. Suppose an
adaptive application wants to select the languagehich it presents pages to its user
based on the country where the user lives. Unfately, the application has only
information about the city where the user livesi@r user profile. To address this, the
administrator of the application defines a GDR ragedepicted in Figure 1 over the
applicationOs own data space and background krgevi&this rule specifies that if
the name of the city where a user livesitgNameand the city is located in a country
with name countryName then the name of the country where the user liges
countryNameThe relation between city and country can bealisced by exploiting
knowledge available in an external data source ehgnGeoNames. The rule not only
reasons over the user data that the applicationthdsalso extends and enriches it
with knowledge from external data sources. It gisovides a view-based query
mechanism to the application, as the userOs coinfogmation is dynamically
computed and available from another external datace. With this rule language,
applications can easily integrate user data framemapplications they have access to,

4 http://www.grapple-project.org/
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or add external data sources, by modifying the sruleithout changing the
applications. Thus, it provides flexibility to thedministrators of adaptive
applications.

Fig. 1 An Example of a GDR Rule in XML Syntax (partiabw)

3 Demonstration Overview

Our demonstration showcases the functionality ofRGID integrating, interlinking,
and enriching user data. For this, we use the GDRl@mentation that has been
integrated into GUMF, as part of the research perédl in the EU project
GRAPPLE. In the demonstration, we will: (1) showwh&DR is used for the
integration between distributed user data, (2) destrate the enrichment of user data
with data published as Linked Data on the Web s{®wcase the view-based query
mechanism offered by GDR, and (4) demonstrate lthebility that GDR offers in
integrating, interlinking, and enriching user data.

Acknowledgments. This work was partially supported by the EU FP0ject
GRAPPLE (Generic Responsive Adaptive Personalizsatihing Environment)
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Abstract. This paper describes Ay, a personalised virtual health trainer that
promotes regular walking to inactive people. In particular, we discuss the
systemOs theoretical basis, behavioural techniques being used, mode of delivery,
and how the content is delivered.

1 Introduction

This paper describes ARy, a personalised virtual health trainer that praaatgular
walking to inactive people. In Section 2, we préstée design of the system. In
Section 3, we briefly discuss the results of arwatin study and our future plans.

2 MaRryOs design

2.1 Theoretical basis

The Theory of Planned Behavioguggests that Intention is the direct determimdnt
any volitional behaviour. In turn, Intention is denined by Attitude towards the
behaviour, Subjective Norm - the perceived viewggfortant others, and Perceived
Behavioural Control - the extent to which we fekdtt the behaviour is easy to
perform and/or under our control [1].

In reality, there is often a OgapO between oumtiteand our behaviouSelf-
regulation Theorystates that success in implementing our intenteguires self-
regulation. First, we must actively monitor our heiour, and evaluate how this
behaviour affects our personal goals. If it hindewus goals, we drop the behaviour.
Vice versa, we reinforce the effect by adoptingamtinuing the behaviour [2].

Operant Learning Theorgtates that we change our behaviour through resasmd
punishment. We adopt a new behaviour if it leaddatourable outcomes ((e.g.
verbal praise, a good grade, a feeling of satigfagtor removes unfavourable
outcomes and vice versa [3].

Finally, Relapse Preventiosuggests various strategies to identify and preven
high-risk situations where we often fall back to old behaviour [4].
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2.2 Behavioural change techniques and mode of delry

The theoretical basis enables us to target tha dgterminants of behaviour and to
identify the techniques that can be used to infteesuch determinants. A#Y
implements and personalises 12 behavioural chaegénigues: give general
information prompt intention formatignidentify barriers set specific goalsself-
monitor, give feedbackreview goalsuse promptsuse rewardsaction planscoping
plans andmotivational interviewing

The content is then delivered through a web-basddrface, email or text-
messaging service, which allows both the usersMngy to initiate contact with
each other. This differentiates Ay from the majority of other systems where
interactions require the usersQ initiatives. Swumteavay relationship would normally
cause the proactive party (the users) to eventigtligo of the relationship. A mixed-
initiative model could make the system more nafunaghce enhance its ability to
build and prolong the relationship with its usesk [

To enhance MRrRYOs credibility, we have personifiech®* as a sport instructor
using a photo of a real person. The photo was a@alin an independent study [4].
We have also empirically studied the positive imfpEche motivational interviewing
approach [6] and the potential for Mary to provaeotional support [7].

2.3 The intervention

MARY delivers the intervention through a series of mngst with the users. A
chronological outline of the meetings is shown iiguire 1.

10 minutes 2-3 minutes 25 minutes 2-3 minutes 15 minutes
Initial Daily First weekly Daily Weekly
meeting > meeting > meeting > meeting > meeting

t

Figure 1. The intervention flow

During theinitial meeting MARY attempts to establish the usersO confidencesid tr
in the system, assesses their attitudes towarddaregralking, and informs them the
importance of self-monitoring and active participat At the end, the users are asked
to monitor their daily walks using a pedometer.eifaa week, an email reminder
containing a link to the first weekly meeting isis® the users.

In the first weekly meetingMaARY follows up on the initial meeting, gives
personalised feedback on the usersO baselineosiep @nd encourages them to set a
new weekly goal (increase their step count by 1@@). MARY also encourages
them to have a regular weekly meeting with heaRM always stresses the active role
of the users during these meetings (e.g. the wsades which topics to talk about).

In adaily meetingMARY might start with some social dialogues (€©#Om so glad
to see you again. ItOs been such a long timeugkttioyou might have lost interest in
me.Q. Next, the users are asked to enter their pedameadings. In return, MY
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gives a personalised feedback based on their godlpast performance (e@YouOve
reached your goal 3 times this week. You shoulat tyeurself to something niceO)
The daily interaction is kept to a minimum to reele usersO time and effort.

MARY also carries out weekly meetingo review and discuss the usersO progress,
their weekly goal, difficulties encountered, antusions.

The users are also provided withiateractive diary(see Figure 2, left). The diary
allows them to keep track of their progress andare (bronze, silver, or gold
medals), set up action plans and reminders of thkins via email and/or text
messages (e.@Enjoy your walk to the park with the kids this mirag.Q).

Figure 2. Screenshots of the usersO online diary asrMiving feedback

3 Conclusions and Future Work

So far, we have evaluatedaAMy with 25 users who used Ay for at least 4 weeks.
The results were remarkably positive. An improvedrM is being developed based
on the usersO feedback. Notably changes includzmnmendation engine that
converts calories to personalised food items, clamation of negative feedback, and
visualisation of step count as personalised roukks. new version of Mary will be
evaluated using the MRC framework for evaluatinmptex intervention [8].
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Abstract. We have developed a dashboard application calledC8onect” for
integrating social data from different social networksites (e.g. Facebook,
Twitter), which allows users to create personalizedasaad semantic contexts
for their social data. Users can blend their friends sxcrdifferent social
networking sites and group them in different ways. Thay also rate friends
and/or their activities as favourite, neutral or digikMachine learning can be
usefully applied in predicting the interest level skts in their social network
activities, thus helping them deal with cognitiweedoad.

1 Introduction

Social Networking Sites (SNSs) have changed hovpleecommunicate: nowadays,
people spend more time on SNSs than ever, andrg@fiemunication via SNSs over
emails. Current SNSs have the limitation of poomr uka interoperability [1]. User
content, online activities, and friends are scatteover different places. It becomes
increasingly inconvenient for users to manage thedial data and constantly check
many sites to keep track of all recent updates.plemay also keep different
accounts on the same SNS in order to protect fhdracy or other purposes. In
addition, users are often overwhelmed by the hugeuat of social data, especially
friends’ activities. There have been many attempts cteate social network
aggregators that integrate a user’s accounts oiereiift SNSs. Based on their
platforms, social aggregators can be classifiedetsbased and desktop applications.
In web-based aggregators, users need to registecrate a new account for the
aggregator, and provide their SNSs accounts infoom#o the aggregator. In desktop
aggregators, which have been emerging on mobildophas recently, users do not
need to create an account. Based on their fun¢témtsal aggregators can be divided
into three groups: write-only, read-only, and wated read. Write-only and read-only
aggregators usually are lightweight and web-ba$éey allow users to publish the
same status update to multiple SNSs. However, thpgkcations do not allow users
to blend or group their friends from different ptac therefore the updates appear
scattered, out of context.

In contrast, we take a read-only desktop-basedoagprfor integrating the
user’s social data on different SNSs, and thawallosers to organize and to create
personalized contexts for their social data. We alsovige personalized
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recommendation of friends’ activities from differe®iNSs. While many SNSs deploy
algorithms based on the analysis of social netwsirkcture to recommend new
friends to the user, there haven't been many appesato recommend contents on
SNSs. One such approach is SONARS, which combiesslts from collaborative
filtering and content-based recommendation [2]. Atfevidesktop client application
called TalkingPuffin (talkingpuffin.org) allows useto remove “noise” (uninteresting
updates) by manually muting users, retweets fromcipeusers or certain
applications. Our approach provides content-basedmenendations by applying
machine learning techniques on previous rated bysier social activities.

2 SocConnect Dashboard

The SocConnect dashboard [3] is a client applicatiommunicating with a server
that processes the data and generates recommendatiogisieves the information
about the user’s friends and their activities @stme) using the APIs of different
SNSs. SocConnect provides three functional categionnanaging friends, rating
friends and activities, and recommendation of dtdis.

The first functional category, managing friends teims two functions:
blending friendsand grouping friend. Blending friends allows the user to merge the
different accounts of a given friend across two oren8NSs, and to create a single
blended friend account for this friend in the damsdro. The second function is to
group friends. Users can put their friends, botdividual SNS accounts and
integrated accounts into named groups. This funcilows users to express the
context and semantics of friendships, which could the shared characteristics,
interests or activities between friends. The sedondtional categoryrating friends
and activities allows users to rate friends or friends’ activiteessfavourite or disliked.
The favourite activities are bookmarked, and bésited easily.

The third functional categorypersonal recommendationautomatically
provides recommendation of activities that may lergsting based on the previous
ratings and the information about friend groupscohtent-based approach is used to
predict possible favourite or disliked activitieg the user. The activities that were
rated by the user in the past are fed to machemileg algorithm which is trained to
predict the level of liking that the user may ha¥en incoming activity. Both textual
(vector space) and non-textual features of theviie§ are used for learning to predict
which activities will be found interesting by theas. The following non-textual are
used: the actor (the friend who originated thevitg)i, the actor type (if the friend is
marked as favourite, or disliked), the activity éyfupload photo album, share link,
upload a photo, upload a video, status update,cgtipn use, reply, retweet), the
SNS that is the source of the activity (TwitterFafcebook), the application that is the
source of the activity (e.g. Farmville or ForSgQamnd user rating of the activity.
Based on these features the machine learning digoig trained to predict the level
of liking of future incoming activities, which arelassified into 5 possible levels
varying fromstrong disliketo strong like The incoming activities in the combined
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stream of the integrated SNSs is displayed in atathighlights the recommended
activities (see [3] for details).

We experimented with four different machine learnahgorithms in WEKA to
see which one will generate the best predictionss@&tagorithms (methods) were:
Decision Tree, Radial Basis Function (RBF), Naivay&ian Network and SVM
(Support Vector Machine). We compared also thdityuaf recommendations using
only textual data, only non-textual data and a cowutidn of both textual and non-
textual data. We found that when using only nondaektfeatures, although the
performance difference among the algorithms is ngnificant, support vector
machine (SVM) provides the best performance, arabiitectly classifies 69.9% of
instances in the testing data. Using only the tdXegtures, the performance is not
very good (72% for BayesNet, 75% for SVM, 77% foed®ion Tree, and 84.5 for
RBF). Combining textual and non-textual featureddgehe best performance overall
(75% for BayesNet, 80% for SVM and Decision Tre&,480 for RBF). Therefore,
even though more computationally expensive, udiegéxt features is worthwhile.

3 Conclusions and Future Work

We have created a novel desktop based SNSs irtegcatled “SocConnect”. It
allows users to blend their friends across diffei@NSs, to group them and to rate
their friends and activities. This integrator isedsas a platform for generating
personalized recommendations of activities for uker, to help users deal with the
information overload. We have investigated différemachine learning methods to
learn about implicit user preferences and genguegdictions and found one, RBF
that looks particularly promising. In our future tkove will explore more deeply the
importance of different features of SNS activitidge will conduct user studies with
the SocConnect prototype to test its usability. Wikt also work on expanding its
functionality to “read and write” rather than justad”.
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